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Simulation of solidarity in a resource sharing situation
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Abstract. In this paper we present a first attempt to represent social behavior of
actors in a resource sharing context in such a way that different forms of
solidarity can be detected and measured. We expect that constructing agentbased models of water-related interactions at the interface of urban and rural
areas, and running social simulations to study the occurrence and consequences
of solidary behavior will produce insights that may eventually contribute to
water and land resource management practice. We propose a typology for
solidary behavior, present the agent-based architecture that we are using, show
some illustrative results, and formulate some questions that will guide our
future work.
Keywords: agent-based model; social simulation; solidarity; typology; values.

1 Introduction
Is it conceivable that a farmer voluntarily gives up irrigation to improve the surface
water quality in the city downstream? Or agrees to let his fields be inundated to
reduce flood damage in urban areas? And will upstream city dwellers of their own
accord invest in a separate system of rain water retention to avoid sewer overflows?
Intrigued by these and other questions concerning water-dependent individuals who
live at the interfaces between urban and rural areas, we have started to explore the
issue of solidarity around water sharing and maintenance of water resources during an
interdisciplinary workshop in January 2007 in Montpellier 1 . The participating
researchers brought a variety of case studies in very different geographical and
political contexts to the table, and a variety of definitions of solidarity as well.
To sort out this diversity of situations of water-related interactions in which some
form of solidarity becomes apparent or is called for, we decided to develop a
decontextualised simulation model of solidarity with agents seeking to uphold various
1

This workshop benefited from the participation of Géraldine Abrami, Olivier Barreteau,
Bettina Blümling Pieter Bots, Catherine Carré, Flavie Cernesson, Raphaële Ducrot, Katrin
Erdlenbruch, Patrice Garin, Patrick Le Goulven, and Cathy Werey. We wish to thank them
for numerous contributions to the discussion, some of which provided inspiration for this
paper. However, only the authors are responsible for the views and ideas put forward in this
paper.
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values, living in either an urban area or a rural area, and sharing a resource. The
purpose of these models is to allow analysis how different types of solidarity (can)
play a role in the dynamics of a system that comprises an urban area and a rural area
linked by a shared resource. This analysis is expected to provide useful feedback to
the initial interdisciplinary group, allowing the researchers to focus on common
questions regarding solidarity about water, questions that need to be answered not
only to improve water resource management, but also to strengthen the social
cohesion of territories.
This paper presents the first stage of this work: a sketch of an urban perspective
and a rural perspective on the role and use of land and water resources, a
categorization of different types of solidarity, the So-Si-So modeling platform that we
are developing to represent and analyze behavioral patterns of solidarity, and an
embryonic version of Solid’Eau, a simulation model that eventually should allow us
to study the social behavior of agents located in a system around a shared water
resource. The first results obtained with this model show that the So-Si-So model
architecture indeed allows identifying and measuring different types of solidarity, and
lead to several questions that will guide our future work in this area.

2 Solidarity at the Interface between Urban and Rural Areas
The social phenomena that we are interested in spring from the tension between two
opposing perspectives on water issues: an urban perspective and a rural perspective.
At a first glance, this tension leads to attempts from one group to impose constraints
on, or get compensations from, the other group. Looking more closely, a variety of
more specific and refined stakeholder perceptions can be distinguished within each
perspective. Moreover, at the level of individuals, the boundary between an urban
community and a rural community is not so clear as it is sometimes claimed: there is
always a peri-urban area where individuals are difficult to categorize as urban or
rural, individuals migrate at various speeds from urban areas to rural areas and vice
versa, and they are linked to both types of areas in intricate ways. To emphasize
interdependency and the potential for conflict, however, the two perspectives are
characterized as follows:
Urban perspective:
‚ Cities are the centers of modern human society. Their complex social structure is
essential for technological, economic and cultural development.
‚ Water is a necessity of life. Citizens are entitled to adequate drinking water supply
and sanitation.
‚ Rural areas are indispensable for food production, but large scale agriculture
reduces the ecological and recreational value of the landscape.
‚ Rivers are a drinking water supply as well as a discharge channel for rainwater and
wastewater, but also a potential threat that needs to be contained by adequate flood
prevention measures.
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‚ The natural water system has a high capacity for regeneration, but balances are
threatened by the extraction of irrigation water and heavy use of fertilizers and
pesticides in agricultural production.
Rural perspective:
‚ Not only historically, but also today, the modern, human society has its roots in
small agricultural communities. Without agriculture no food, and without food no
cities.
‚ Water supports natural vegetation and wildlife as well as agriculture and human
life. The traditional rural life style is in harmony with nature and uses water
resources in a sustainable way.
‚ The growth in population, which is strongest in urban areas, puts greater demands
on agricultural production as well as on facilities for recreation.
‚ Urbanization creates a new hydrological environment (buildings and roads replace
vegetation and soil, sewers replace stream channels), reducing infiltration and
groundwater recharge while increasing runoff and the probability of flooding.
‚ Urban areas produce high volumes of faeces and other organic waste, heavy
metals, and mineral oil products. Although sewage systems and wastewater
treatment plants mitigate emission to surface water, high peak discharges generate
sewer overflows. Also, industrial and household consumption of electricity causes
thermal pollution that threatens aquatic wildlife.
These outlines of the urban and rural perspectives clearly show a number of
interdependencies and tensions that underlie many water resource management issues.
However, these interdependencies and tensions may not be obvious at the stakeholder
level. Any attempt to cope with undesirable impacts from one perspective is likely to
generate unexpected feedbacks on other aspects of the other perspective. For example,
if an urban group succeeds in imposing constraints on rural water use for agriculture,
this will impact on landscapes which are valuable for residents of urban areas.
Given these more or less straightforward physical interdependencies, we want to
question whether any social link between both parties exists or can be created or
reinforced that could manage these physical interdependencies. Institutions in the
sense of Ostrom (1990) may exist that already provide or could establish this social
link. But what we are presently even more interested in are loose forms of interaction
such as solidarity.
Our work is based in the assumption that raising awareness of physical
interdependencies and social links is a way towards a management of the resource
better for the whole system. In this perspective, we think that models are effective
tools to reveal and make explicit those situations where the heterogeneity within each
group, and the existing relations at the individual level between persons associated
with one group or the other is providing opportunities (1) to find institutions to
manage the interdependencies, and (2) to find synergies among various perspectives.
Meanwhile, we see our modeling work also as a means to achieve a better
formalization of solidarity situations and of the solidarity concept itself. This paper
reports our progress in this formalization to date.
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3 Categories of Solidarity
The capacity to resolve the tensions as water resources become scarce is largely
determined by the willingness of stakeholders to share. It is at this point that the
concept of solidarity becomes interesting. Solidarity is a loose form of social binding
characterized by latent reciprocity: the interdependencies need not be explicitly
known or understood by those involved. Solidarity is a feeling, rather than a
calculated attitude.
On the individual level, solidarity can be defined as “a sense of community
between persons who, despite their differences, believe to have the same objective(s)
that one has achieved more than the other, from which rises the voluntary obligation
to support the other, coupled with the entitlement to support from the other should the
situation be reversed” (Hondrich & Koch-Arzberger 1992, p. 14-15). Segall (2005)
sees solidarity as a relation between the individual and the collective: “[Social
solidarity] comprises the following phenomena:
‚ Integration – Identification on the part of the individual with the goals and features
of the collective (Miller, 1999, p. 26);
‚ Commitment to the common good – Willingness to forgo self-interest for the sake
of the common good (Mason, 1998);
‚ Empathy – concern for the wellbeing of other members who are less well off than
oneself (Cohen and Arato, 1992, p. 472; Mason, 1998);
‚ Trust – the willingness to suspend suspicion of others, at least until receipt of
evidence to the contrary (Misztal, 1996, p. 209; Seligman, 1997, p. 94; Warren,
1999, p. 330).” (Segall 2005, p. 362, the references are his).
Thus, solidarity may be a relation between two individuals or a relation between an
individual and the collective that the individual is part of. When considering the
(potential) solidarity between urban and rural areas, both relations need to be
examined.
In this paper, we focus on solidarity at the individual level, where solidarity
involves a voluntary action of person A in support of another person B where A by
performing this action knowingly incurs a cost to himself. The definition by Hondrich
and Koch-Arzberger is quite precise with regard to the mechanism that leads to
solidary action: The sense of community that leads A to support B stems from A’s
belief that A and B share certain values and objectives. When A furthermore believes
to have achieved these objectives more than B, A experiences a voluntary obligation
to support B, coupled with the implicit entitlement to support from B should the
situation be reversed. This precision allows us to distinguish the following categories
of solidary behavior:
‚ The action of A is an act of altruism, rather than one of solidarity, when it is
motivated solely by the belief that this action will contribute to the realization of
B’s objectives (absence of the shared objectives aspect). Example: A is wealthy
and donates, for no particular reason other than to do good, to a charity
organization that funds B to recover from flood damage.
‚ The action of A is an act of ‘heartfelt solidarity’ when it is motivated by the sense
of community due to A’s belief that B shares some of his own objectives. Example:
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‚

‚

‚

‚

Village A does not lie in a flood-prone area and its inhabitants nonetheless
contribute to a flood damage compensation fund for village B because they believe
that those who live in village B aim, just like they do, to preserve their
characteristic houses as part of their cultural heritage.
The action of A is and act of ‘opportune solidarity’ when A and B have the same
objective and A values this objective even more than B (dominance of selfinterest). Example: Some inhabitants of A contribute to the flood damage
compensation fund for village B because they value its cultural heritage even more
than the inhabitants of B.
An action of A is an act of ‘calculated solidarity’ when A takes this action
motivated by his expectation of possible future benefits should he find himself in a
situation similar to B (absence of the latent reciprocity aspect). Example: Village A
and B are both situated in a flood-prone area and their inhabitants choose to
contribute to the flood damage compensation fund because that will cover their
own flood risk.
The action of A is an act of ‘self-interested solidarity’ when A’s actual motivation
to support B does not stem from B’s objectives, but from A’s own, different
objectives. Example: Village A does not lie in a flood-prone area and yet some of
its inhabitants contribute to the flood damage compensation fund for village B, but
they do so merely to increase the fidelity of their customers living in the floodprone village B.
An action of A is an act of ‘imposed solidarity’ when A takes this action as a result
of some contract or social rule (absence of the voluntary aspect of the action).
Example: The people in villages A an B all pay a national income-based tax, the
revenues of which are used to compensate people who incur flood damage.

These definitions of solidarity provide categories for individual behavioral
patterns. In the present stage of our research, we focus on these patterns to study the
conditions that lead to different forms of solidarity, and the effect on a group level. In
a later stage, we will also consider group solidarity, that is, the degree to which
individuals in a group comply with corporate rules in the absence of compensation
(Hechter, 1987, p. 39).

4
So-Si-So: A modelling Platform to Analyse Solidarity in
Behavioural Patterns
In this section we describe the modelling platform called So-Si-So (Social Simulation
of Solidarity) that we have developed to study the simulated behaviour of cognitive
agents, situated in physical spaces, and interacting in social spaces.
To be able to distinguish between the different types of solidarity defined in the
previous section, the observer must have access to the mental state (beliefs,
motivations) of both A and B. Our agent-based models should therefore allow
inspection of the motives for agents to take action. The design of So-Si-So agents
should otherwise be as simple as possible. This led us to the following choices:
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‚ Agents derive their ultimate motivation for action from values, which they seek to
uphold. Some values are intrinsically individualistic (e.g., one’s own survival),
other values are intrinsically collective (e.g., peace).
‚ Agents have concerns that define relations between their values and indicators that
give them insights on aspects of the physical spaces and/or the social spaces that
they have access to.
‚ Agents acquire factual beliefs about these indicators through their sensors. Being
actor-bound, sensors are subjective: different agents may construct different factual
beliefs about the same situation.
‚ Agents become privately concerned when, according to their factual beliefs, one or
more of these aspects appear to be in bad shape.
‚ Agents may also become socially concerned, that is, consider the concerns of other
agents situated in their social space(s). Agents will become socially concerned only
if they have some inclination towards altruism.
‚ To address concerns (their own and/or those of other agents), agents evaluate their
causal beliefs, looking for actions that they expect to ameliorate the aspects of their
environment about which they are concerned.
‚ For each of their ‘active’ concerns, agents choose the action (insofar available) that
seems best to them.
This agent design permits the modeller to trace for each action taken the values that
motivated the agent to perform this action, and therefore also to detect solidary
actions (actions that address the concerns of others) and distinguish between different
types of solidarity. To demonstrate this, we must define more precisely the way in
which So-Si-So agents come to act:
‚ An agent is represented as an 12-tuple a = (Val, Con, Sen, Bfact, m, g, Cp, Cs,
Cw, Bcaus, budget, Soc) where Val is a set of values, Con a set of potential
concerns, Sen a set of sensors, Bfact the set of factual beliefs, m the agent’s
memory depth (represented as a non-negative integer value), g the agent’s
inclination towards altruism (represented on the interval [0, 1]), Cp, Cs and Cw
sets of, respectively, private, social, and weighted concerns, Bcaus a set causal
beliefs, budget the agent’s financial resources (represented as a non-negative real
value), and Soc the set of social spaces that a is part of.
‚ A value is represented as a 3-tuple (idea, type, importance), where idea
expresses something that the agent holds dear, for example: ‘survival’, ‘wealth’ or
‘environment’. The value type is either IND (for individualistic) or COL (for
collective). When an agent has multiple values, their relative importance can be
represented on the interval of (0, 1].
‚ A potential concern is represented as a 3-tuple (indicator, value, intensity)
that expresses the subjective relation that the agent sees between some aspect of
the world and what the agent holds dear. When an agent considers multiple
indicators to be related to the same value (for example, both quality and quantity of
the water resource relate to the value ‘ecology’), the relative intensity of their
relations with this value can be represented on the (0, 1] interval.
‚ A factual belief is represented as a 3-tuple (tick, indicator, judgement) that
expresses how the agent perceives some aspect of its environment at a particular
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tick (time step as counted by the model’s clock) in the simulation. An agent’s
factual belief list cannot contain beliefs older than the agent’s memory depth. New
factual beliefs are added to the agent’s factual belief list by the agent’s sensors,
where a sensor typically compares one or several variables in the agent’s
environment with pre-defined threshold values, and produces a judgement on some
scale. In our experiments, we used this scale: AWFUL=-1, BAD=-0.5,
NEUTRAL=0, GOOD=+0.5, GREAT=+1, but other scales can be defined, as
long as they map onto the same interval of [-1, 1].
‚ The three lists of actual concerns (private, social, and weighted, respectively)
contain 2-tuples (concern, state) that express for the current time step the
degree (represented by the numeric field state) to which the agent is actually
concerned about certain aspects. For example, when in time step 25 an agent has a
factual belief (25, ‘water quantity’, BAD), and the potential concern c =
(‘water quantity’, ‘ecology’, 1), its private concern will be pc = (c, -0.5).
Private concerns are created from the agent’s own potential concerns, social
concerns are created from other agents’ potential concerns. The set of weighted
concerns contains the weighted average of an agent’s private and social concerns.
It is this set of actual concerns that the agent used for taking decisions.
‚ A causal belief is a 3-tuple (action, effects, cost) that expresses the relation that
the agent sees between an action, its effects on one or more indicators, and the
costs involved. For example, the causal belief (‘SELF:produce’, {(‘water
quality’, BAD), (‘income’, GOOD)}, 50) represents that the agent believes
that its own action ‘produce’ affects two indicators and will require 50 of the
agent’s budget units. The list of causal beliefs may be incomplete (thus
representing what an agent conceives as possible) and even incorrect (agents may
wrongly estimate effectiveness and/or cost). Agents may also have causal beliefs
about actions that can be taken by other agents.
‚ An action represents what agents can do. The actual consequences of actions are
calculated by the physical space entities and/or social space entities that the agent
has access to.
Physical spaces, social spaces and their autonomous evolution (i.e., state changes
that are not the immediate result of actions of agents) are defined by the modeller (see
the example in section 5). Once physical spaces, social spaces and agents have been
initialised, a So-Si-So model iterates through this cycle:
1. The agents get the opportunity to act. In the experiments reported in this paper, this
happens in a fixed sequence: the order in which the agents were created.
2. The social spaces coordinate collective actions. Collective actions are actions that
require more than one agent to be effective, so agents can only ‘announce’ their
intention to perform such an action in a social space. When all agents have had the
opportunity to act, each social space checks whether the conditions for successful
collective action as specified by the modeller (e.g., at least five agents are needed
for this action to be effective) are met, and only if that is the case will the
consequences of the action be effectuated as changes in the state of certain physical
and/or social spaces. In the experiments reported in this paper, this feature has not
been used.
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3. The physical spaces evolve. Although the immediate consequences of agent actions
have all been effectuated, the state of the physical spaces may still change
autonomously.
4. The agents evolve. Similar to physical spaces, certain attributes of agents may also
change as a function of time, independently of agent actions.
5. The model advances to the next time step: Clock.tick = Clock.tick + 1
A So-Si-So agent a comes to act by in a sequence of steps:
1. Forget. Agent a removes all factual beliefs fb from a.Bfact for which
(Clock.tick – fb.tick) > a.m.
2. Perceive. Agent a activates each of its sensors; each sensor in a.Sens may add to
a.Bfact a new factual belief about the state of a’s environment.
3. Appraise. Agent a checks to see whether its factual beliefs activate one or more of
its potential concerns: for each factual belief fb in a.Bfact the agent checks
whether it has a potential concern c in a.Con with c.indicator = fb.indicator; if
that is the case, the agent checks to see whether it already has a private concern pc
with pc.concern = c; if not, such a private concern pc is created (with pc.state
initialised to 0) and added to the agent’s set of private concerns; the state of the
(new) private concern pc is then updated as follows:
pc.state = pc.state + c.intensity*c.value.importance*fb.judgement
4. Survey socially. The agent a considers the concerns of those agents with which it
has a social relation: let n be the sum, for each social space ss in a.Soc, of the
number of other agents that are also part of ss; then for each social space ss in
a.Soc, the agent a checks for each other agent b in ss whether it has one or more
weighted concerns wc in b.Cw with wc.state < 0 and wc.concern.value.type
= COL. For each such wc, agent a checks to see whether it already has a social
concern sc with sc.concern = wc.concern; if not, such a social concern sc is
created (with sc.state initialised to 0) and added to a.Soc; the state of agent a’s
(new) social concern sc is then updated as follows:
a.sc.state = a.sc.state + b.wc.state / n
The division by n makes that the scale for the state attributes of the agent’s
private concerns and its social concerns is the same. Note, however, that if some
other agent is part of more than one of the agent’s social spaces, its concerns will
be considered several times. We see this as appropriate, as it reflects that in reality
those other agents with multiple relations will also have more influence on the
agent.
5. Weigh up private and social concerns. Agent a’s parameter g is used when the
agent merges its private and social concerns into its set of weighted concerns Cw:
starting with an empty set, the agent first adds for each of its private concerns pc a
new weighted concern wc with wc.state = pc.state*(1-g); then for each of its
social concerns sc, the agent checks to see whether it already has a weighted
concern wc with wc.concern = sc.concern; if not, a new weighted concern wc is
added with wc.state initialised to sc.state*g; otherwise, the state of the existing
weighted concern wc is updated as follows:
wc.state = wc.state + sc.state*g
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6. Deliberate. For each of its weighted concerns wc (in order of increasing state, so
as to deal with the worst problem first) agent a checks its causal beliefs looking for
actions that are believed to alleviate this concern. More precisely: the agent selects
those causal beliefs b with b.effects containing a 2-tuple e = (indicator,
impact) with e.indicator = wc.concern.indicator and e.impact > 0 (i.e.,
GOOD or GREAT). Agent a then selects the action that is still affordable (b.cost
~ a.budget) and has the highest utility (taking into account its consequences for
its other concerns), adds it to its action list, and computes its remaining budget.
The utility u of an action is calculated as follows: starting with an initial value u =
0, the agent checks for each of the action’s effects e = (indicator, impact)
whether it has one or more weighted concerns wc with wc.indicator =
e.indicator and wc.state < 0, and for each such concern u = u –
e.impact*wc.state. This reflects that a only considers the indicators a is
concerned about (ignoring all other indicators), and will favour those with a
(strong) positive effect on indicators whose state is (very) negative.
7. Act: the agent performs the actions on its action list. Note that the actual
consequences of each action for the agent’s own attributes (notably a.budget) as
defined by the modeller may differ form the anticipated consequences, that is, the
effects according to the agent’s causal beliefs.
This architecture makes it possible to detect different types of solidarity because it
allows scrutinizing an agent’s motivation for taking certain actions.
The basic characteristic of an act of solidarity action is that agent a takes this
action to support agent b, and that a makes some kind of sacrifice by doing so. In the
So-Si-So architecture, agents are aware of the concerns of other agents, but on an
aggregate level only. Where a’s private concerns a.Cp are its own and therefore
individual, a’s social concerns a.Cs are a ‘weighted union’ of the weighted concerns
of a set of other agents. Thus, the ‘other agent’ b in our definitions of solidarity is the
aggregate of all agents in a’s social spaces, rather than an individual agent.
The terms ‘support’ and ‘sacrifice’ both entail a concept of utility: an action of a
supports b when it produces positive utility for b, and it constitutes a sacrifice for a if
it produces negative utility for a. By the same type of reasoning, a supports b by not
taking an action that would produce negative utility for b, even though it would
produce positive utility for a. The foregone utility for a then constitutes a’s sacrifice.
While deliberating, agent a constructs an action list, selecting (insofar as a’s
budget permits) for each of its weighted concerns a.Cw the action with the highest
utility. To see whether a makes a sacrifice, a second action list is constructed
according to the same procedure but now based on a’s private concerns a.Cp. The
former (from now on called the ‘weighted action list’ of a) represents what a does, the
latter (a’s ‘private action list’) represents what a would have done if b had not existed.
Likewise, a’s ‘social action list’ is constructed on the basis of a’s social concerns
a.Cs.
Using these three action lists, we can now define the following types of utility:
‚ Being based on a’s weighted concerns, the utility of an action x on a’s weighted
action list is called the ‘weighted utility’ of action x. The ‘private utility’ and the
‘social utility’ of x are defined likewise.
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‚ Usoc cumulates the social utility of actions in a’s weighted action list that are not
in a’s private action list PLUS for those actions x that are in both lists the ‘social
utility surplus’ defined as the difference (if positive) of social utility of x – private
utility of x.
‚ Uneg cumulates the negative private utility of actions in a’s weighted action list.
Having a negative private utility, such actions will not be in a’s private action list.
‚ Uasoc cumulates the negative social utility for actions in a’s weighted action list.
When an action x has a social utility < 0 and yet occurs in the weighted action list,
it must be motivated by private concerns only, hence Uasoc, which stands for
‘anti-social utility’.
‚ Uopp cumulates for actions in a’s weighted action list that are also in a’s private
action list (but only those driven by the same concern, with the state of a’s private
concern being worse than the state of a’s social concern) the ‘private utility
surplus’ defined as the difference (if positive) of private utility of x – social utility
of x.
‚ Uself cumulates the private utility surplus for the remaining (i.e., not used for
Uopp) actions in a’s weighted action list that are also in a’s private action list.
‚ Uforegone cumulates the private utility of actions in a’s private action list that are
not in a’s weighted action list. Motivated by social concerns, a decided not to take
these actions, hence the term ‘forgone utility’.
As shown in Table 1, these different types of utility allow us to detect and measure
four of the six types identified in section 3.
Table 1. Operationalisation of different types of solidarity
Type of solidarity

Detection/measure

altruism
heartfelt solidarity

Usoc + Uneg + Uforegone
The distinction between altruism and heartfelt solidarity can be
made in step 4 (survey socially). Altruistic actions are precluded
by making agent a consider only those social concerns that are
related to a value that also occurs in a.Val. As the present
Solid’eau model includes only one collective value, the
difference cannot occur.
Uopp
Uself
Not represented in So-Si-So models, as in the present
architecture agents cannot anticipate on other agent’s actions
and therefore not foresee reciprocity.
Not represented in So-Si-So models, as presently agents are
driven only by their own values. This will change once we have
extended the architecture with social norms.

opportune solidarity
self-interested solidarity
calculated solidarity

imposed solidarity

In view of the categories of solidarity we want to test, we did not need to make
agents foresighted with respect to expected social behavioural patterns. Agents are
myopic and act only upon their knowledge of consequences of potential actions they
might perform on their own concerns or on concerns of others. They do not take into
account any belief or expectation regarding others’ actions like in Conte and Paolucci
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(2002) or in Dittrich et al. (2003). As noted in Table 1, such sophistication will be
needed to detect calculated solidarity.
Agents in So-Si-So compute their perceptions according to their values only, their
concerns according to their actual perceptions (and some of their previous
perceptions, since agents can keep their factual beliefs for memory depth time steps),
and their actions according to their causal beliefs based on actions. Figure 1 below is
expanding the Perception-Deliberation-Action cycle from Jacques Ferber (1999) as it
is activated in So-Si-So agents. If more cognitive agents are required, the deliberation
stage might be more refined, for example through the identification and choice of
actions, taking into account more than causal beliefs only.
Deliberation

concerns are
evaluated

for each concern
with negative status,
possible actions are
explored according to
causal beliefs

list of actions
is determined

Action

Perception
sensors are activated and
provide information on the
state of the world

state changes

consequences of actions
are effectuated in social
and physical spaces

Fig. 1. Extension of Ferber's Perception-Deliberation-Action cycle in So-Si-So

5 A simple Test Model
We tested So-Si-So with what we see as an embryonic version of Solid’eau: a simple
decontextualised model of a set of individuals, equipped with the previously
described cognitive capacities, located in an urban or a rural area, in which they have
a productive activity using units of a shared resource. To facilitate analysis, we use
no stochastic parameters. The two areas (modelled as physical spaces) are linked by a
water resource. This resource is localized, with a flow from an upstream space to a
downstream one, depending on resource availability in the upstream space. As it is the
most frequent case, we assume that the rural physical space is located upstream. The
connection between the two spaces is described by the two following rules:
‚ a constant ratio of resource level, l, disappears from upstream space and flows in
downstream space,
‚ if the resource availability in the upstream space after resource renewal exceeds its
maximum capacity, the surplus flows to the downstream part.
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The resource in the upstream physical space renews at a fixed rate relative to its
maximum capacity.
Agents are localised in either one of the physical spaces. The population is then
described by the total number, N, and the ratio in urban area, . Urban agents and a
part of rural agents (those who have social ties in the urban area) share a social space.
Agents are described by their localisation, the weight g they attach to social
concerns, and their thresholds to determine how they assess the information received
from their sensors. All agents are driven by three values: (‘survival’, IND, 1),
(‘environment’, COL, 0.33) and (‘wealth’, IND, 0.33), the numbers indicating
relative importance, with potential concerns (‘subsistence’, ‘survival’, 1),
(‘budget’, ‘wealth’, 1) and (‘resource’, ‘environment’, 1).
Possible actions of agents are production at level 0, 1, 2, or 3, where production at
level 0 means: do not produce. Production in a rural area consumes ヾr*level units of
resource and generates r*level units of budget, respectively ヾu*level and u*level
in urban areas. Agents also incur production costs of i*level, the base production cost
i being equal for urban and rural areas.
All agents have the same causal beliefs:
‚ (‘produce.0’, {(‘subsistence’, AWFUL), (‘resource’, GOOD)}, 0)
‚ (‘produce.1’, {(‘subsistence’, GOOD), (‘budget’, GOOD)}, i)

‚ (‘produce.2’, {(‘subsistence’,GREAT), (‘budget’,GOOD), (‘resource’,BAD)}, 2*i)

‚ (‘produce.3’, {(‘subsistence’,GREAT), (‘budget’,GREAT), (‘resource’,AWFUL)}, 3*i)

At each tick, all agents spend the same fixed amount of budget for their cost of
living, .
Table 2. Parameter setting of the Solid’eau model
Parameter

Value

l, flow rate
, resource renewal per tick
SmaxR, maximum resource level in rural area
SmaxU, maximum resource level in urban area
N, total population
, fraction of urban population
ヾr, production factor in rural area
ヾu, production factor in urban area
r, production yield in rural area
u, production yield in urban area
, cost of living
g, altruism
, initial value of agent budget
, base production cost
SB, budget threshold below which sensor yields (‘subsistence’, BAD)
SA, budget threshold below which sensor yields (‘survival’, AWFUL)
BB, budget growth threshold below which sensor yields (‘budget’, BAD)
BA, budget growth threshold below which sensor yields (‘budget’, AWFUL)
RB, resource threshold below which sensor yields (‘resource’, BAD)
RA, resource threshold below which sensor yields (‘resource’, AWFUL)
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0.2
0.2
100
100
30
0.7
3
2
200
250
50
0.4
250
50
250
175
0.2
0.1
60
42

The order in which agents can act (and therefore co-determines their actual
resource use, given a chosen production level) is fixed for each physical space. All
agents have sensors that generate factual beliefs fb = (indicator, judgement) for
the indicators ‘resource’ (to assess the resource availability in the physical area where
the agent produces), ‘subsistence’ (to assess whether the agent’s budget is sufficient
to cover its cost of living), and ‘budget’ (to assess whether the agent’s budget is on
average increasing, with a desired percentage per year. These sensors return
judgements based on threshold values. In the model we have used so far, all agents to
have the same thresholds for the same concern, but these threshold values may be
individualised. Table 2 shows the threshold values used, as well as all other parameter
values for the model used in the simulations referred to in the next section.

6 Simulation Results
Even though this work is still ongoing, we have been able to verify that the So-Si-So
model architecture permits identification and measurement of the various categories
and subcategories of solidarity, even with a model with but few options in terms of
values and the structure of social spaces. The model’s outcomes have been verified
through code proofreading and comparison of outcomes with expectations.
Figure 2 and 3 show two scenarios, the only difference being that in the second
scenario some of the rural agents do not share the urban-rural social space. As the aim
of this paper is to propose a categorisation for solidary behaviour and ways to
measure it, the model results are illustrations that hold little surprises. In both
scenarios, stimulated by their desire for wealth (a budget increase of at least 10% and
preferably 20% or more of their initial budget each time step), the agents who can use
the resource first produce at high levels, while those who then see the resource
dwindle become concerned about it and produce less. Around tick 30, the least
fortunate agents start to produce merely to survive (this causes the high peaks of selfinterested utility: production serves both survival and wealth). As more agents
become very concerned about the resource, agents who share their social space start
foregoing high production (this causes the peaks of foregone utility that first appear
around tick 40) and by consequence fall back in wealth. Looking at both the resource
level plot and the budget units graph in Fig. 2, it can be seen that gradually more rural
agents forego production even when their resource (upstream) would permit it.
As was expected, the first scenario shows more solidary behaviour. In the second
scenario, a resource crisis occurs between tick 110 and 125, when more than half of
the urban agents run out of budget. In the model used, this makes them become
inactive, which represents that the inhabitants leave the region, or—worse—starve.
Inactive agents are ignored, so their concerns no longer influence the deliberation of
other agents. As a result, the three rural agents who were sensitive to the urban
agents’ concerns feel less need for solidarity pick up their production.
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Fig 2. Scenario in which all agents are part of one and the same social space

The steady alternation in Fig. 3 between production at level 0 and level 1 shown by
the six rural agents without a social space reflects their own concern with the resource
only; they are the last to access the rural resource, and their budget drops only when
the three rural agents who do share a social space with the other agents pick up their
production.
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Fig 3. Same scenario, except that 6 of 9 rural agents have no social ties with the other agents

6 Conclusion and perspectives
With this tentative framework to represent solidarity at an individual level we have
succeeded in identifying and distinguishing solidary actions in a simple virtual world,
and we have paved the way for an evolution towards a more grounded representation
of resources and networks of relations between agents (via social spaces) as well as
between agents and these resources (via physical spaces).
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To achieve this evolution we need to couple this framework with a more structured
description of the virtual world, and to include concepts that will permit
representation and analysis of other forms of solidarity. For example, to represent
imposed solidarity, we will have to include norms.
We aim at incorporating this work in a policy perspective, through the
identification of existing social networks which might serve as driving belt for
solidarity actions and joint preservation of resources across physical spaces.
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Abstract. Reputation is a fundamental instrument of partner selection.
Developed within the domain of electronic auctions, reputation technology is being been imported into other applications, from social networks
to institutional evaluation. Its impact on trust enforcement is uncontroversial and its management is of primary concern for entrepreneurs and
other economic operators.
In the present paper, we will shortly report upon simulation-based studies on the role of reputation as a more tolerant form of social capital
than familiarity networks. Whereas the latter exclude non-trustworthy
partners, reputation is a more inclusive mechanism upon which larger
and more dynamic networks are constructed. After the presentation of
the theory of reputation developed by the authors in the last decade, a
computational system (REPAGE) for forming and exchanging reputation
information will be presented and findings from experimental simulations
recently run on this system will be resumed. Final remarks and ideas for
future works will conclude the paper.
Keywords: Artificial societies, Reputation, Innovation, Social Networks

1

The Problem

In marketplaces, and more generally in social exchange, reputation provides
traders and other users with a fundamental instrument of partner selection.
Developed within the domain of electronic auctions (like eBay, cf. for a survey
[1]), in the last few years reputation technology has been invading other electronic
applications, from social networks to institutional evaluation. Its impact on trust
enforcement is so uncontroversial, that corporate reputation is counted as an
asset, and its management is of primary concern for entrepreneurs and other
economic operators [2]. Nowadays, one can make money by assisting people
in dealing with, managing, and even refreshing their own reputation3 . Such a
⋆
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far-reaching confidence in reputation probably rests on the assumption that it
supports us in the complimentary roles of selecting trustable partners and being
selected as such.
Far from discrediting the view of reputation as a trust enhancement mechanism, we would like to enlarge the boundaries of the phenomenon at stake,
by pointing to another functionality, namely the enlargement and innovation of
social networks.
The rest of the paper will unfold as follows. First, the role of image-based
networks in a world where the boundaries of social and trading networks are
constantly widened will be questioned. Next, drawing upon the social cognitive model presented in [3], a notion of reputation as a special form of social
evaluation will be re-proposed. This notion will be argued to allow for network
innovation: on one hand, reputation allows for social evaluation to circulate
and complement ones personal experience. On the other, it will be argued to
accomplish a most crucial and delicate task, i.e. check and discard misinformation without necessarily discarding the agents responsible for its transmission. In
other words, reputation networks will be shown to be more inclusive than imagenetworks ceteris paribus, and at the same time to help checking the truth-value
of the information circulating in the network.

2

Main Claim and Organization of the Paper

The paper is aimed to discuss the view of reputation in the framework presented
above. It builds upon the state of the art on reputation theory and technology
at the Laboratory of Agent Based Social Simulation (LABSS) of the Institute
of Cognitive Science and Technology (ISTC), within the eRep project4 . The
starting point will be the results from experimental simulations presented in [4],
thanks to the computational system REPAGE, worked out by the authors and
presented in [5].
In [4], experiments were meant to show the value added of reputation as a
mechanism of partner selection. Results show that an artificial market where
agents exchange both image and reputation obtains better results in terms of
production quality than a market were agents exchange their own opinions about
one another. The reason for such a difference lies in retaliation: as will be argued
later on in the present paper, image-based, or familiarity, networks perform more
poorly than reputation networks exactly because they induce retaliation.
In the present paper, we will shortly report upon previous findings in order to put forward a more general hypothesis, which seems to be supported by
our simulations. Reputation allows for a far more tolerant, gross-grained social
selector than image. Hence, whereas shared image forms a selective platform
on which familiarity networks that exclude non-trustworthy partners are constructed, reputation is a rather more inclusive mechanism upon which larger
and more dynamic networks are constructed. Thanks to it,
4

http://megatron.iiia.csic.es/eRep/
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– candidate (non-confirmed) information may circulate allowing the network
to learn new social knowledge,
– the network may innovate, by integrating new partners,
– and put up with errors without discarding the partners that fell prey to
them.
In a few words, reputation appears as a more dynamic form of social capital,
allowing for social networks to be innovated.
The paper is organized as follows: after the synthetic presentation of the
theory of reputation developed by the authors, the REPAGE system will be
presented and the experimental simulation recently run by the authors thanks to
such a system will be resumed. The findings from that study will be rediscussed
in the light of the present hypothesis. Final remarks and ideas for future works
will conclude the paper.

3

A Social Cognitive Model of Reputation

In this section we will report on a social cognitive model of reputation presented
in [3], where
– the difference between image and reputation has been introduced,
– the different roles agents play when evaluating someone and transmitting
this evaluation are analysed,
– the decision processes based upon both image and reputation are examined.
A cognitive process involves symbolic mental representations (such as goals
and beliefs) and is effectuated by means of the mental operations that agents
perform upon these representations (reasoning, decision-making, etc.). A social
cognitive process is a process that involves social beliefs and goals, and that is
effectuated by means of the operations that agents perform upon social beliefs
and goals (e.g., social reasoning). A belief or a goal is social when it mentions another agent and possibly one or more of his or her mental states (for a discussion
of these notions, see [6], [7]).
The social cognitive approach is receiving growing attention within several
subfields of the Sciences of the Artificial, in particular intelligent software agents,
Multi-Agent Systems, and Artificial Societies. Unlike the “theory of mind” (cf.
[8]) approach, this approach aims at modelling and possibly implementing systems acting in a social (whether natural or artificial) environment. The theory
of mind focuses upon one aspect, although an important one, of social agency,
i.e., social beliefs (knowledge agents have about others).
Here, the approach adopted is aimed at modelling the variety of mental
states (including social goals, motivations, obligations) and operations (such as
social reasoning and decision-making) necessary for an intelligent social system
to act in some domain and influence other agents (social learning, influence, and
control).
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3.1

Image and Reputation

The social cognitive model is a dynamic approach that considers reputation
as the output of a social process of transmission of information. The input to
this process is the evaluation that agents directly form about a given agent
during interaction or observation. This evaluation will be called here the social
image of the agent. An agents reputation is argued to be distinct from, although
strictly interrelated with, its image. More precisely, image will be defined as a
set of evaluative beliefs about a given target, while reputation will be defined
as the process and the effect of transmission of image. As an application of this
model, some simple predictions made possible by this conceptualisation will be
presented. Furthermore, the decision to accept image will be compared with
and distinguished from the decision to acknowledge reputation. Image consists
of a set of evaluative beliefs [9] about the characteristics of the target, i.e. it
is an assessment of its positive or negative qualities with regard to a norm, a
competence, and so on.
Reputation is both the process and the effect of transmission of a target’s
image. The image relevant for social reputation may concern a subset of the target’s characteristics, i.e., its willingness to comply with socially accepted norms
and customs. More precisely, reputation is defined to consist of three distinct
but interrelated objects:
– a cognitive representation, or more precisely a believed evaluation;
– a population object, i.e., a propagating believed evaluation;
– an objective emergent property at the agent level, i.e., what the agent is
believed to be.
In fact, reputation is a highly dynamic phenomenon in two distinct senses: it
is subject to change, especially as an effect of corruption, errors, deception, etc.;
and it emerges as an effect of a multi-level bidirectional process. In particular, it
proceeds from the level of individual cognition to the level of social propagation
and from this level back to that of individual cognition again. What is more
interesting, once it gets to the population level, it gives rise to a further property
at the agent level: agents acquire a bad or good name. Reputation is not only
what people think about targets but also what targets are in the eyes of others.
From the very moment agents are targeted by the community, want it or not
and believe it or not, their lives change: reputation becomes the immaterial,
more powerful equivalent of a scarlet letter sewed to their clothes. It is more
powerful because it may not even be perceived by those to whom it sticks,
and consequently it is out of their control. Reputation is an objective social
property that emerges from a propagating cognitive representation, which lacks
an identified source, whereas image always requires that at least one evaluator
to be identified.
3.2

Reputation and Image As Social Evaluations

According to [9], an evaluation is a hybrid representation. An agent has an evaluation when he or she believes that a given entity is good for, or can achieve, a
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given goal. An agent has a social evaluation when his or her belief concerns another agent as a means for achieving this goal. A given social evaluation includes
three sets of agents:
– a nonempty set E of agents who share the evaluation (evaluators)
– a nonempty set T of evaluation targets
– a nonempty set B of beneficiaries, i.e., the agents sharing the goal with regard
to which the elements of T are evaluated.
Often, evaluators and beneficiaries coincide, or at least have nonempty intersection but this is not necessarily the case. A given agent t is a target of a social
evaluation when t is believed to be a good/bad means for a given goal of the set
of agents B, which may include or not the evaluator. (Social) evaluations may
concern physical, mental, and social properties of targets; agents may evaluate
a target as to both its capacity and willingness to achieve a shared goal. In particular, more or less explicitly, social evaluations concern the targets’ willingness
to achieve a goal or interest. Formally, e (with e ∈ E) may evaluate t (where t ∈
T) with regard to a state of the world that is in b ’s (with b ∈ B) interest, but
of which b may not be aware.
The interest/goal with regard to which t is evaluated may be a distributed
or collective advantage. It is an advantage for the individual members who are
included in the set B, or it may favour a supra individual entity, which results
from interactions among the members of B (for example, if B’s members form a
team).
It is very easy to find social examples where the three sets coincide: universal
norms, such as ”Don’t commit murder,” apply to, benefit, and get evaluated
from the whole universe of agents.
There are situations in which beneficiaries, targets, and evaluators are separated, for example, when norms safeguard the interests of a subset of the population. Consider the quality of TV programs during the children’s timeshare. Here,
we can find three clearly separated sets: children are the beneficiaries, while the
adults entrusted with taking care of the children are the evaluators. Of course,
here the intersection between B and E still exists, because E may be said to
adopt Bs interests. But who are the targets of evaluation? Not all the adults,
but the writers of programs and the decision-makers at the broadcast stations.
In this case, there is a nonempty intersection between E and T but no full overlap. Also, if the target of evaluation is the broadcaster itself, a supra-individual
entity, then the intersection can be considered to be null: E ∩T=∅.
To assume that a target t is assigned a given reputation implies assuming
that t is believed to be “good” or“bad,” but it does not imply sharing either
evaluation. Reputation then involves four sets of agents:
– a nonempty set E of agents who share the evaluation
– a nonempty set T of evaluation targets
– a nonempty set B of beneficiaries, i.e., the agents sharing the goal with regard
to which the elements of T are evaluated
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– a nonempty set M of agents who share the meta-belief that members of
E share the evaluation; this is the set of all agents aware of the effect of
reputation (as stated above, effect is only one component of it; awareness of
the process is not implied).
Often, E can be taken as a subset of M; the evaluators are aware of the
effect of evaluation. In most situations, the intersection between the two sets is
at least nonempty, but exceptions exist. M in substance is the set of reputation
transmitters, or third parties. Third parties share a meta-belief about a given
target, whether they share the concerned belief or not. In real matters, agents
may play more than one role simultaneously.
3.3

Reputation-Based Decisions

The model presented above focuses on the definition of some critical sets, defining characteristics that we believe to be relevant for reputation. On the basis of
our definitions, we will go on from examining the main decision processes undertaken by social agents with regard to image and reputation. To understand
the difference between image and reputation, the mental decisions based upon
them must be analysed at the following three levels:
– Epistemic: accept the beliefs that form either a given image or acknowledge
a given reputation. This implies that a believed evaluation gives rise to ones
direct evaluation. Suppose I know that the friend I mostly admire has a good
opinion of Mr. Bush. However puzzled by this dissonance-inducing news, I
may be convinced by my friend to accept this evaluation and share it.
– Pragmatic Strategic: use image in order to decide whether and how to
interact with the target. Once I have my own opinion (perhaps resulting
from acceptance of others evaluations) about a target, I will use it to make
decisions about my future actions concerning that target. Perhaps, I may
abstain from participating in political activity against Mr. Bush.
– Memetic: transmit my (or others) evaluative beliefs about a given target to
others. Whether or not I act in conformity with a propagating evaluation, I
may decide to spread the news to others. Image and reputation are distinct
objects. Both are social in two senses: they concern another agents (the
targets) properties (the target’s presumed attitude towards socially desirable
behaviour), and they may be shared by a multitude of agents. However,
the two notions operate at different levels. Image is a belief, namely, an
evaluation. Reputation is a meta-belief, i.e., a belief about others’ evaluations
of the target with regard to a socially desirable behaviour.
The epistemic decision level is grounded upon both image and reputation.
An epistemic decision concerns whether to accept a given belief. In the case
of image, it concerns evaluations; in the case of reputation, it concerns metabeliefs (others’ evaluations). Both these decisions are relatively independent of
one another. To accept a meta-belief does not require that the first-level belief
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be held to be true, and viceversa: to accept a given image about someone does
not imply a belief that that person enjoys the corresponding reputation. To
accept/form a given image about a target implies an assessment of the truth
value of evaluations concerning the target. In contrast, reputation consists of
meta- beliefs about image, i.e., about others’ evaluative beliefs concerning the
holder.
Conversely, to acknowledge a given reputation does not lead to sharing others’
evaluations but rather to the belief that these evaluations are held or circulated
by others. To assess the value of such a meta-belief is a rather straightforward
operation. For the recipient to be relatively confident about this meta-belief,
it is probably sufficient that it be exposed to rumours. In order to understand
the difference between image acceptance and reputation acknowledgement, it is
necessary to investigate the different roles of image and reputation beliefs in the
agents’ minds.
But before setting out to do so, a couple of intertwined preliminary conclusions can be suggested. First, reputation is less likely to be falsified than image.
Second, the process of transmission, rather than its effect, is prevalent in reputation. In fact, it is more difficult to ascertain whether a given state is true
in anyone’s mind than in the external world. An external state of the world is
more controllable than a mental one. It is relatively difficult to check whether,
to what extent, and by whom that state of the world is believed to be true. But
the representation of another’s mental state is essential for social reasoning, and
any clue to such a belief, given a lack of other indications, is better than no information. This easy acceptance of reputation information gives prevalence to the
process over the content. Therefore, any study on reputation that concentrates
on content only is likely to miss the point completely.
Agents resort to their evaluative beliefs in order to achieve their goals [9].
Evaluations are guidelines for planning; evaluations about other agents are guidelines for social action and social planning. Therefore, the image a given agent
has about t will guide its action wrt t, will suggest whether it is convenient to
interact with t or not, and will also suggest what type of interaction to establish
with t. Of course, image may be conveyed to others in order to guide their actions towards the target in a positive or negative sense. When transmitting its
image of t, the agent attempts to influence others’ strategic decisions. To do so,
the agent must (pretend to) be committed to the evaluation and take responsibility for its truth value before the recipient. Reputation enters direct pragmatic
or strategic decisions when it is consistent with image or when no image of the
target has been formed. Otherwise, in pragmaticstrategic decisions, reputation
is often superseded by image. However, in influencing others’ decisions, the opposite pattern occurs: in this case, only reputation considerations apply. Agents
tend to influence others’ social decisions by transmitting to them information
about the target’s reputation. Two main reasons explain this inverse pattern:
– agents expect that a general opinion, or at least a general voice, is more
credible and acceptable than an individual one
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– agents reporting on reputation do not need to commit to its truth value, and
do not take responsibility over it; consequently, they may influence others to
a lower personal cost.
The memetic decision can be roughly described as the decision to spread reputation. In the case of communication about reputation the communicative action
is performed in order to
– obtain the goal that the hearer believes that t is assigned a given reputation
by others, rather than by the speaker himself of herself (g2), and to
– obtain the goal that the hearer propagates ts reputation (g4), possibly but
not necessarily by having him believe that t is in fact assigned a given reputation (g3).
Whilst g2 is communicative the speaker wants the hearer to believe that the
speaker used the language to achieve that effect g4 is not. (Indeed, the speaker
usually conceals this intention under the opposite communication: I tell you in
confidence, therefore dont spread the news....)
Consequently, communication about reputation is a communication about a
meta-belief, i.e., about others mental attitudes. To spread news about someones
reputation does not bind the speaker to commit himself to the truth value of the
evaluation conveyed but only to the existence of rumours about it. Unlike ordinary sincere communication, only the acceptance of a meta-belief is required in
communication about reputation. And unlike ordinary deception (for a definition
of the latter, see [10]), communication about reputation implies
– no personal commitment of the speaker with regard to the main content of
the information delivered. If speaker reports on ts bad reputation, he is by
no means stating that t deserved it; and
– no responsibility with regard to the credibility of (the source of) information
(I was told that t is a bad guy).
Two points ought to be considered here. First, the source of the meta-belief
is implicit (I was told...). Secondly, the set of agents to whom the belief p is
attributed is non-defined (t is ill/well reputed). Of course, the above points do
does not mean that communication about reputation is always sincere. Quite
on the contrary, one can and does often deceive about others reputation. But to
be effective the liar neither commits to the truth of the information transmitted
nor takes responsibility with regard to its consequences. If one wants to deceive
another about reputation, one should report it as a rumour independent of or
even despite ones own beliefs!

4

The Antisocial Effects of Image

The model points to several consequences of image (I) and reputation (R) spreading. Let us examine them with some detail.
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First, both I and R spreading are forms of cooperation. Both provide the
cognitive matter to informational reciprocity, allowing for material cooperation
to take place: agents exchanging shared information about whom they believe
to be good and whom they believe to be bad in the group, market, organization
or society cooperate at the level of information. By doing so, they allow for
material reciprocators, good sellers, norm observers and other good guys to
survive and compete with cheaters. Hence, both image and reputation lead to
material cooperation.
Secondly, both are expected to lead to social cohesion. Obviously, cheaters
may bluff and try to play as informational reciprocators in order to enjoy the
benefits of a good image without sustaining the costs of acquiring one. But once
bluff is found out, stable social sub-nets are formed by reliable informers who
will be sitting there as long as possible. These subnets are more or less what
economists and other social scientists call familiarity networks, characterized by
reciprocal acquaintance, even benevolence, and trust.
Third, and consequently, both I and R are expected to lead to a reduction
in the dimensions of the network of material cooperation or exchange. Acting
as selectors, they lead to the initial set of potential relationships to be reduced.
Here is where the difference between I and R starts to emerge. I is more selective
and R is more inclusive. What is more, unlike R, I spreading reveals the identity
of evaluators, or of a subset of them. Shared evaluations make the sources vulnerable, exposing them to possible retaliations. Instead, reported on evaluations
protect the identities of evaluators, discouraging or preventing retaliations.
Of course, reported on evaluations provide only candidate evaluations, which
often turns to be false and therefore useless. However, one can argue that to find
a R disconfirmed is less disruptive than I being disconfirmed. When finding an
I received by someone to be wrong, the recipient will face a rather distressing
alternative: the source is either misinformed or ill-willed. Either information is
unreliable, or the informer’s intention is wicked. In any case, the informer cannot
be trusted any more, and must be set apart if not punished. Hence, the disruptive
effect of image spreading is a function of the amount of informational error and
cheating injected into the network. An image-based social network is expected
to be rigid, meaning rather sensitive to errors: if a given threshold of error is
overcome, the whole system is probably bound to fall apart, and the network
will be fatally affected by distrust.
The reason for expecting such a gloomy perspective is complex. For one thing,
once recipients of false image have reacted negatively, either getting rid of their
bad informers or taking their revenge against them, balance is hardly restored.
Mutual defeat will not stop so easily, and retaliation will tend to call for further
retaliation in a chain of self-fulfilling prophecies that is usually fatal on both
sides. In a stock market, this may even turn into a general collapse.
With reputation, instead, the quality of information received is not necessarily nor immediately tested before being passed on. Misinformation may not
be found out so soon, and even when it is finally disclosed, it will not lead the
recipient to question the quality of the informer, simply because the latter never
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committed itself to the truth value of the information conveyed. The reputation
network is expected to be more robust than the image-based one, as it puts up
with a far larger amount of misinformation without discarding nor punishing
the vectors of misinformation, which in fact are not always responsible for such
errors.
In the rest of the paper, we will see whether such expectations are met by
existing simulation evidence. This was gathered in a study by [4], where our
system REPAGE - a REPutation and imAGE tool developed on the grounds of
the theory of reputation - was implemented on an agent architecture in order
to reproduce an artificial market. In such a setting, buyers were allowed to use
either image only (L1 condition) or image plus reputation (L2 condition), and
the effects of these two settings were compared in terms of averaged and accumulated quality of products. After a short description of REPAGE, we will turn
to show the relevance of these artificial findings to the present view of image and
reputation.

5

Repage Model and Architecture

Repage [5] is a computational system based on the theory of reputation presented
above [3]. Its architecture includes three main elements, a memory, a set of
detectors and the analyzer.
The memory is composed by a set of references to the predicates hold in the
main memory of the agent. Predicates are conceptually organized in levels and
inter-connected. Each predicate that belongs to one of the main types (including
image and reputation) contains a probabilistic evaluation that refers to a certain
agent in a specific role. For instance, an agent may have an image of agent T
(target) as a seller (role), and a different image of the same agent T as informant.
The probabilistic evaluation consist of a probability distribution over the discrete
sorted set of labels: Very Bad, Bad, Normal, Good, Very Good. The network of
dependences specifies which predicates contribute to the values of others. In this
sense, each predicate has a set of precedents and a set of antecedents.
The detectors, inference units specialized in each particular kind of predicate,
receive notifications from predicates that change or that appear in the system
and use dependencies to recalculate the new values or to populate the memory
with new predicates. Each predicate has associated a strength that is function
of its antecedents and of the intrinsic properties of each kind of predicate. As a
general rule, predicates that resume or aggregate a larger number of predicates
will hold a higher strength.
At the first level of the Repage memory we find a set of predicates not evaluated yet by the system. Contracts are agreements on the future interaction
between two agents. Their result is represented by a Fulfillment. Communications is information that other agents may convey, and may be related to three
different aspects: the image that the informer has about a target, the image
that, according to the informer, a third party agent has on the target, and the
reputation that the informer has about the target.
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In level two we have two kinds of predicates. Valued communication is the
subjective evaluation of the communication received that takes into account, for
instance, the image the agent may have of the informer as informant. Communications from agents whose credibility is low will not be considered as strong as
the ones coming from well reputed informers. An outcome is the agents subjective evaluation of a direct interaction, built up from a fulfillment and a contract.
At the third level we find two predicates that are only fed by valued communications. On one hand, a shared voice will hold the information received about
the same target and same role coming from communicated reputations. On the
other hand, shared evaluation is the equivalent for communicated images and
third party images.
Shared voice predicates will finally generate candidate reputation; shared
evaluation together with outcomes will generate candidate image. Newly generated candidate reputation and image are usually not strong enough; new communications and new direct interactions will contribute to reinforce them until a
threshold, over which they become full-fledged image or reputation. We refer to
[5] for a much more detailed presentation. From the point of view of the agent
strucuture, integration with the other parts of our deliberative agents is strightforward. Repage memory links to the main memory of the agent that is fed by
its communication and decision making module, and at the same time, this last
module, the one that contain all the reasoning procedures uses the predicates
generated by Repage to make decisions.

6

Simulation Experiment

In [4] we applied our system REPAGE to a simulation experiment of the simplest
setting in which accurate information is a commodity: an agent-based market
with instability. The model has been designed with the purpose of providing
the simplest possible setting where information is both valuable and scarce. The
system must be considered as a proof of concept, not grounded on micro or macro
data, but providing an abstract economic metaphor. This simplified approach is
largely used in the reputation field (see for example [11]), both on the side of the
market design and of the agent design in the study of market with asymmetric
information. We follow this approach since our main interest is on the side of
agent design, and we must be able to clearly separate complex effect due to agent
structure from ones due to market structure.
6.1

Design of the Experiment

The experiment includes only two kind of agents, the buyers and the sellers. All
agents perform actions in discrete time units (turns from now on). In a turn,
a buyer performs one communication request and one purchase operation. In
addition, the buyer answers all the information requests that it receives. Goods
are characterized by an utility factor that we interpret as quality (but, given the
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level of abstraction used, could as well represent other utility factors as quantity,
discount, timeliness) with values between 1 and 100.
Sellers are characterized by a constant quality, drawn following a stationary
probablilty distribution, and a fixed stock, that is decreased at every purchase;
they are essentially reactive, their functional role in the simulation being limited
to providing an abstract good of variable quality to the buyers. Sellers exit the
simulation when the stock is exhausted and are substituted by a new seller with
similar characteristics but with a new identity (and as such, unknown to the
buyers). This continuous seller update characterises our model, for example in
comparison with recent work as [12], where both sellers and buyers are essentially
fixed.
The disappearance of sellers makes information necessary; reliable communication allows for faster discover of the better sellers. This motivates the agents
to participate in the information exchange. In a setting with permanent sellers
(infinite stock), once all buyers have found a good seller, there is no reason to
change and the experiment freezes. With finite stock, even after having found
a good seller, buyers, should be prepared to start a new search when the good
seller’s stock ends.
At the same time, limited stock makes good sellers a scarce resource, and
this constitutes a motivation for the agents not to distribute information. One
of the interests of the model is in the balance between these two factors.
There are four parameters that describe an experiment: the number of buyers
N B, the number of sellers N S, the stock for each seller S, and the distribution
of quality among sellers. We defined the two main experimental situations, L1
where there is only exchange of image, and L2 where both image and reputation
are used.
6.2

Decision Making Module

In [4], the decision making procedure was shown to play a crucial role in the
performance of the whole system. As to sellers, the procedure is quite simple since
they sell products required and disappear when the stock gets exhausted. As to
buyers, instead, the algorithm is rather more complex. At each turn they must
interrogate another buyer, buy something from a seller, and possibly answer a
question from another buyer. Each of these actions leads to a number of decisions
to be taken.
– Buying. Here the question to be answered is which seller a buyer should turn
to. The easiest option would be to pick the seller with the best image, or (in
L2) the best reputation if image is not available. A threshold is set for an
evaluation (actually, for its center of mass, see [5] for definitions) to be considered good enough and be used for choosing. In addition, a limited chance
to explore other sellers is possible, as controlled by the system parameter
risk 3. Notice that image has always priority over reputation, since unlike
reputation image implies that the evaluation is shared by the user.
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– Asking. As in the previous case, the first choice to be made is which agent
to be queried, and the decision making procedure is exactly the same as
that for choosing a seller, but now agents deal with images and reputations
of targets as informers (informer image) rather than sellers. Once decided
whom to ask, the question is what to ask. Only two queries are allowed:
• Q1 - Ask information about a buyer as informer (basically, how honest
is buyer X as informer), and
• Q2 - Ask for some good or bad seller (for instance, who is a good seller,
or who is a bad seller). Notice that this second question does not refer
to one specific individual, but to the whole body of information that
the queried agent may have. This is in order to allow for managing large
numbers of sellers, when the probability to choose a target seller that the
queried agent has information about would be low. The agent will ask one
of these two questions with a probability of 50%. If Q1 is chosen, buyer
X as informer would be the least known, i.e., one with less information
to build up an image or reputation about.
– Answering. Let agent S be the agent asking the question, R the agent being
queried. Agents can lie, either because they are cheaters or because they
are retaliating. When a buyer is a cheater, they provide information after
having turned its value into the opposite. Retaliation is accomplished by
sending inaccurate information (for instance, sending I-dont-know when it
has information, or simply giving the opposite value) when R has got a bad
image of S as informer. In L1 retaliation is done by sending a I-dont-know
message even when R has got information. This avoids possible retaliation
from S since a I-dont-know message implies no commitment. If reputation
is allowed, (L2) retaliation is accomplished in the same way as if the agent
were a liar, except that image is converted into reputation in order to avoid
potential retaliations from S. Fear of retaliation leads to sending an image
only when agent is certain about evaluation. This is yet another parameter
(Strength) allowing the fear of retaliation to be implemented. Notice that if
strength is null, there is no fear since any image will be a candidate answer,
no matter what its strength is. As strength increases, agents become more
conservative, with less image and more reputation circulating in the system.
6.3

Expected Results

Based on the hypthesis that image allows for more retaliation than reputation,
we expect the following results to obtain:
– H1 Initial advantage: L2 shows an initial advantage over L1, that is, L2 grows
faster.
– H2 Performance: L2 performs better as a whole, that is, the average quality
at regime is higher than L1.
Some questions concerning cheating and fairness were also investigated:
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Fig. 1. Accumulated average quality per turn in condition A1 (very few good sellers),
50% informational cheaters, for L1 and L2 agents. L2 agents show better performance
even with large amount of false information.

– cheaters advantage: do cheaters effectively reach a significant advantage
thanks to their behavior?
– Cheaters’ effects: are cheaters always detrimental to the system? In particular, is the performance of the system always decreasing as a function of the
number of cheaters?

Simulations to enquire on the relationship between L1 and L2 has been run
with the following parameters: with fixed stock (50), number of buyers (25), and
number of sellers (100); different values of informational cheaters (percentages
of 0%, 25% and 50%); different values of bad sellers, ranging from the extreme
case of 1% of good vs 99% of bad sellers (A1), going trough 5% good sellers Vs
95% bad sellers (A2), 10% good sellers vs 90% bad sellers (A3), and finally, to
another extreme where we have 50% of good sellers vs 50% of bad sellers (A4).
Note that from A1 to A4 the maximum level of quality obtainable increases
(from experimental data, we move from a regime maximum quality of about 14
in A1 to nearly full quality in A4). For each one of these conditions and for
every situation (L1 and L2) we run 10 simulations. In the figures we present
the accumulated average earnings per turn in both situations, L1 and L2. In
L1 the amount of useful communications (different from Idontknow) is much
lower that in L2, due to the fear of retaliation that governs this situation. In
conditions where communication is not important, the difference between the
levels disappears.
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Fig. 2. Accumulated average quality per turn in condition A2 (5% good sellers), 50%
informational cheaters, for L1 and L2 agents. The margin of L2 on L1 is reduced.

In the following, we report only the result of the experiment with cheaters,
where the difference between L1 and L2 is made more significative by the presence of false information. For a full report, please refer to [4].
6.4

Experiments with Cheaters

We report results of experiments with 50% of informational cheaters in conditions
A1, A2, A3 and A4. The large amount of false information produces a bigger
impact in situations and conditions where communication is more important.
Quality reached in L1 shows almost no decrease with respect to the experiment
without cheaters, while L2 quality tends to drop to L1 levels. This shows how
the better performance of L2 over L1 is due to the larger amount of information
that circulates in L2. In Figure 1, nothwithstanding the large amount of false
information, there is still a marked difference between the two levels. Essentially,
L2 agents show a better performance in locating the very rare good sellers. The
situation starts to change in Figure 2, where the two algorithms are more or less
comparable; here, the larger amount of good sellers does not make necessary the
subleties of L2. In Figure 3, with an even larger amount of good sellers available,
the two algorithms show the same level of performance.

7

Conclusions and Future Work

Results indicate that reputation plus image (as opposed to image only) improves
the average quality of products exchanged in the whole system. The value added
of reputation is shown under the occurrence of
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Fig. 3. Accumulated average quality per turn in condition A4 (half good sellers), 50%
informational cheaters, for L1 and L2 agents. The two levels are indistinguishable.

– retaliation: personal commitment associated to image transmission exposes
the agent to possible retaliation if inaccurate information was sent. Conversely, reputation transmission does not lead to such a consequence, but
at the same time provides agents with information that might be useful to
select satisfactory partenrs. Future work will concern the effect of cheaters
over the whole system in presence of a norm that prescribes agents to tell
the truth. The reputation mechanism will turn into a social control artifact
aimed to identify and isolate agents that do not follow that norm.
– Communication: There is no reputation without communication. Therefore,
scenarios with no or poor communication are irrelevant for the study of
reputation. However, in virtual societies with autonomous communicating
agents that need to cooperate and are enabled to choose partners, reputation considerably increases the circulation of information and improves the
performance of their activities. In our experiments, even when there is no
penalty for direct interactions and only one question per turn is allowed,
the introduction of reputation improves the average quality per turn. In scenarios where quality is scarce and agents are completely autonomous this
mechanism of social control makes the difference.
– Decision making procedure: The decision making model implemented has
a decisive impact on the system’s performance. In fact, this is where the
agent may take advantage of the distinction between image and reputation.
In future work, we will elaborate on this distinction, possibly reformulating
it in terms of textitmeta decision making, a very promising future line of
work to better ground and exploit the image and reputation artefacts.
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These results gives us reasons to draw some more general conclusions about
the respective role of image and reputation. The antisocial consequence of image
spreading seems to be clearly documented in the experiment we have reported
upon. But if this is the case, we also find evidence for our argument that social
networks based upon image perform more poorly than networks based upon reputation at least when partner selection is a common goal of the network members.
An image-network, based upon acquaintanship, if not familiarity, and trusted
communication of own evaluations, stimulates retaliation or at least discrimination when informers are found to spread incorrect information. Consequently,
such a type of network shows poor robustness against not only deception and
cheating, but also errors and rumour.
Conversely, reputation-based networks are more flexible and inclusive, they
tolerate errors. Though selecting information before using it, the reputation
mechanism does not lead recipients to discard so easily nor, a fortiori, retaliate against bad informers. In such a way, the chain of retaliations is prevented
and the consequent lowering of the exchanges’ quality is reduced.
Does such a view of reputation point to an account of the evolution of socially
desirable behaviour, concurrent with the classical one, based on punishment and
strong reciprocity (cf. [13])? Hard to say for the time being. However, this is a
fascinating resarch hypothesis for future studies.
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N times repeat:
• Media diffusion: choose individual k at random with
probability f, choose feature m at random in the
object, send feature m to individual k.
•

Interactions: choose couple of individuals (i,j) at
random; i tells j about one of its retained
features, chosen at random.
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x1 ← lowest_niche_position_row;
x2 ← lowest_niche_position_column;
// CostSaving is computed as –{C(new estimated production) C(last production)}
CostSaving ← -(CostCalculation(sum([firm(j).q])-firm(j).q(1))CostCalculation(sum([firm(j).q])));
//TotalQ is the total expected amount in (x1,x2); QuantityPerCell(x1,x2) is the available demand at (x1,x2); Q(x1,x2) is
the total sold volume at (x1,x2) in last iteration. The field
qsold is firm’s sold amount
TotalQ = Q(x1,x2)- firm(j).qsold(1) + firm(j).q(1);
if TotalQ ≤ QuantityPerCell(x1,x2)
ExpMarginProfit ← max(0, NWCost + CostSaving - max(0,(A B*TotalQ))*firm(j).q(1));
else
QProp ← firm(j).q(1)/TotalQ;
ExpMarginProfit ← max(0, NWCost + CostSaving - max(0,(A B*TotalQ))*QProp*QuantityPerCell(x1,x2));
 

      6  

−72∀

 





∗ + ,#=88+!#7=8%&∗
88+&∗,#,+Χ
# 9+ .∗# + ,+ #+&
∀# .∗,9+,##
,# #, ++   ,#9+
+#−# + &1###,#
  #+−0  #  ,−−+
,+++&∀# #+#
9 #,  &∀#9+
.∗∈Ν8≅8Ο #+∈Ν8<88Ο&
∗      ,#  9+ ! #∗ 7  #+ 7 8%&
( #+,4,+5# .∗ :88<88
Α8888&Φ0,,=88:8888<88 #+&(# 

>>


<9<7=Α −+&∗8
   −& ∗ + #  +   ,  Χ %
,# #  −     +   #   Η
−  −% ,# #  −    +0 + 
,#   +  − − & (   +
#, ##+#+0 +  −#++9! 
(:%&∀##−=989:Μ=Α989:7=8:8&

& 



&1  2∀



∀#    #      −  + ,# 
       9+ ,#       +   
#,    Α& ∀#    #      #  
+3  & Σ  + ,# −  −#   +0 + &
∗−# +3 +# !&&
 %&  ( −  #        0
   −− + &#
 0   +    −  + ,# #  
#     + 3   − ,#     , # 
 &
 ∆#−##     ++
 # + −#  +&Β9
+ Β  ++   # #    + 3    #    
# ##    + # #
0& 2+    # #       +      
  # # #     +     +  
 &
( 9+ ,#    !& &   #   + 
,# % #& 9 
  + ,#+−−78&8=#,#
 #+3  #    
0 −+ # +−&
∗  9+ ,#    ++ !# # =%   
−##    −  ,##−
,# #    ++  ++  &    #, 
+0+ ,#+ ,#+−−Η
8&8=&
+  )<         5   ∃ ∀   

#   5      ∃  ∀=        #  ∃
    
∀   ∀∀             ∃
     5      ∃  ∀=        #
    ∃ 7

=88




 .  2∀

8 ∀(  %  ∋  %

 ∗





 /1  2∀
8 ∀)  ∀    ( 
∗   (  ∗9            
) +&:



=8=




 ,1  2∀

&1 2∀

8∀ ∀89

  ∃ ∀%33



Β 9+ − #
+ + #+!#+0% #
&# #9+ −+
      &   >   # +& 9+ ,# #
#++−# #+
>&( −##+3    ,
−& (       −      +  
!&&,%−# # −,
#  #    &   =8 ==  =:    # +  &
(0#  # −##   +3 
,,−,# #Χ ,#
+ ,+−− !& &8&=8&8≅%
 ++!& &<8≅8%&

=8:




 + ∀ )   ∀ ∀(  %  ∋  % 
∗∋5;1 %33<5∃ %339            
) +&:


 3) ∀  8   ∀ ∀(  %  ∋  %
 ∗∋5;1 %33<5∃ %33




=8




 ) ∀  8   ∀ ∀(  %  ∋  %
 ∗∋5;1 %33<5∃ %−33



 ) ∀  8   ∀ ∀(  %  ∋  %
 ∗∋5;1 %.33∋5∃ %33

1+,##   +# +3 
 ##  # #   
−+  Χ   ++,+
)#−#   # # #+ &∀#
) # 9+        , & ;, #

=8<


− +,##    #+
 − +#−&
+  <  2 ∃  ∀=            ∃
         #      ;  #  
    5   ∃ ∀       ∀    
 #
        7
&!; 

)  =

∀#Η, ,# #+#) !&&
# ,# + , +  # + %  Ω Β  #      #
  +ΩΒ − 0 9+ + 
+# −, #,+  Ω
Β# 9+,−+#+ −
#,+ + &Β# 9+
#   &∀# −## 9+−
   =Χ      −  ? #, # 
−  +##   &
∀#  + ,# ,  −    # +
# #+3 #   Χ,##++
 − ,# +  ,
 +&Β    # #    9+ 
#  −−++ & =<
#+# 9+ &
;,+ ##+,#,#
     &## 
#    #&∀#0 
   # −  +      +0 +  ,#
.∗7:88 #+7=88,#  Θ27=8# #
!≅8∆8∆≅8=88:≅8%#%# − 
# ## Ν∆88Ο%#0 #+ &
∗# #     + #     Ν∆8 8Ο   #
4  5+++0−4+5−
9& ( #   :≅8 #  −  −#  #  
   ,# +    −    4  5&  
9+  #Θ2   
 #   # + 9+  && ;, # 
+#+3 −#+−# 9
+ &
+  >< .     5   ∀∀     #  
      5     ∃ ∀      ∀    # ∃
     ∀   ∀∀ 7   
∀∀  ∀   ∀
  ∃ ∀               ∃
 7
2 ∃ ∀                    ∃
   7 

=8≅




 !)   )   
)  ∀∀   2∀
∀ ∀(  %  ∗∋>1%3

 




 −)   )   
)  ∀∀  2∀
 
∀ ∀(  %  ∗5;1 %.33∋5∃ %33∋>1%3

&1



  

∗#+  − ++ #0,##
+ #+  # &∗# # 

=8Α


       &∀#
%++ #   0% 
 + ## +# ++ #
!/∃−=>>>/ :88Α%&10
 # # +  &Β
−  + +  + ,# 9+   + 
 +0 &
∀#    # % #        
  #+  +−−# 
#        # +      #  
+ ? %       −  )      ,# #
 +,##   ,#,  
&2 # +#+#+3 &;,#
 ,0#  +− # 
  − +&( +# + 
=≅&


 &?∀ ∀  

 ∀ ∀ 
(  %  <  %
 ∗










=8∆



∀∀  2


8&><>
δ
8&8:
δ=
δ: 8&8888≅

 )   

∀  







α
β
.0
./
1

8&∆
8&∆
<&=≅:8
&8<8
=


 )   0#1)






 72 ∀ 

∀    






=8






   ∀






 !7) 

 


=8>



 



#  
(−2!=>∆>%&(9 #++ + &8   ?  ∀
−  ,   Χ::: :=&
Ι!=>≅<%&(#,#− + &8  :<Χ
<∆ ≅&
 ∗)(&!:88:%& −
0+ Χ  #,++ =>Α=>><&1  2∃
  ,  #Α∆Χ<8 =&
∗)(!:88<%(#0+ Χ 
  + 0 #&   ∗   ∗ =Χ∆8=
∆:≅
 !=>≅%& + Χ   #,#++
 &1  ?  ∀ 2 >8Χ=:Α: =:&
 ;6!=>>≅%&Ι  + &Β ;6!&%− ;∃
   < 2  5 2   2 &∃ΛΧ19/++&:=≅
::=&
 ;6!:888%&    ∀ ∗      &/ 
/Χ/ &
  −22,#(!:88:%1 +  + &
ΒΧΞΙ2,!%Ι # −#∃,Λ0ΧΨ(Β3&
++= <8&
 2,#(!:888%&∗## −,Ω1 
  + #&2&&1  ?  ∀ 2 =8Α!%Χ∆=≅
∆Α:&
,;Ι6#!:88=%&∀7 888  ∃
  8    +≅Χ<∆= <=&
− 2   !:88%& 2 ! +%    Χ 6   
−  −+ ) =≅ =>>=&2  
   ?  :<!Α%Χ≅<= ≅≅&
Φ!=>%&2+# −−9Χ +#,0 &2∃
  # ≅Χ=>Τ=≅Α&
  ∗)(!:88Α%& 0 +0
  + & Β  & !&%& 1    1 ∀ 8 ∃ 3    
   8 2  ≅<Χ> =8<&Χ2+ &
;6 !=>>:%& ∀ − ; + &19 Χ19
/&
;6Ψ!=>∆∆%&∀#++    & 1  ?  ∀
2 :Χ>:> >Α<&
;6Ψ&!=>>%&− ; 8 &;/&
; 6   /Ζ Φ!:88% ∀#    #& 2     := !<%Χ
8> <8&
; 6   /Ζ Φ!:88∆%&  3 ∀ − ;   < 2 ∗  
8  &/ ∃ΨΧ/ /&
;0Ψ/Ι #61;!:88:%&  +  −  
#+−# & <=Χ≅:∆ <8&
;ΨΙ!:88<%6 ,#   Χ&∃
   ∗   ∗ =Χ:< :Α=&
Φ #−6((ΨΞ∀−(!:88Α%&6 +  
# Χ + ++ #&     8<Χ
≅∆ =&

==8


Φ  Ξ !=>ΑΑ%& ( , ++ #   #& ?  ∀ +  8 ∆<Χ
=: =≅∆&
ΦΨ;Ι!:88=%&Β− Χ#Ις  &
   ∗   ∗ =8!=%Χ==≅ =<>&
6−!=>%& /  ≅    ∀  &∗&;&∃,Λ0&
6 /#Ψ6!=>%&(  &1  2  ,  #<Χ≅=> ≅:&
6 /#Ψ6!:88<%&(+ +Χ+   &∃
   ∗   ∗ =:ΑΤ:8&
1;Ι #6!:88:%& Χ Η &3  Α ∃
 + ≅Χ >:&
/    Ψ !:88Α%& ∃,0 −    + Χ ∀# +   
 # &2  #  :Χ<<> <≅&
/  ∃−  !=>>>%& 60 +   #   #   + &
1  ?  ∀ 2 =8<Χ==: ==≅&
2Ψ!=>>=%& 2 ∗     2  < +  ∗ 5 1    8 ∃
 ∀ ∗  7 − 6(Χ6Β∀/&
∀Ψ!=>%&    ∀   − ;&6Β∀/Χ− &
2,#( !=>>≅%&−,&Β ;6&!&%− ;∃
   < 2  5 2   2 19/&++&:: :<&
∗)(!:88Α%(  −#0  
&1  ∀    ,  #=Χ<8> <:Α&
Γ1!=>∆<%&Ι +   &1  ?  ∀
8  2  Χ∆ ≅8&





===



Gr owing qawms: A case-based declar ative model of
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Abstr act. By means of evidence-based and declarative social simulation we
grow qawms. Qawms denote solidarity networks in Afghanistan. They are
dynamic social modules that contribute to the establishment of social structure.
The study of qawms lends insight into the structural and processual dynamics of
Afghan society. In particular we concentrate on the evolution of power
structures. A computational model is presented whose ontology is based on a
notion of power structures traceable in contemporary conflicts. The model’s
agent behaviour, however, is informed by qualitative data derived from case
studies on Afghanistan and, in terms of cognition, by the conception of
endorsements. Our preliminary findings suggest – in accordance with existing
case-studies – that actors are deemed if they are isolated, but perform strong if
they are socially embedded and act according to the principles of neopatrimonial behaviour.

Keywor ds: Afghanistan, anomie, critical realism, declarative modelling,
evidence-based social simulation, neo-patrimonialism, power structures.

1 Intr oduction
We computationally grow qawms. Qawms denote (opportunistic) solidarity networks
in Afghanistan. They can be perceived as dynamic modules based on actor
interconnectedness which generate social order. Because qawms permeate all
different spheres of Afghan social life, their analysis allows multidimensional insight
into a conflict-torn society. We are particularly interested in the formation of power
structures amongst Afghan stakeholders, for whom qawms are a means to acquire,
maintain and increase power. It is in this respect the notion of neo-patrimonialism is
pivotal to our understanding of power. Although neo-patrimonialism has been
identified as an important organisational principle in contemporary conflicts (cf. [1],
[3], [21], [22]), it has been routinely ignored in model-based approaches to conflict
analysis.
The methodological approach we apply is evidence-based and declarative multiagent social simulation. It is evidence-based because agent behaviour is informed by
qualitative data derived from case studies and interviews conducted in Afghanistan; it

113

is declarative because of a descriptive – in contrast to imperative – implementation of
the evidence-based agent behaviour.
There are three reasons such a research design has been chosen. i) Statistical data is
either scarce or unreliable in the context of contemporary conflicts, constraining the
scope of applicable methodological tools. ii) A variety of social phenomena exhibit
characteristics which can be labelled as complex, a condition in which agent
behaviour and social interaction combine to generate macro level outcomes that firstly
could not be predicted from knowledge of the behaviour and nature of interactions
alone and secondly result in sporadic volatile episodes the timing, magnitude,
duration and outcomes of which are themselves unpredictable [2]. In the Afghan
context, the interactions within qawms determine a pattern of actions that could be
described as episodic clusters of aggressive activity or even extreme violence. Such
qawm level behaviour leads to interactions amongst the qawm that cause episodic
conflicts of unpredictable magnitude, duration and outcome. It is the virtue of agentbased social simulation to analyse such phenomena [5], [8], [10], [14], [17]. iii)
Declarative programming supports the use of mnemonic terms resembling natural
language terms in which stakeholders describe behaviour, social environments and
social interactions.
Our research design is developed against the backdrop of critical realism, a metatheory compatible with complexity [10]. Social science in the tradition of critical
realism focuses on a context-sensitive approach (see also [4]) to agency and structure,
the interplay of which leads to emergent phenomena, underlining the generative
paradigm of computational social science [26]. The entrée for the object of
investigation is provided by a well-informed, but intuitional model that serves as a
real definition and thus specification to the context-relevant aspects of agency and
structure [19] (see sec. 2). Once properly defined, the intuitional model needs to be
qualitatively validated to ensure the descriptive accuracy of the computationally
implemented processes (agency) and architectures (structure). A construct valid
model is expected to yield strong results which can be cross-validated against real
world (statistical) data (if available).
This study is expected to be of general interest as a research design is presented
that allows for systematic and dynamic but context-sensitive analysis of social
phenomena under statistical data scarcity, as for example in conflict-torn societies.

2 Anomie, neo-patr imonialism and Afghanistan
2.1 Power in a der anged or der
Power structures are anthropogenic [20]. In conflict regions such as Afghanistan,
Chechnya or the Democratic Republic of Congo the anthropogeneity of power has
been shown in a variety of studies [3], [21], [22].
Sofsky [28] argued that conflict societies are societies sui generis. They function
according to their own social laws and are structurally and processually disjointed
from societies lacking a comparable degree of organised violence. In conflict-torn
societies virtually everything goes. This can be illustrated by the concept of anomie.
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Anomie is the situation in which the upper and lower normative boundaries for the
aspirations of members of a society are thrown awry [7] [11]. An anomic situation
emerges when the means to attain a specific goal, such as accumulation of wealth or
power, run out of social control [13]. Accordingly, in a space emptied of restricting
norms, i.e. an anomie, virtually everything goes – also the creation of power
structures to one’s own ideas and interests.
Anomic spaces are political spaces lacking strong modern institutions, such as the
state’s monopoly on organised violence, stability of the law and protection of property
rights. In these circumstances only highly adaptive stakeholders prevail. The sociostructural outcomes of this organisational process are manifold and so are the adopted
means that serve one’s interests.
In contemporary conflict societies this outcome is neo-patrimonialism (cf. [12],
[22], [10]). Weber [30] understands patrimonial power as power based on authority,
suppressed subjects and paid military organisations, by virtue of which the extent of a
ruler’s arbitrary power as well as grace and mercy increases. Stakeholders interested
in gaining power in contemporary conflict settings have to act neo-patrimonially to
accumulate and redistribute monetary and material as well as social resources. The
range of related activities is broad and includes corruption, clientelism, patronage,
nepotism, praebendism and so forth (cf. [12]).
2.2 A model of qawm
Although twenty-seven years of conflict accentuated two important factors in Afghan
society, namely ethnicity and religion, the traditional organisational principle of the
qawm rested sound [23], [25], [27]. Less mentioned, however, is a general decline of
norms and values in Afghan society leading to a Hobbesian form of society [29].
Today’s Afghanistan is an anomie.
The causes for this development are complex, but nevertheless directly linked to
the Jihad of 1979 to 1989. Although trends of neo-patrimonial politics are already
recognisable in the very beginning of the Jihad – and are indeed a characteristic of
Afghan politics throughout history –, the war’s proper goals started to mutate with its
increasing duration, from throwing out the Soviets to personal enrichment and
personal aspiration for power. Some of the adopted means of warfare have been
traditional, such as organised violence, intrigue, alliance formation and dissolution;
others have been imported, such as religious extremism, radicalisation of ethnicity,
corruption and narcotics.
The qawm is a dominating feature of Afghan society [23]. Mousavi [18] refers to it
as a complex interpersonal network of political, social, economic, military, and
cultural relations. Afghan social structure does not take the form of a unified
hierarchy and nor does an individual qawm. However, each qawm has a primus inter
pares who competes with other primi inter pares as well as with qawm-internal rivals
for manifold reasons [24].
Figure 1 depicts an informed intuitional and idealtypical representation of an
Afghan solidarity network or qawm. Our notion of qawm-based social structure has
been informed either by the literature cited above or by data collected by ourselves.
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Fig. 1. A case-study informed intuitional model of a qawm.

The qawm-model consists of ten actor types: politicians, religious leaders,
commanders (meritocratic title for a militia leader), businessmen, warriors, civilians,
farmers, drug farmers, organised criminals and drug dealers. An important abstraction
from reality is that in our model each actor has its distinct role, whereas in reality
actors may incorporate a variety of roles. For example a commander can be a
(military) commander, a politician and a drug lord at the same time, for which
General Mohammed Daud is a good example, a former Deputy Minister of Interior
Affairs, Governor of Badakhshan, favourite commander of Ahmad Shah Massud and
drug lord. We proxy individual role pluralism by mutual interdependence, i.e. each
actor has virtues another actor may be in need of and vice versa, leading to mutual
coorporation and interdependence. This, of course, is also a common pattern in
reality, where there is no clear distinction between role incorporation and cooperation.
The following examples explain the qawm-model in terms of agency. If a politician
is in need of military protection, he approaches a commander. In return, a commander
receives political appreciation by mere cooperation with a politician. If a businessman
wants to be awarded an official construction contract by the government, he relies on
a politician’s political connections. In return, the politician receives a monetary
provision, for example bribes. If a politician wants beneficial publicity, he asks a
religious leader for support. The religious leader, in return, becomes perceived as a
religious authority. If a warrior seeks protection and subsistence for his family, he
lends his services to a commander, who, in return, provides him with weapons,
clothes, food and/or money. If an organised criminal wants to carry drugs, he relies on
the transport business of a businessman who, in return, receives a share of the drugs
sold. If a drug farmer needs protection for his poppy fields, he affiliates with a
commander, who, in return, receives a tithe on the drugs sold to a local drug dealer.
Our model represents this behaviour.
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3 Modelling qawms
3.1 Evidence-based and declar ative modelling
The evidence on which we base our model is largely qualitative and drawn from casestudies (cf. [1], [9], [18], [23], [24], [25], [27], [29]) or data collected by ourselves
during semi-structured interviews with Afghan urban elites between May 2006 and
January 2007. Interviewees were motivated to reflect on power. The main reason we
rely on rich qualitative data is the lack of reliable statistical data in Afghanistan and
other comparable contexts.
Evidence denotes information about the target system that allows to develop a
representative model of reality. This information stems from case-studies, empirically
tested theories and interviews with experts and stakeholders. A model is evidencebased if the rules according to which agents behave are directly derived and reified
from this information. This presupposes that the data makes concrete declarations of
how an actor behaves in a particular social situation. The triangulation of the
information sources is vital for the model’s validity.
Unlike other simulation approaches, evidence-based modelling pursues construct
validity. It is important that the modelled processes and structures resemble the
processes and structures identified in the target system. Agent-based models are more
than mere input–output models. As demanded by critical realism, they direct a
researcher’s focus on internal processes (agency) and structures and allow for the
analysis of them.
Results are more valid if an evidence-based social simulation’s output can be
cross-validated [17] and not only “validated” by circumstantial evidence. There are
three strategies: i) If models generate statistical output, this output is statistically
analysed and the resulting significant signatures are compared with statistical
signatures generated from target system data. If the model yields numerical output but
no statistical target system data is available, then validation must rely on qualitative
data. In this case, validation must ii) either seek systematic structural and processual
similarities between the model and the target system or iii) find circumstantial
evidence in the target system that can also be found in the simulation. Except for
civilian casualties data only ii) and iii) can be applied to our model.
A program is declarative if there are a set of statements on a database, rules have a
set of conditions which are statements with some values left open as variables, and
consequents exists which are another set of statements. When all of the statements in
the conditions of a rule are matched by statements on the database, then the variables
are given their specific values from the database statements and the consequent
statements are added to the database. When a set of conditions is satisfied and a rule
fires (i.e. puts its consequents on the database), then the state of the environment as
represented by the database is changed and perhaps other rules will now be able to
fire and so on until all rules have fired and no further matches of conditions can be
found on the database. The sequence of rules that will fire and the particular values of
their variables’ instantiations are determined only as the program is running. The
sequence of actions represents the process of agent behaviour and leads in each case
to a new state of the environment. If all agents are implemented declaratively, then
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they will be changing the state of the environment for one another and the pattern of
rules and therefore actions of all of the agents taken together will be influenced by
one another.
The outcomes for the model as a whole are, in these circumstances, impossible to
predict with any exactitude. Frequently, such models exhibit the sort of episodic
volatility associated in the first section with complexity. The same effect can be
achieved by other means, but declarative representations of agents have a number of
virtues in terms of ease of development as new evidence becomes available and in
terms of yielding comprehensible outputs stored as statements on the databases.
3.2 Endor sements
As we have implied above, power relations are interactions between at least two
actors. The computational implementation of these interactions must be based on
certain grounds. This can be knowledge an actor has about another actor; it can also
be experiences an actor has made in the past with his environment. Endorsements are
a “natural” way of computationally implementing reasoning about this knowledge or
experience. As cognitive-behavioural modules they represent within the
computational model what has been described in section 2.2 as agency aspects of the
qawm, i.e. interaction, but need further specification (see below).
Endorsements were introduced by Cohen [6] as a device for resolving conflicts in
rule-based expert systems (cf. also [16]). Endorsements can be used to describe
cognitive trajectories aimed at achieving information and preferential clarity over an
agent or object from the perspective of the endorsing agent himself. We use
endorsements exactly in this sense, namely to capture a process of reasoning about
preferences and the establishment of a preferential ordering (cf. [15], [17]).
Because endorsements capture an agent’s (the endorser) reasoning process about
another agent (the endorsee), the information collected by the endorser cannot be
identical with the endorsee himself. It is more precise to state that during the
endorsement process the endorser’s endorsement scheme is projected onto the
endorsee. If a commander endorses for example a businessman, he has no base to rate
if the businessman is a better Muslim if he is a Sunni or a Shia. But the individual
endorsement scheme tells the commander how important it is for himself that the
businessman is Sunni or Shia. If this is done for every of the endorsee’s attributes, the
so called overall endorsement value (E) for the endorsee can be calculated. E allows
the endorser to select the preferred endorsee among the endorsees.
The process of endorsing an agent is embedded in an agent’s environment, i.e. his
neighbouring agents. The endorsement process allows an agent to find the agent most
appropriate to him – he does not seek the most successful or most reliable of all
agents. This implies that the chosen agent may not be preferable to differently
embedded agents.
The main advantage in applying the idea of endorsements lies in the fact that they
allow for combining the efficiency properties of numerical measures with the richness
and subtleties of non-numerical measures of interest or belief.
Based on our interview data and on secondary data, particularly [1], we had to
develop an endorsement scheme for an idealtypical “Afghan agent”, which, in
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principle, had to answer the following questions: When is an agent powerful? How
does a powerful agent behave? How does an agent behave towards a powerful agent?
Azoy [1] argues that authority depends on hisiyat, character, and e’tibar, credit. The
analysis of our interview data supports this view. Logically, hisiyat and e’tibar are the
dimensions in which an “Afghan agent” reasons about another agent. Hisiyat is
related to the social embeddedness of an actor. An actor has character if he is of
particular kin, religion and/or neighbourhood and can, in case of cultural pattern
matching, be trusted. An actor who is creditworthy and has political support disposes
of e’tibar. E’tibar has to do with meritocracy and reliability.
Hisiyat and e’tibar can be straightforwardly operationalised. Hisiyat are generally
intangible endorsements and are attributed at the beginning of the simulation, such as
ethnicity, religion or kin. E’tibar are generally dynamic endorsements which change
their values during the simulation, such as payment or success.
3.3 Model specifications
The simulation is spatially based on a 2D-grid topology, the dimension of which is 30
× 30 cells. Each cell can be inhabited by one agent. The total number of cells are
distributed into 4 ethnic regions (Pashtun 40%, Tajik 25%, Uzbek 25%, Hazara
10%).1 There are ten agent types and a total number of agents of 132: 3 politicians, 3
religious leaders, 3 businessman, 3 organised criminals, 4 commanders, 6 drug
dealers, 10 drug farmers, 20 warriors, 30 farmers and 50 civilians. In the beginning of
the simulation, each agent is assigned an ethnicity (proportional to the land indices), a
religion (Sunni or Shia), a number of kinspersons and a (Moore) neighbourhood. The
majority of the land is rural. There is only one city. Rural areas are rather
homogeneous in terms of ethnicity and religion, whereas the city is a “multicultural”
space. Some agents belong only to rural spaces, such as farmers (drug farmers), some
only to the city, such as organised criminals. However, we do not model geographical
representation as such and our agents are spatially static.
The overarching model architecture is simple. Everything that has to do with
cognition is implemented in Jess, the rest is implemented in Java. For example the
decision if a commander wants to invest money with a businessman is coded in Jess.
Money transaction and control over assets, by contrast, are coded in Java. Besides the
arguments put forth in section 3.1 such an architecture makes efficient use of
computational resources. The model makes use of the Repast libraries.

4 Results
We discuss three categories of results. First we describe a commander’s “life”.
Subsequently we refer to the sequence of a single simulation run. Whereas the first
two categories address problems of agency, the final category deals with networks
and thus with structural aspects of the simulation results.
1

Numbers and proportions are vague approximations as the size of the Afghan population,
something between 20 and 25 million people, is an unreliable and politicised figure.
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All data presented is drawn from the same representative simulation run with the
abovementioned agent configurations.
4.1 A commander ’s “life”
A commander behaves according to the rules listed in table 1. The names of the rules
are self-explanatory. Other agents have comparable sets of rules.
Table 1. A selection of the set of rules according to which a commander behaves
(implemented in Jess). “h” denotes hisyiat, “e” denotes e’tibar.
Rule
default-daily-payment-commander-to-warrior e
commander-endorses-warrior-as-reliable e, h
commander-endorses-warrior-as-unreliable e, h
commander-endorses-warrior e, h
commander-endorses-businessman e, h
commander-endorses-politician e, h
commander-asserts-trustworthiness-affiliation-with-politician h
commander-sends-message-to-answer-politician-protection-request e, h
commander-endorses-religious-leaders h
commander-sends-message-to-best-endorsed-religious-leader h
commander-sends-message-to-answer-religious-leader-spiritual-leader-request h
commander-sends-message-to-answer-businessman-protection-request e
commander-sends-message-to-accept-businessman-protection-request e
commander-invests-money e

During the setup of the simulation (time step (tick) 0), a commander (actually
commander-1) checks how many warriors he can afford on the basis of his assets. He
scans his neighbourhood for warriors, kin and spatial neighbours. He endorses
warriors, selects a number of them, offers to hire them and pays those he hires.
In tick 1, the commander endorses several warriors as unreliable and at the same
time endorses a number of agents for same religion and ethnicity. He keeps on
collecting warriors and pays their salary on a daily basis. He also endorses a
politician, a businessman and a religious leader.
In tick 2, the commander mainly collects warriors and pays them. In principal this
goes on as long as he has money to pay them.
In tick 3, the commander again endorses a businessman and a religious leader but
is not able to affiliate with either of them.
Although commander number 1 is a particular boring commander – at least in this
simulation run – we can see clearly how he gradually builds up his neighbourhood,
namely by constantly watching the area surrounding him for possible affiliations. If
he finds a suitable agent he endorses him and decides on the basis of varying facts –
for example ethnicity, religion, kin, reliabilty, trustworthiness – if he wants to affiliate
with him. It becomes also obvious that the ability to accumulate and redistribute
resources is vital. Commander number 1 will have a hard time, as he is lacking
affiliations with businessmen and thus will soon have no more money to pay his
warriors on a regular basis. This will characterise him as untrustworthy. As a
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consequence he will have even less affiliations leading to a “death” in isolation. As a
neo-patrimonial agent commander number 1 failed.
4.2 The sequence of events
We stated above (section 3.1) that the sequence of actions represents the process of
agent behaviour, the totality of which represents the course of the simulation and thus
the model dynamics. Let us consider the same simulation run, but this time from a
macro perspective. Figure 2 represents the number of rules that fired per tick for each
type of agent (tick 0 to 20). In total 19983 rules fired during these 20 ticks.

Fig. 2. Number of rules that fired per tick for each type of agent.

In general, figure 2 indicates that the agents, and thus the model, are in constant
flux. Between tick 0 and 2 a sharp decline in the number of rules that fire is
recognisable. This is not only due to a high number of rules that fire during the model
setup in tick 0, but it also mirrors an organisational process. Agents intensively
endorse each other and select with whom they want to interact in an initial
organisational phase.
After the decline comes to an end in tick 2, two interesting developments occur. On
one hand, commanders and warriors start getting very active, while on the other hand
the rest of the agents remain in a constant state of action. The frequency of this
constant activity is between 18 fired rules per tick for politicians and 0 fired rules per
tick for farmers. This result appears to be sensitive to the initial agent distribution and
needs to be further explored in upcoming model versions.
Per contra, increasing activity among commanders and warriors indicates, from an
agency point of view, the establishment of a dense network among these two types of
interacting agents and a cooperation takeoff. This might be a consequence of the
model’s initialisation as well as of the number of agents in the model. Naturally, the
likelihood of mutual interaction increases with an increasing population density. The
effects of both, model setup and population density on mutual cooperation must
therefore be analysed in more detail. We expect that other types of agents, for
example politicians or religious leaders with civilians, experience similar takeoffs.
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4.3 Qawms as neo-patr imonial networ ks
After having discussed the model output in relation to individual and aggregated
agency, let us turn now to structural output, i.e. networks. Again, we analyse the same
simulation run. Figure 3 depicts a simple network visualisation for our model output.
Agents affiliated with each other are linked via a line.

Fig. 3. Network of agents exhibiting three distinct clusters.

Three distinct but nevertheless interconnected clusters of agents are visible in the
network. Each cluster consists of a variety of agent types. Agents assumed to be more
powerful then others, i.e. politicians, commanders, religious leaders and organised
criminals, are prevalent in the two more dense clusters on the right hand side of figure
3. The third cluster on the left consists only of civilians, farmers and warriors.
However, there is one exception to this finding, namely the lonely commander
number 1 discussed in section 4.1. He can be found rather isolated on the top of the
network not embedded in one of the three clusters. It is possible that real centres of
power emerge in highly populated areas exhibiting a large variety of agent roles.
The reasons for the evolution of this network of clustered affiliations are manifold:
agents affiliate because they share the same ethnicity or religion or because they have
established a business relationship or because they seek protection with a commander.
But in general, the clusters can be perceived as emergent properties of agent neopatrimonial behaviour as reified by our agent rules. The model generates data of the
sort we expected (see section 2.2) and its output can therefore be considered as
representations of qawms.

5 Conclusions
This paper is about growing qawms computationally. It includes meta-theoretical,
contextual and social modelling considerations which have been exemplified by
reasoning about critical realism as meta-theory for social simulation, by the
introduction of a case-study informed intuitive model of qawms and by a conceptual
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as well as implementational discussion of an evidence-based and declarative social
simulation model and its output. We consider the proposed proceeding to be a feasible
and promising general research design for evidence-based social simulation.
Because we cannot provide stringent cross-validational results at this stage of
research, our conclusions are preliminary. Nonetheless, section four reports
interesting results which indicate processual and structural homology with the target
system. In particular, we find neo-patrimonial behaviour is a highly socialised
strategy to gain power. Isolated actors are doomed to fail – even if they have the
personal potential of becoming powerful. Moreover, neo-patrimonial behaviour
requires constant activity. Actors must be continuously aware of potential chances to
affiliate with other actors for their own good. This can result in a mutual takeoffprocess. Both of these features of the model output are found on the ground in
Afghanistan where a strongman is always embedded and where there are constant
changes of alliances in hope of positional gains.
The sequence of events referred to in section 4.2 produced a dynamic pattern that
resembles the dynamics prevalent in conflict-torn societies, where all-out war is the
exception, but constant noise and hard to forecast volatility is the rule [10]. This
applies to Afghanistan as well.
Finally, we succeeded in simulating an artificial social structure that resembles
qawms. Mutual interaction among different types of actors leads to the emergence of
a complex organisational structure which contains a number of centres of power
which themselves consist of a number of political, economical and military
stakeholders cooperating in a limited way. Fuchs [9] reports similar structures in a
network analysis of Afghan regional leaders based on qualitative data.
The model presented suggests possible insights into the complexities and evolution
of Afghan power structures. It also suggests directions of further qualitative,
ethnographic research regarding individual actors, such as spatial movement and
conflict behaviour. Finally, the emergent network must undergo an in-depth social
network analysis.
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Abstr act. The aim of this paper is to model the process of learning within a
social network and to compare the level of learning in two different situations:
one situation where individuals know others competencies as a given data and
interact on this basis; and one situation where individuals know nothing about
others competencies but rather build this knowledge over time, according to
their past interactions. For this purpose, we build an agent-based model and
model these two scenarios of simulations. Results are partly analyzed using
network analysis and show that in the second type of simulations agents are
able to identify the most competent agents in the network and increase their
competencies. Results also show that learning is easier when there is no prior
knowledge of others’ competencies. Otherwise, agents deal with a congestion
effect that slows down the learning process.

Keywor ds: Learning, knowledge, network, agent-based model

1

Intr oduction:

Knowledge became very important for organizations since knowledge-based
economy appeared. Nowadays, it represents a crucial asset that every organization
should take care of, just like every other asset and yet, in a quite different way [1].
Knowledge is intangible and therefore is not easy to capitalize within an organization,
or share between a set of individuals. Knowledge is acquired through a learning
process where we can distinguish two levels: individual learning and social learning
[2], [3], and [4].
First, let us start by giving a brief definition of individual learning. We choose to
follow Dibiaggio’s definition [5] who defines this process as a means to reach a goal,
solve a problem or answer a question. He considers that it is related to the difference
between the knowledge one already has, and the necessary knowledge required to
answer a question. In this paper, we will consider that individual learning occurs
when an individual increases his/her competency. Salomon and Perkins [6] state that,
in reality, it is not possible to consider individual learning as an isolated process, as it
is always related to a social context with social norms and influences. This leads us to
a rather social perspective of learning. Zimmermann [4] gives the following
definition: « Social learning corresponds to a situation where agents or individuals are
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able to modify their behavior, state, opinion or other factor, on the basis of
information derived from the observation of their neighbors (Bala and Goyal, 1998)
or more generally from the observation of these agents' behavior and performances».
Learning is thus a socially constructed phenomenon [8].
The aim of this paper is to compare learning in two different situations: one
situation where individuals know others competencies as a given data and interact on
this basis; and one situation where individuals know nothing about others
competencies but rather build this knowledge over time, according to their past
interactions. For this purpose, we will build an agent-based model and model these
two scenarios of simulations:
- Simulations with prior knowledge: simulations where agents know eachother competencies;
- Simulations without prior knowledge: simulations where agents acquire this
knowledge through their interactions.

2

Descr iption of the model

2.1

The agents

We have a population composed of 110 agents. Each agent is characterized by the
following features:
-

Knowledge vector: this vector is composed of 100 knowledge concerning
100 different subjects.
Subjects

1

2

…

99

100

Knowledge vector

1

0

…

1

1

Fig.1. Example 1: an agent has the knowledge concerning subjects 1, 99
and 100 but knows nothing about subject 2.

-

Competency: defined as the number of subjects an agent knows about.
Memory: where an agent stocks information about past interactions (name of
agents previously met and the answer given by each one of them).
Availability: defined by the number of questions that an agent is allowed to
answer per time-step.
Tolerance threshold: defined as the number of unanswered questions that an
agent is willing to accept from another agent, before deciding not to ask him
anymore.

According to these features, every agent is potentially a knowledge-seeker or a
knowledge-provider, or both, according to his competency:
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In terms of answering questions and providing knowledge, we consider that the
population of agents is divided in two parts: priority knowledge-providers (pkp) and
secondary knowledge-providers (skp). The members of the former have knowledge
about the 100 subjects of an agent’s knowledge vector; they have a competency equal
to 100. Whereas the latter members have a competency equal to or higher than a
competency threshold (CompMin) defined as the minimal competency required in
order to have the ability for answering questions. This threshold is equal to 751.
In terms of asking for knowledge, each agent that has a competency smaller than
100 is a knowledge-seeker. This includes skp as well.
The initial structure of the population is the following:
- 1 agent with an initial competency equal to 100;
- 9 agents with an initial competency equal to 75;
- 100 agents with an initial competency equal to 0.
2.2

Inter acting
-

2.3

An interaction is defined by a question asked by agent a to agent b, and
answer given by agent b to agent a.
Each agent can only ask one question per time-step.
An agent asks a question about a subject it knows nothing about.
An agent answers a question if it has the specific knowledge asked for and if
it is available; otherwise, it will ignore the question.
Lear ning pr ocess

Each time an agent gets an answer to a question; it raises its knowledge of that
particular subject to 1, and won’t ask questions about this subject anymore. Following
example 1, an agent increases her knowledge of subject 2, as shown in fig. 2.
Subjects
Knowledge vector

1
1

2
1

…
…

99
1

100
1

Fig.2. An agent learns and acquires knowledge about subject 2
2.4

Choosing a knowledge-pr ovider
-

Simulations with prior knowledge: agents choose the most competent agent
in the population.
Simulations without prior knowledge: to choose a knowledge-provider, an
agent will base its decision on the performance of each knowledge provider

1

We led simulations for several values for CompMin and 75 is the value where the highest
numbers of agents increase their individual competencies.
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towards it. The performance of agent j towards agent i at time-step t+1
t -1

( perf ij ) is calculated as follows:

perf ijt -1 ? c perf ijt - *1 / c + nbAnswers ijt -1
t -1

Where: g = 0.22 and: nbAnswers ij

(1)

: Number of answers given by agent j

to agent i at time-step t+1.
At the first time-step, knowledge-providers are selected randomly.
From the second time-step on, each knowledge-seeker will select the agent
with the highest performance towards it.
An agent leaves the community once it has no more agents to ask questions to. We
run simulations until no more questions are asked.
2.5

Par ameter s of simulation
-

2.6

Availability: we will make this parameter vary between 1 and 10 questions
per time-step.
Tolerance threshold: will also vary between 1 and 10 unanswered questions
per agent.
Indicator s

We will observe the following:
- Number of priority knowledge-providers: this indicator will show how many
agents were able to raise their competencies to the highest level (100).
- Mean learning of agents who left the community: measured by the mean
competency of these agents at the end of the simulations. This indicator will
let us know the level of learning reached by some agents, before leaving the
community.
With the several variations of the simulation parameters, we have 100 different
scenarios of simulation. We run each scenario 30 times, and the results presented are
the mean results of the 30 iterations of each scenario.
3

Results of simulations

3.1

Simulations with pr ior knowledge:

We led simulations for values of g between 0 and 1 and g = 0.2 is the value where
the highest number of agents increases their competencies.

2
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Number of Pr ior ity Knowledge-Pr ovider s. The following figure shows the
number of pkp at the end of the simulations. We can see that this number
reaches 110 agents (i.e. all the agents of the network) as soon as the smallest
value of agents’ availability and for a tolerance threshold equal to or higher
than 7.

Fig. 1. Number of pkp at the end of simulations with prior knowledge
The same scenario is observed for other values of availability. All
agents become pkp when certain equilibrium is reaches between values of
knowledge-providers’ availability and knowledge-seekers’ tolerance
threshold. These values are:
Table 2 Minimal tolerance threshold required for each value of availability
in order to have a maximal number of pkp
Availability

1

2

3

4

5

6

7

8

9

10

Toler ance
thr eshold

7

5

4

2

2

2

2

2

2

2

For all values smaller than the values presented in table 2, the number
of pkp at the end of the simulations is quite small. Thus, the learning process
is poorer.
Mean Lear ning of Agents who Left the Community. With this indicator,
we can have an idea of the number of agents that could increase their
competencies to a level equal to or higher than CompMin (75). Thus, we are
able to know how much did the knowledge-seekers (i.e. agent that had an
initial competency equal to 0) learn before leaving the community. Results
are shown in fig.2
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Fig. 2. Mean competencies for knowledge-seekers that left the community in
simulations with prior knowlegde
This figure shows the mean competencies of leaving agents for several
values of availability. This competency is not observable for some values of
availability and tolerance threshold. These values match the values of these
two parameters where all of the agents were able to become pkp. From this
figure, we can see that, before leaving the community, knowledge-providers
did not learn that much. The maximal mean competency barely reaches 26.
To sum up the results presented above, it is obvious that the learning process
depends on agents’ availability and tolerance. But it is likely that it depends
more on knowledge-providers’ availability than on knowledge-seekers’
tolerance. This could be explained by the fact that, as all agents know eachothers’ competencies and always ask the most competent agents first, there is
a congestion effect. Thus, access to knowledge is not possible for every
agent, and therefore, some of them leave the community with a quite low
level of competencies. Agents’ tolerance should help for better learning, but
this parameter remains at a secondary level, whereas the most important one
is knowledge-providers’ availability. Let us see now the results obtained by
simulations without prior knowledge about others’ competencies.
3.2

Simulations wher e agents know nothing about other s’ competencies:
Number of Pr ior ity Knowledge-Pr ovider s. Next figure shows the number
of pkp at the end of simulations without prior knowledge about others’
competencies. Here, for all values of tolerance threshold, all agents are able
to become priority knowledge-providers as soon as knowledge-providers’
availability is equal to 4. Below this value, the number of pkp at the end of
the simulations is quite low. However, it remains higher than the number of
pkp observed at the end of the previous set of simulations.
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Fig.3. Number of pkp at the end of simulations without prior knowledge
Mean Lear ning of Agents who Left the Community. Figure 4 shows the
competencies reached on average by initial knowledge-seekers before leaving the
community. We can see that the level of mean competencies appears for points
that correspond to: (availability = 1, tolerance threshold = 1), (availability = 1,
tolerance threshold = 2), (availability = 2, tolerance threshold = 1) and
(availability = 3, tolerance threshold = 1). These are the only combinations of
availability and tolerance values where not all the agents were able to become pkp.
Nevertheless, the level of competencies reached on average is quite high if
compared with simulations where agents had prior knowledge about each-others’
competencies. It reaches 65 for (availability = 3, tolerance threshold = 1).

Fig.4. Mean competencies for knowledge-seekers that left the community in
simulations without prior knowlegde
From figure 4, it is even clearer than in simulations with prior knowledge,
that knowledge-providers’ availability has more influence on knowledge-
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seekers’ learning, than knowledge-seekers’ tolerance. And we can see from
both figures 3 and 4 that agents learn more when they don’t have prior
knowledge about each-others’ competencies, they if they did. In such a
situation, the congestion effect observed in the first set of simulations tends
to disappear. Thus, agents have an easier access to knowledge.

4

Results discussion:
4.1 The congestion effect:
Results from simulations above stress that agents increase more their
competencies when they don’t have prior knowledge about each-others’
competencies, than when they do. This can be explained by the strong
congestion effect observed in the first set of simulations. In the summary of
the first set of results, we suggested that agents’ tolerance should relax the
congestion effect. Let us see if that is true. To do so, we use network
analysis.
We choose to use Freeman’s degree centrality measures on the
adjacency matrix derived from simulations where the congestion effect is the
strongest, i.e. where knowledge-providers’ availability is equal to 1. We will
compare results when knowledge-seekers’ tolerance is equal to 1 and when it
is equal to 10 and see whether the congestion effect is weaker or not. Results
are as follows:
Table 3. In-degree centrality when availability = 1 and tolerance threshold = 1
In-Degr ee
12.327
37.951

Mean
Standar d deviation

From the table above, we can see that the in-degree centrality (which
represents the number of questions received by a knowledge-provider) is
quite unequally spread among the knowledge-providers in the community. In
fact, at the end of the simulations, the community is composed of the 10
initial knowledge-providers and the only one knowledge-seeker that was able
to become a pkp. These 11 agents get between 109 and 208 questions,
whereas the 99 other agents (knowledge-seekers) left the community without
being able to increase their competencies enough to answer questions. This
indicates that almost all initial knowledge-seekers asked the same set of
agents, causing a congestion effect and making access to knowledge not
easy.
The in-degree network centralization gives a description of the
population as a whole. It expresses “the degree of inequality or variance in
our network as a percentage of that of a perfect star network of the same
size” [8]. Here, it is quite low: 1.812 % and we will now compare it with
results of simulations without prior knowledge.
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Table 4. In-degree centrality when availability = 1 and tolerance threshold = 10

Mean
Standar d deviation

In-Degr ee
125.336
358.361

In this set of simulations, the mean number of questions asked is larger than
in the first case. It reaches around 121 questions whereas it was equal to 12
when agents’ tolerance threshold was equal to 1. This makes sense because
agents stay longer in the community and ask more questions as they are more
tolerant towards knowledge-providers. However, we can see that in-degree
centrality is even more unequally spread among knowledge-providers, the
standard deviation reaches around 358. This means that most agents still ask
the same ones, and this can be verified by looking at the in-degree centrality
for each agent. Again, at the end of the simulations, the population counts 11
knowledge-providers (the 10 initial ones and the only one knowledge-seeker
that became a pkp). These 11 agents received from 1096 to 1198 questions
throughout the simulations, whereas the rest of the agents (99 knowledgeseekers) didn’t get any question because they didn’t increase enough their
competencies.
If we look at the in-degree network centralization, we will notice that
increasing agents’ tolerance increases this measure. The network in-degree
centralization was equal to 1.812% when agents’ tolerance was equal to 1,
and it shifts to 9.111% when agents’ centralization is equal to 10. This is
quite interesting because one would expect that if agents were more tolerant,
then they would learn more. In fact, according to our results, it seems that if
agents were more tolerant, the congestion effect would get stronger as there
are more agents waiting for an answer without necessarily having it at the
end of the simulations.
4.2 The cor e of the population:
The core of the population is composed of the knowledge-providers with the
highest in-degree centrality, i.e. agents that received the largest number of
questions at the end of the simulations. We will use results from simulations
without prior knowledge about others agents’ competencies. We wish to
compare these agents to the most competent agents in the community and
see whether knowledge-seekers were able to identify knowledge-providers
and ask them questions, or not.
Results from simulations without prior knowledge show that agents
with the highest in-degree centrality are always the 10 initial knowledgeproviders, and this is always the case, no matter the values of availability and
tolerance. We can show this result in the next figures.
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Fig.5. Mean number of questions received by an initial knowledge-provider

Fig.6. Mean number of questions received by an initial knowledge-seeker
From the two previous figures, we can see that the average number of
questions received by an initial knowledge-providers is almost twice larger
than the average nulber of questions received by an initial knowledge-seeker
who managed to become a knowledge-provider, when the values of
availability and tolerance are quite small. The gap bewteen these two average
numbers gets even bigger as the knowledge-providers’ availability increases.
As agents are more available, knowledge-providers gets more and more
questions, whereas initial knowledge-seekers don’t.
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Fig. 7 In-degree centrality when availability = 4 and tolerance = 1
From figure 7, we can see that the core of the population is clearly visible.
These agents are the most competent ones (as given by the initial structure of
the population) and they also happen to be the ones with the highes in-degree
centrality. This shows that knowledge-seekers were able to identify, through
their inetractions, the most comepetent agents in the population. Learning is
quite good (all agents were able to become pkp in most simualtions) given a
certain balance between konwledge-providers’ availability and knowledgeseekers’ tolerance. This balance is summarized in the folowing table:
Table 5 Minimal tolerance threshold required for all values of availability in order to
have a maximal number of pkp
Availability
Tolerance
threshold

5

1
3

2
2

3
2

4
1

5
1

6
1

7
1

8
1

9
1

10
1

Conclusion:

Let us compare the equilibrium to be reached in simulations with prior knowledge and
in simulations without prior knowledge, in order for all agents to become priority
knowledge-providers. Table 6 shows this equilibrium in both types of simulations.
Table 6. Equilibrium required between availability and tolerance threshold in both types of
simulations

Tolerance
threshold

Availability
Simulations
with prior
knowledge
Simulations
without
prior
knowledge

1

2

3

4

5

6

7

8

9

10

7

5

4

2

2

2

2

2

2

2

3

2

2

1

1

1

1

1

1

1
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It seems that the equilibrium needed between these two parameters is easier to reach
when agents have no knowledge about others’ competencies and build this knowledge
over time, through their interactions. In fact, in this type of simulations, all
knowledge-seekers become pkp as soon as knowledge-providers’ availability is equal
to 1, and tolerance threshold equal to 7.
When agents have prior knowledge about others’ competencies, knowledgeseekers need to have a tolerance threshold equal to 7, in order to be able to become
pkp. This scenario of simulations can be thought of as a situation where agents
interact through a network where there is an established hierarchy, and where agents
have to follow some strict rules of interaction. These rules make them interact with a
very specific set of individuals (in our model, agents had to interact with the most
competent ones). This looks like a rather formal network.
The scenario of simulations without prior knowledge about other agents’
competencies would rather represent an informal network. The most competent agents
in the community are not explicitly nominated. Thus, there is no explicit hierarchy or
strict interaction rules. Agents have to interact and learn with one another and
eventually learn by increasing their individual competencies. According to this
interpretation of the results presented above, it seems that the equilibrium needed
between availability and tolerance is easier to reach in an informal network than in a
formal one. Thus, learning in an informal network should be easier than in a formal
one.
We can compare this result with the work of Cataldo, Carley and Argote [9]
where the authors studied knowledge transfer in a social network with a hierarchical
structure, and in a network with a fully connected structure. Results showed that the
hierarchical structure was for more restrictive in terms of knowledge transfer, than the
fully connected structure.
What we call here a formal network, given by the simulations with prior
knowledge about other competencies, has a star structure, very hierarchical, with the
pkp agents in the core of the graph and the rest of the agents situated at the periphery
(cf. appendix A). Whereas what we call an informal network has a fully connected
structure (cf. appendix B). The results of our simulations are consistent with the work
of the previous others and show that the network structure has a strong effect on
knowledge transfer. Besides, results show that, in terms of knowledge transfer and
individual learning, it is better if agents have no prior knowledge about others’
competencies and rather learn to know the other agents through their past interactions.
This means that agents are able to coordinate their actions in a way and have access to
knowledge without communicating or sharing information. To do so, they only need
to consider their own experiences and do not need to communicate or exchange
information about that.
This model presents a number of limitations. Future developments of the model
should include a new parameter that would summarize the balance needed between
agents’ availability and tolerance and include both parameters. We did not address the
eventual decrease of agents’ knowledge. For instance, when an agent does not receive
a question about a particular knowledge, it forgets it. This is something that we are
currently working on and should appear in a forthcoming paper. In addition, one
should think about new parameters to model the formal/informal feature of a network.
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We could be able to know in a more precise way the role played by the nature of the
network (formal or informal) in the learning process of the member of the network.
And then, maybe we’ll be able to confirm the results that these simulations are
suggesting. Despite these limitations, this study provided an insight on how networks
structure affects knowledge transfer among their members, and therefore the impact
of such a feature on the learning process that takes place within networks.

Refer ences
1. Foray D.: L’économie de la connaissance, éditions La Découverte, (2000).
2. Bala V. and Goyal S.: Learning from Neighbours, Review of Economic Studies, 65, 595621 (1998).
3. Leroy, F. : L'apprentissage organisationnel : revue de littérature critique". 7ème Conférence
Internationale de Management Stratégique, Louvain (1998).
4. Zimmermann J.-B. : Social networks and economic dynamics, In: Bourgine P. and Nadal
J.-P. (eds): Cognitive Economics: an interdisciplinary approach, pp 399-416, Springer
(2004)
5. Dibiaggio L. : Information, connaissance et organisation, Ph.D. Thesis, Université de Nice
(1998).
6. Salomon G. and Perkins D. N.: Individual and Social Aspects of Learning, Review of
Research in Education, Volume ,23 ,P. David Pearson and Ali Iran-Nejad, editors (1998).
7. Cook S.D.N., Yanow D. : Culture and organizational learning, In: Cohen M.D. and Sproull
L.S. (Eds), Organizational learning, Sage, 430-459 (1996).
8. Hanneman, R. A. and Riddle M.: Introduction to social network methods, Riverside, CA:
University of California, Riverside (2005).
9. Cataldo, M., Carley K. M. and Argote L.: The effect of personnel selection schemes on
knowledge transfer (2001).

Appendix A:

Fig. 8 Network structure in simulations with prior knowledge about others’
competencies when agents’ availability is 1 and agents’ tolerance threshold is 10
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Appendix B:

Fig. 9 Network structure in simulations without prior knowledge about others’
competencies when agents’ availability is 1 and agents’ tolerance threshold is 10
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Abstract. In this study, we investigate what would happen in a Chinese
historical family line. We analyzed a particular family line, which had
so many successful candidates, who passed the very tough examinations
of Chinese government officials over 500 years long. First, we studied
the genealogical records ’Zokufu’ in China. Second, based on the study,
we implemented an agent-based model with the family line network as
an adjacency matrix, the personal profile data as an attribution matrix.
Third, using ”inverse simulation” technique, we optimized the agentbased model in order to fit the simulation profiles to the real profile
data. From the intensive experiments, we have found that both grandfather and mother have a profound impact within a family to 1) transmit
cultural capital to children, and 2) maintain the system of the norm system of the family. We conclude that advanced agent-based models are
able to contribute to discover new knowledge in the fields of historical
sciences.

1

Introduction

It is more than 30 years since Pierre Bourdieu introduced the structure of reproduction in relation to cultural capital and education. He introduced the system
of the norm (Habitus) within a family which reproduces cultural capital and
plays a critical role in the selection of social stratification [1]. Furthermore, he
referred to the civil service examination 3 which was used as the selection system for government officials in former days in China and also indicated the role
played by cultural capital in the selection mechanism of examinations, when he
pointed out the importance of examinations in the French education system [2].
However, in modern societies, the traditional concept of the family is forced
to change in various areas because of the changes in the social system and local
3

The term ”Civil Service Examination” in the historical science field means the very
tough examination for government officials of higher classes in China. The examination system runs for about 1,300 years.

139

society through the advance of globalization. Under these circumstances, it is
getting more important to know the function of the family as the fundamental
element of the social system [7].
There have been many changes in sociological approaches to family study.
Now, there are approaches based on historical demography which interprets the
time-series changes of family composition / population size, approaches based
on network logic which borrows from the analysis method of the social network,
and also traditional approaches based on the comparative institution, historical
sociology and exchanges.
As mentioned above, the method of approach changes gradually to computable sociology in the field of family study. In this study, we construct an
ABM based on the viewpoint of historical demography and the social network,
and analyze the family system of a particular Chinese family line over a period
of about 500 years. We then clarify the system of the norm which is maintained
by the family, through a simulation of time-series changes of the attribution of
family members, and then by inverse simulation.

2

Related work

Study of the family has been promoted from various angles: sociology, historical
science, anthropology and biology. We begin with the sociology of the family.
2.1

Analysis of the Family System

The sociology of the family commences from a fundamental sociological concept
and assumption. In other words, the sociology of the family consists of the concept of reward, benefit, and exchange, and the assumption that regards human
being as a rational existence. The sociology of the family and its analysis is specified from the notion that the family is one of the social systems. This analysis is
an approach to the family from the point of a system based on the fundamental
concept that the system is the body which organizes and regulates the norms/
rules / customs of the human being,
Where the data is arranged in time series order, it is an historical comparison. Where the data is arranged by country or by area, it is an international
comparison. ”Clan, Caste and Club” by Hsu is regarded as a typical comparison
analysis [10]. Hsu analyzes the influence of relationships within the family, based
on the framework of the inheritance system as family typology.
2.2

Historical Sociology

Study of the traditional family shows clearly that the line maintains its continuity
and formality through various strategies such as traditional practices within the
family [6].
In the theory of family changes, change is examined from the point of the
family structure and its scale, from the stem family system to the conjugal family
system [14].
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Historical demography has shown the change of population and the social
conditions of the past through the empirical approach of drawing on parish
records in Europe on historical trends of families/households. The footsteps of
individuals over the past hundreds of years can be reconstructed from such data
as the historical records of individual religious affiliation/ official family registry
in Japan which recorded the details of names, ages, relationships to head of
household, births, deaths, marriages and moving destinations of members of each
house [8]. The data from genealogical records is similar to the above records.
2.3

Family Demography

It is common in the study of family demography that the major subjects of
study are births, deaths, movement and marriages and analysis is done of family
events throughout the cohort by year of birth [9].
2.4

Archeology and Cultural Anthropology

There are other branches of study which have many contact points with study of
the family: (1)Archeology which looks at ancient monuments/ remains / relics
and studies human cultures of the past, (2)Cultural Anthropology which compares such matters as ways of life, languages /common practice /ways of thinking
and tries to find the rules which are common to humanity.
Especially in family anthropology looked at by, for example, E.Tod, there
is research into family systems throughout the world and matters relating to
cultures and social systems are considered anthropologically. Ethology finds the
germination of paternity in the behaviors of chimpanzees and studies the creation
of society and the organization of kindred of early peoples [16].
2.5

Theory of Cultural Capital

In ”La Distinction” Pierre Bourdieu[1] defined cultural capital as the coming
together of tangible and intangible property related to culture in the broad
sense of the term. He classified it into the following three categories;
a) The variety of knowledge, accomplishment, expertise, liking and sensitivity
that each individual has accumulated through his/her family circumstances
and school education (physicalized cultural capital).
b) Cultural property which can be held in the form of materials such as books/
pictures/ tools/ machines (cultural capital which can be held).
c) Qualifications and titles from the education system and examinations (institutionalized cultural capital).
According to Pierre Bourdieu, education institutions do not monopolize the
production of cultural capital, itself, although they have the ability to change
inheritance cultural capital to educational status capital by monopolizing the
issuance of certificates. This shows that such accomplishment may have an advantage for seemingly fair examinations of the implicit norms of the ruling class,
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and that culture and Habitus are actually invisible standards of selection. Habitus means the system of norms as the system of all tendencies, which produces
a manner of action and sense, specific to certain classes / groups. This cultural
capital is handed on to the next generation within the family.

2.6

Theory of Social Capital

The importance of social reliance is recognized by the study results of social capital and social system, described by Patnum [12][13]. The norm of reciprocation
is maintained by imitation, socialization and forcing by sanction. Reciprocation
is classified into the following two categories; ”Balanced Reciprocation”, which
is to exchange reciprocally with a specified person. ”Generalized Reciprocation”,
which benefits in a one-sided way and lacks balance at a particular time, but
it is to be returned in the future. The norm of generalized reciprocation is a
very productive component of social capital and is related to the close network
of social exchanges. It can be said that family lines not only maintain within a
family the system of the norm which reproduces the norm of reciprocation, but
they also make use of marriage which implies the system of the norm between
families that have produced many excellent descendents. This study intends to
examine the above assumption.

2.7

Agent Approach

In addition to the above mentioned sociological approaches, studies of family and
history have also been carried out by social simulation employing agent technology. The appearance of mating was reproduced in SugarScape, Epstein by the
interactions between the birth rate of the agent and the population density [5].
The mating of agents was phrased as the network of family line and the relationship of the agents by blood was shown. Timothy A. Kohler and other scholars
applied agent simulation to archeology in the Village Project and brought out
the connections between change of vegetation, migration and change of population [11]. Furthermore, Cathy A.Small analyzed the influence of the marriage
system in Polynesian society by employing a simulation model [15]. As mentioned above, use of the agent model is common in sociology and anthropology.
These studies have shed light on social structures and historical matters. Most
of them are done from the analytical point of view. However, the agent approach
focuses attention on the active aspect of history and has reproduced the change of
matters by employing a simulation model. However, these simulation models are
built based on historical facts which are already known and have been analyzed.
This study tries to bring out undiscovered historical facts and structures by
employing the above agent models and the inverse simulation method which
estimates such acts and variables that may meet the historical facts.
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3

History of Civil Service Examinations

In the past in China, there were examinations for the recruitment of government
officials which were institutionalized as the civil service entrance examinations in
the Tang Era. The golden age of the examinations was during the Sung Era, when
politicians who passed the examinations displayed great abilities and reached
the heights of politics. The examinations comprised a provincial examination, a
metropolitan examination and a palace examination, with an entrance examination for school in each prefecture as a preliminary step. Successful candidates
who passed the final step of the palace examination were called ”chin-shih”. As
there was no way to make money other than passing the examinations over the
hundreds of years from the start of the examination in the 6th or 7th centuries,
many people tried hard to pass the examination. As a result, the competition
heated up and the environment surrounding individuals became more important
than the ability bestowed upon individuals in order to beat the competition. If
an individual had the same abilities as others, then being rich became advantageous, it was better to be from an educated family and to live in an urban
area with more advanced culture rather than being poor, from unlearned parents and living in the country. This phenomenon factored in the progress of the
skewed distribution of culture and wealth. When European civilization surged
into China at the ending of the Ching dynasty, it became more important to have
an education in such things as natural science, experimentation and industrial
art. The civil service examination system was finally brought to an end in 1904
by the Ching Government.
As mentioned above, it was a qualifying examination system for high-ranking
officials which had been implemented for more than one thousand three hundred
years. There were the following titles awarded as qualifications by the department
of literature:
– chu-jen for those who passed the local examination.
– sheng-yuan for the status of student at a prefecture school, as a preliminary
step.
– kung-sheng and chien-sheng for those who were recommended as central
students.
According to Benjamin A. Elman [4], where the state emphasized the examination system for the production of loyal bureaucrats to the state, the candidates
regarded the system as the most authoritative method for achieving their own
personal success through successfully passing the said examinations. However,
it took a huge investment in time, effort and training in order to achieve such
success. Such candidates set their family, clan and lineage as the strategic targets of the social reproduction of their community. In the Ming and Ching eras,
the school education system accepted only those candidates who already had a
good command of the official language and were literate in classical Chinese. It
was the responsibility of each house to obtain and maintain these elite positions
as the ”House of the Bureaucrat” at the initial stage of educating a son and
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preparing for his entering government service. Further more, Elman points out
that it is possible for seemingly ordinary candidates to have achieved academic
success because they had bureaucrats among their close relatives or affinities
to the same lineage. Under these circumstances, the examination system proved
successful in that it created elite families as areas of cultural reproduction, and it
guaranteed that the right background gained superiority for a successful future
social and political career and that the candidates came from a family which
had the tradition of learning classics and spoke the official language.
However, there was a tendency that certain family lines could produce more
successful candidates even from among these elite families, and there was a big
difference between each family line. In China, records of family trees had been
made from old times and kept as genealogical records: ”Zokufu”. Zokufu refers
to records relating to family tree and lineage. It is a paternal record from the
primogenitor and includes name, birth year, year of death, antemortem achievement, wife s name, number of children, place of residence and other information
for each family member.
In this study, we used the Zokufu of the Y Family in the Ming and Ching
Eras. The Zokufu mainly consists two parts: the ”sekei” which shows generally
the family tree, and the ”sehyo” which records the details of the profile of each
member. Each example is shown in Fig.1.

Fig. 1. Family Tree(left) and Personal Profile(right)

Changzhou, Jiangsu, the home of the Y Family, is located in the Gangnam
region, which produced the highest number of successful examination candidates,
who ranked 1st or 2nd throughout the country in the Ming and Ching eras. It
was clear that most of these candidates were from certain families, and there
were twenty seven families which kept producing chin-shih and chu-jen for the
period of more than five generations during the Ming and Ching eras. Among
these families, the Y Family was one of the typical cases, it produced twenty two
successful candidates for the period of more than twelve generations. By analysis
based on agent simulation, we began to know why so many such successful
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candidates were produced from the same family, by employing the Zokufu of the
Y Family.

4

Agent Simulation of Zokufu

We prepared the types of data as available for the simulation from the ”sekei”
and ”sehyo” Zokufu data. The sekei data show the relationship between father
and son, and we were able to prepare the adjacency matrix from this data. The
Zokufu of the Y Family contains data for a total of 1237 persons. It makes the
adjacency matrix of 1237 1237 which shows the relationship between parent
and child, and ”0, 1” represents this relationship. In the same manner, we prepared the attribution matrix of each person from the sehyo data. The attribution
involves chin-shih, chu-jen, kung-sheng, sheng-yuan, chien-sheng, chuan-na, merchant, painter, poet, qualified status of the examinations of wife’s family home /
daughter’s married family and others. Each of these elements is represented by
0, 1 Fig.2. We can reproduce the family tree with attribution from the above two
matrixes and implement the simulation based on this family tree. Each member
of the family tree is grouped by birth year and tallied as successful candidate by
cohort.
Outline of the Agent Simulation as follows:
– Each agent can transmit cultural capital from parent to child, from grandfather to grandson, from great-grandfather to great-grandson, by face to face
along the family tree shown by the adjacency matrix.
– There are two categories of cultural capital: knowledge cultural capital and
art cultural capital.
– Where there is a successful examination candidate on the mother’s side of
the family, his cultural capital is transmitted from parent to child in the
same manner.
– Children have by birth the character of knowledge and art.
– The degree of a child’s cultural capital depends on the synergetic effect of
the character of the child and the cultural capital transmitted by others.
However, only knowledge cultural capital affects success in the examinations
and art cultural capital does not directly affect the rate of success in the
examinations.
The agents can take the above mentioned actions. At the same time, they
have parameters that decide each pattern of action. The parameters are in common with all the agents, which are as follows:
– Who is the transmitter? (father, grandfather, great-grandfather)
– Degree of effect on individual cultural capital (rate of transmission from
father and others).
– Degree of effect by education (the increasing rate of the effects by cultural
capital and by education of character).
– Mode of transmission of cultural capital (how knowledge cultural capital and
art cultural capital are transmitted).
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Fig. 2. Adjacency matrix(left), Attribution matrix(right)

– Degree of effect of the mother’s side of the family (transmission rate of
cultural Capital.

5

Inverse Simulation

The agent simulator model and code are shown in Fig.3, Fig.4. As shown in this
chart, cultural capital is transmitted to children by the system of norms and
the parameter which characterizes the norms that is transmitted along with the
family line. The agent simulations are plurals implemented at the same time by
way of the rule. The profile information of all the agents, which appears as a
result, is compared with the actual profile information based on the attribution
data prepared by the sehyo. These profile data are employed after tallying by
cohort. The objective function sets the error of mean square of this simulator
profile information and actual data profile information. The objective function
is as follows:
n X
m
X
(cij − scij )2 ,
(1)
min : CohortF itness =
i=1 j=1

where n : the number of cohort, m : the number of caltural capital, cij : caltural capital degree, scij : simulated caltural capital degree. We select the better
models by way of tournament with the value of the objective function by each
generation and produce agent models that have the next generation parameter
after the process of crossover and mutation. As a result, we can obtain an agent
model that indicates results similar to the actual profile information. By analyzing the parameters of this model, we can estimate the strategies of the family
lines which produced many successful examination candidates.

6

Experimental Results and Consideration

At the beginning, we implemented simulation experiments for which parameters
were arbitrarily provided. However, we knew it was difficult to find a family
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Fig. 3. Inverse simulation model

that could keep producing the high level of cultural capital to be able to have
successful examination candidates. This is why there are too many parameters,
variables, action patterns to be set for discovering suitable combinations. Therefore, as a second step, we implemented inverse simulations under the following
conditions: Selection by tournament, crossover rate: 0.8, mutation rate: 0.05,
number of models: 100, number of generations: 100. As the result of the experiments, we obtained the following parameters after a lapse of one hundred
generations(Tabel. 1).
Table 1. The result of the experiments
Parameter
The result of Inverse Simulation
People who transmit cultural capiGrandfather only
tal to child
Effect by education : Effect by cul1:1
tural capital
Effect by mother
100%, if maternal grandfather is a
successful candidate.
Crossover rate between knowledge
20%
and art cultural capital
Transmission method of cultural Both cultural capitals of knowledge
capital
and art are transmitted to the child
from parents.

From the above parameters, the following five patterns are prepared for people who transmit cultural capital to a child. Among them only No.4 (from
grandfather) is selected. This may show that the influence of the grandfather is
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Inverse-Simulation(realData)
set parameters and rules of each society to random
for each society in the world
Create-Society(parameters, rules)
end for
while generation < maxGeneration
for each society in the world
Simulate-Society(parameters, rules)
fitness <- fitness-function(realData)
end for
SelectRecombinate-Society(fitness)
end while
optimumParameters-and-rules <parameters and rules of society[maxFitness]
return optimumParameters-and-rules
end
Fig. 4. Inverse simulation code

stronger than that of the father. 1) from father, 2) from father and grandfather,
3) from father, grandfather and great-grand father, 4) from grandfather only, 5)
from great-grand father only. Based on these results, we implemented a statistical analysis by family line data and attribution data, and examined the effect
of the data. The results are as follows:
– where grandfather is a successful examination candidate, father is a nonsuccessful candidate and grandson is a successful candidate, and where grandfather is a non- successful candidate, father is a non-successful candidate and
grandson is a successful candidate, the odds ratio is 3.4 between the above
two cases. The effect on grandson is 99% screened and shows a significant
difference where only grandfather is a successful candidate.
– where father on mother’s side of the family is a successful examination candidate and son is a successful candidate, and where father on mother’s side
of the family is a non-successful candidate and son is a successful candidate,
the odds ratio is14.2 between the above two cases. The effect on son is 99%
screened and shows a significant difference where only father on mother’s
side of the family is a successful candidate.
It is contrary to what we expected that the result of the experiments shows
that the effect on the child from the grandfather is stronger than from the father
in transmission of cultural capital. Furthermore, we find that the transmission
of cultural capital is made from the mother’s side of the family to children of
the married family. The result of such screenings has been verified by statistical analysis based on these findings of agent simulations. This shows that the
doubling-up of three generations has had a big effect on education under the big
family system in China. It shows that such a norm system can help to rebuild
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the family fortunes when there is marriage with girls from ”good families”. It
is very interesting result that the effect on children by grandfather is stronger,
than by father and that the effect by mother is important, considering the characteristics of the family line which kept producing the successful examination
candidates. It may be possible that these facts are the custom which had been
transmitted as the norms through generations. Further, the following are found
as the characteristics of this particular family;
– Knowledge cultural capital and art cultural capital of parents are transmitted
equally to child.
– 20% of each cultural capital affects the other.
The above matters are assumed by the family as the transmission method of
cultural capital. It can be said that the following are some of the factors which
resulted in keeping producing the successful examination candidates:
– Transmission of artistic ability is made to descendants, as well as of knowledge.
– It is more important that such education is provided within the family to
make the most of this ability, if the child has strong artistic abilities, even if
knowledge is inferior.
The result of transmission function of caltural capital is the following,
clkc = r(clkp · pcpk ) + (1 − r)(clap · pcpa ),
clac

=

r(clap

·

pcpa )

+ (1 −

r)(clkp

·

pcpk ),

(2)
(3)

where clji : i’s caltural capital about j, pcij : i’s personal characteristics about
j, i : c=child, p=parent, j : k=knowledge, a=art, r : crossing rate of cultural
capital. This may imply that there is a strong bond in the exchanges between
artists and intellectuals, and in the relationships between brothers and sisters,
which can be seen in the present society.

7

Summary and Challenges

In this study, by employing agent technology, we analyzed the family line for a
family which produced many successful examination candidates for a period of
five hundred years. We implemented an inverse simulation based on a multi-agent
model which expresses the family line network and the personal profile data as
an adjacency matrix and as an attribution matrix, respectively, and sets the real
profile data as an objective function. As a result, we found that grandfather
and mother had a strong effect on the child for the transmission of cultural
capital within the family. This was verified by statistical analysis. With this
model, we showed the possibilities that an agent based model could contribute
to new discoveries of facts in the fields of historical science and sociology. We
also showed the possibility of historical simulation by ABM.
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As challenges for the future, we need to research the changes of family motto
which can be obtained by inverse simulation through analyzing by generation
and by branch of family, not using the method employed in this study, to all the
family lines without exception. In addition, we plan to construct a model that
can simulate the influence of the daughter’s married family and of artists such
as painters, and then to refine the models.
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Abstract. The aim of this work is to design a Multi-Agent System
(MAS) simulation to model the French labor market. We departed from
an economic model proposed by Cahuc and Carcillo to model the introduction of a new job contract into the labor market. We designed a
specific methodology to convert this equation-based model to an agentbased model, and calibrated our MAS to reproduce the data found in
the economic simulations. As we observed the same tendencies found in
the former one, a new dimension emerged from the agent-based simulation: an increase of oscillations for the characteristic rates, revealing an
increase of precariousness (job instability) due to the new type of contract. These encouraging results lead us to pursue into that direction,
where several extensions of our model can be proposed, including the
move to a large-scale simulation framework.

1

Introduction

In this paper, we aim to build a computational economic model that imitates the
conditions of the French labor market in order to study the possible changes in
the market, due to the introduction of a new job contract. We intend to take advantage judiciously of the tools provided by MAS, i.e. systems made of artificial
agents that are autonomous and in strong interaction with each other [1], in order
to translate an economic model into an agent-based one. This approach is common in the Agent-based Computational Economics (ACE) community [2]. The
ACE community captures economic changes and developments, and translates
them into dynamic computational models. In these models, entities (agents)
interact with each other and with the artificial environment. The meaning of
computational entity is a collection of data and behavioral methods.
This transposition from a pure economic model to a multi-agent system was
conceived in two phases. We started by identifying the main actors in the model.
Each actor has his/her own main role, and his/her own behaviors (methods).
These behaviors introduce the dynamics to the simulation. We have afterwards
integrated the calculation mechanisms of the economic model, which consist the
decision processes of the agents.
The implementation of the multi-agent mechanisms is sometimes straightforward, like when we encode the individual decision process, which helps the
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agents to choose their future action. However, some variables, which are computed by equations in the classical economic approach, can be directly set in the
MAS simulation from the results of the agents’ interactions. This is the case,
for instance, of the unemployment rate: in the MAS simulation, depending on
the decisions of workers and employers, jobs are created or destroyed, positions
are filled or persons are fired, and the unemployment rate fluctuates accordingly
during the simulation. Hence, one central issue when we design our MAS model
is to decide whether a particular variable can be derived from simulation or had
to be computed via equations.
In the long run, the goal of this work is to provide a useful and reliable tool to
political deciders. A tool that will allow, through the agent-based simulation, to
evaluate and predict the efficiency of particular economic policies for the labor
market.

2
2.1

Model Features
The Economic Model

The economic model we adopted was proposed by Cahuc and Carcillo [3] in
order to model the introduction of a new job contract (CNE) into the French
labor market. Coming from a microeconomic approach of Labor Economics [4],
they used several systems of equations to describe the evolution of productivity,
unemployment rate, expected utility, decision-making, etc. There are three types
of job contracts in the model: CDD (short and fixed duration), CDI (no duration
limit), CNE (no duration limit but a trial period of 2 years). The model is divided
into two parts: one before the introduction of the new contract and the second
just after this introduction. For each part, an independent system of equations
defines the thresholds for the various behaviors in the market.
In the first part of the simulation two types of contracts exist, namely CDD
and CDI. CDD is a contract of limited duration. After two years this contract
has to be either destroyed or transformed into a CDI contract. The CDI is a
contract of unlimited duration. As the productivity of employees change over
time, companies prefer to hire with the CDD contract, which is less binding. An
upper limit is introduced to the possible number of hires with CDD per company
(the case in the real French labor market).
A worker may loose his/her job in two cases. After two years of work with
a CDD contract, the company assesses the productivity of its employee: if this
productivity is insufficient, the contract is not transformed into a CDI contract
and the person looses his/her job. In the second case, employees working with a
CDI contract, are evaluated every month, and can be fired upon each evaluation.
However the company must justify this decision. The productivity thresholds for
each type of contract are computed separately.
In the second part of the simulation the CDD contract is replaced with the
CNE contract. During the first two years, the company is allowed to fire an
employee at the end of every month upon evaluation, without having to justify
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its decision. In addition to these evaluations, a general evaluation is made at the
end of two years: if the contract is not destroyed, it is transformed into a CDI
contract. Hires are made only with CNE contract.
The model defines several thresholds, which take part in the decisional mechanisms in the simulation. Employers decide whether to fire employees or not,
concerning their productivity, and also decide whether to open vacancies or not.
Employees decide whether to look for a job or not to participate in the labor
market.
2.2

Main MAS features

When using MAS, one intends to study a specific problem and therefore chooses
a particular architecture for the model. Nevertheless, certain characteristics are
common to all MAS [1]. Let us briefly review these main features while referring
also to our model:
The Agents All existing ACE models of the Labor Market use Worker agents
and Employer agents. Some introduce also a Government agent [5]. The number
of agents in the simulation can be an important factor. In [6] we find 100 agents
and in [5] we find 200, while [7] uses 24 agents: 12 workers and 12 employers.
Many researchers want to have the possibility of obtaining ”zero unemployment”
([5], [7]), which – in their models – implies to have the same number of workers
and employers.
Our simulation allows setting the number of agents freely, just before it is
launched. There is no obligation of having the same number of worker agents
and employer agents. Moreover, the user can choose the maximal number of jobs
that a single company (employer agent) will be able to open. In our simulation
we set the number of workers to 400.
Heterogeneity In the real labor market it is obvious that actors, let’s say workers, are not homogeneous. One can consider psychological aspects of people, like
the level of their education, their history in the labor market or their cognitive
abilities. Heterogeneity of agents in ACE simulations is used to study specific
aspects of the labor market. For instance, [7] introduces heterogeneity by using the memory (the history of interactions) of agents. In that way a persistent
relationship between two agents can be studied. In other models, agents have
various reservation wages [6] or skill endowments [5].
In our model agent’s heterogeneity is introduced in several aspects: each agent
has its own working-site history, productivity rate and “well-being” (the expected utility thresholds with which it reasons).
Goals of the agents We can often see that agents do not have an explicit goal.
In ACE models the agents may have a reasoning process that allows them to
maximize their profit, for example by choosing their next action according to a
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profit matrix [7]. In [5], agents imitate a winning strategy without knowing what
the meaning of the term ”winning strategy” is.
As in our model agents live and reason constantly, their permanent goal is to
improve their situation, by choosing a higher expected utility state.
Representations of information The information in the simulations has two
main characteristics.
– A complete information environment, where everybody knows or may know
everything.
– A perfect information environment, where the information, which the participants have, is a 100% exact.
We can find different approaches dealing with information in the simulations. In
[5] an assumption of complete and perfect information is made. To compute the
investment rate of each agent in his own professional training, the average profits
of all other agents is taken in account. This method may facilitate calculations
and may also simplify implementation, but it is less realistic when talking about
decision making in the real labor market. Incomplete and perfect information
is used in [7], where the agents play a strategy game over a profit matrix of a
”prisoner’s dilemma” type. As both agents choose their strategy simultaneously
they ignore the adversary’s strategy, the type of information is incomplete. Then
again, as both agents know the matrix, and gain exactly what they should, the
information is also perfect in this case. [8] uses incomplete information when
agents do not know (or have access) to all the vacancies in the labor market.
A searching mechanism for the agents is implemented in the simulation, but
this mechanism is quite demanding (from a cognitive point of view), so that
agents cannot discover all vacancies in the market. Uncertainty is introduced by
[5] in form of probability. Shocks hit sectors in the labor market, which oblige
employers to close down their companies. Neither companies nor employees can
predict these shocks, in this case an imperfect information assumption is made.
In our model the nature of information varies according to the types of agents (see
section 3 for more details on agents in our system). Person agents (i.e. job seekers
or employees) are somewhere between complete and incomplete information. On
one hand, they use the rate of unemployment to calculate their chances and their
expected utility of finding a job, a process that uses complete information. This
process is not completely unrealistic, as persons do read the newspaper and can
get a general impression of the unemployment situation in the labor market. If a
person sees that the unemployment rate is high, he/she may think that his/her
chances of finding a job are too small and so, give up and leave the labor market.
On the other hand, the Person agent cannot know nor estimate the duration of
time required to be matched with a job offer: this incertitude is a clear case of
incomplete information. This same kind of analysis is valid for Company agents
(employers) as well.
As all reasoning processes in the simulation take place simultaneously for all
agents, we can say that the information that agents have is imperfect. At the
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moment an agent decides about his future (taking in account, let’s say a certain
unemployment rate), it is possible that many other agents have gone through
the same process and have decided to change their state. So the agent has really
a quite imperfect image of the situation in the labor market.
Interactions between agents The ACE community uses message sending to
implement communication and interactions between agents, as it is often done in
MAS. The protocols for this messages sending are not always defined explicitly
in the simulations, although we can get a general idea about their structure from
principles like “first applied, first hired” or “an agent can not apply to more than
one job” [7]. Sometimes the order of message sending is crucial to the results
obtained, and sometimes it has no importance, as in the Gale-Shapley algorithm
[7].
We also use message sending to make the agents interact, like transmitting information to each other. However, in our model, the type of communication is
closer to reality, as it takes place simultaneously and asynchronously: each agent
makes its decisions independently of other agents and communicates information
whenever it decides to do so.
The environment The most complex environment is dynamic, stochastic, inaccessible, non-deterministic, non-markovian and continuous, alas, this is the case
of the labor market. To be able to deal with this complexity ACE researchers use
various simplifying hypothesis. The environment in previous ACE experiments
is usually markovian, deterministic, static and discrete.
In our simulation, the environment is dynamic – the unemployment rate can
change every round, non-markovian – the current productivity of an agent does
not depend on its previous productivities, inaccessible – agents cannot know the
decisions of other agents concerning their future, deterministic – the actions of
agents are executed fully and discrete – each agent has its own life cycle.
Everyday life in the company Everyday life in the company is usually
treated implicitly in ACE models. From the moment when a person has been
hired, his/her wage and his/her productivity stay constant over time. Exogenous
events may occur in the labor market, like economic shocks [5] or technological
progresses [8]. In [7] interactions take place explicitly in the company, where the
employees and the employers constantly play a game of strategies. This game
is played over a profit matrix by choosing a cooperation strategy or a defection
strategy.
Our simulation does not include a bilateral relationship in the company. A
worker performs with certain productivity and it is the employer who decides
whether to keep or to fire this worker. The wage of the worker is constant over
the time that he/she works, as his/her expected utility. The separation between
a worker and an employer can be initiated only by the latter one that means
that en employee cannot quit.
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3

Our Model’s Agentification

The agents participating in the model are:
– The Person agent, who produces while working and gets paid a salary. It
can be employed, unemployed or not participating in the labor market.
– The Company agent, who hires and fires Person agents. It can also decide
whether to open a job or to keep it closed.
– The Matching agent, who represents the environment of the labor market.
It matches unemployed Person agents with vacant jobs.
– The Government agent, who sets economic policies in the labor market.
The Person agent (worker) The Person agent can be in one of three states:
worker it fills a job, produces and gets paid.
unemployed it has no job, but it is looking for one. In this case it gets unemployment benefits.
non-participant it does not fill a job neither does it look for one. In this case
it gets social welfare allowances.
The Person agent has a capital which is the sum of money it earns by filling
a job or the allowances it gets. It is characterized by the productivity with
which it performs its job. This productivity represents the quantity of work and
the investment of the agent in the job it fills [3]. This productivity takes its
values randomly from a probability distribution every month. We can sum up
the Person agent’s behaviors in the state transition diagram depicted in Figure
1.
u – expected utility for an unemployed person
n – expected utility for a non-participating person

matched

Worker

[n≤u]/lookingForAJob()

Unemployed

Non-Participant

[n>u]/stopLookingForAJob()

fired
/work()

/unemployed()

/notParticipating()

Fig. 1. States of the Person agent

The Person agent uses its decision mechanism in two situations: in the state
of unemployment and in the state of non-participation. The transition between
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these two states is due to a reasoning process, where it decides which state will be
more profitable economically. Thus, if the expected utility u for an unemployed
person is greater than the expected utility n for a non participating person, the
Person agent shifts from non-participant to unemployed state; otherwise, we
have the opposite shift. In order to compute these expected utilities, the agent
has to solve a system of four equations (a separate system exists for each model).
For more details see [3].
The Company agent (employer) In the labor market the Company agents
offer vacancies, decide whether to hire a person or not and eventually decide
whether to keep or to fire this person. Two states exist for a job:
vacant the Company looks for a Person to fill the job.
filled the job is populated, and produces a profit.
A Company agent can decide not to look for a person to fill a vacancy if it
thinks its chances of succeeding are too low, and that it will loose more money
looking for an employee than keeping the job closed. If such decision is made after
firing a worker, we will say that the job is destroyed. In this model a Company
agent has a size, which defines the number of jobs it can offer.
The Company agent uses its decision mechanism in the beginning of each
cycle and after each firing. If a firing takes place or vacancies that have not
been published exist in the company, the agent decides whether to open these
jobs or not. This decision is made according to a threshold C computed for
the profitability of a job. The decision mechanism also intervenes after each
productivity report, when evaluating the employee and deciding about his/her
future in the company. Figure 2 summarizes the Company agent’s behaviors.

Fig. 2. States of the Company agent

157

The Matching agent In order to integrate the environment of the labor market, we introduce a Matching agent. The role of this agent is to manage the lists
containing the states of the agents and the states of the jobs in the labor market.
This agent also computes the matching rate m(θ) for each round that defines
how many vacancies and unemployed persons will be coupled per unit of time.
Following [3], we use the same matching function: m(θ) = m0 θ−η , where m0
and η are constants in [0,1] and θ is the tightness of the labor market.
The fact of having simultaneously unemployed persons and vacancies in the
real labor market, could explain the necessity of having such a function. As we
know, looking for a job consumes time and money. Furthermore it is possible
that the offer and demand of different types of jobs do not coincide. We use the
matching function to integrate this notion of delay and frictions.
The Government agent The main functionality of this agent is to set the economic policies in the labor market. The agent calibrates the model and is responsible for setting the policy wanted, for example which contracts will be available
(CDD, CDI, CNE ...). This agent decides the amount of annual salaries for the
different types of contracts, unemployment benefits, social welfare allowances
etc. It also computes the benefits paid to fired workers.

4
4.1

Results
The simulation

The simulation takes place in two parts, each part corresponds to different types
of contracts. In the beginning we can set the number of agents (Persons, Companies) and the size of Companies that will take part in the simulation. We can
also modify the level of salaries in the model, the amount of the unemployment
benefits and the level of social welfare allowances. The new thresholds for the
decision mechanisms are computed automatically by the system. The simulation
is then launched.
The agents are created and start to interact with the environment of the labor
market and with each other. The Person agents decide constantly whether to
look for a job or not to participate in the labor market, while the Company agents
decide whether to open jobs or not. The user can observe the unemployment rate,
the vacancy rate, the participation rate, the tightness of the labor market and
the messages sent between the agents. The user then decides on what moment
to introduce the new contract and the simulation adopts automatically the new
model.
We implemented our system using the Cougaar Platform [9], because it is an
open source agent-based architecture that emphasizes cognitive agents, groups
and organizations. Moreover, it fully supports large-scale applications, and we
plan in the future to design a large-scale multi-agent system for the labor market, a market that is made of several millions of agents in the real world. The
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peculiarity of Cougaar is that it is fully asynchronous; the agents are total autonomous entities and are difficult to synchronize. The drawback of this, when
we perform a simulation and compute some rates, like unemployment, vacancy,
etc., is that we get sometimes high peaks in the values, higher than what we find
in reality, (Cf. Figures 3- 5 below) that are partly due to synchronization delays
in the system. We plan to work on that issue in the very next step.
4.2

Observed tendencies

The results we found in our simulations resemble to the results found in the
economic model: our MAS/ACE model reproduces the same average behaviors
in the labor market. We find the same tendencies while looking at the rates of
unemployment, participation etc.
For instance, if we take the evolution of the unemployment rate (percentage
of unemployed persons within the labor force population) depicted in Figure 3,
after the introduction of CNE contracts, there is a temporary drop in the unemployment rate, due to the brief rise in the vacancy rate (percentage of vacant
jobs) and the decrease of the labor force. After this brief drop, the market’s
average unemployment rate stabilizes on a higher level than before, since it is
easier to fire a person with CNE. Overall, with CNE, we have a transition from
7.1% of unemployment to 16% on average.

Fig. 3. Unemployment rate through time. Vertical bar shows the time when CNE
contract is introduced, horizontal bar is the mean for each period.

Similarly, with the shift to CNE, the vacancy rate (percentage of vacant jobs)
is increasing, as shown in Figure 4. The explanation to this phenomenon is given
by Cahuc and Carcillo [3]. The companies decide to open new jobs, because their
expected value is higher if filled than if vacant. Regarding individual persons,
when fired, the expected utility tends to be higher in the non-participation then
in the unemployment state, so they do not look for a new job and the number
of vacancies stays high. In our simulations, we measured a shift from 21% to
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Fig. 4. Vacancy rate through time. Vertical bar shows the time when CNE contract is
introduced, horizontal bar is the mean for each period.

29% in the vacancy average rate. Finally, as shown in the Figure 5, persons have
a higher tendency to consider the non-participation state with higher expected
utility than the unemployment state. More and more workers, who have just lost
their jobs, choose to abandon the attempt of looking for a new job because they
consider the market and the jobs in it to be extremely unstable. The fall of the
working population rate drops from almost 90% to 64%, on average.

Fig. 5. Working population rate through time. Vertical bar shows the time when CNE
contract is introduced, horizontal bar is the mean for each period.

4.3

The impact on the well-being

The novelty in our approach comes from the fact that MAS simulations add
the possibility of taking into account more realistically the interactions between
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agents. Although in the economic model we can compute the unemployment rate
at any given period, we cannot observe the interactions that led to this rate –
our MAS simulation allows that. For instance, in Figures 3-5, we can see the
increasing frequency and also the increasing deviations from the mean after the
introduction of CNE contracts. This phenomenon clearly shows that the wellbeing of persons decreases: the frequency of these oscillations shows frequent
shifts from work to unemployment or non-participation, and vice-versa. Thus it
measures the precariousness (as job instability) of persons and the volatility of
the labor market. All three rates (unemployment, vacancy, working population)
show an increasing frequency of oscillations, after the introduction of the CNE
contract.

5

Conclusion and future directions

In this study, we translated a pure economic model into a MAS simulation. We
reproduced the same results as in the economic model and added a supplementary dimension to the results obtained. Our model allows exploiting better the
tools provided by MAS. By using these tools intelligibly, one can achieve finer
and richer results. For example, all the reasoning processes take place explicitly
at the agents level and implicitly in the aggregated labor market level. In our
study, the precariousness induced by the CNE contract clearly emerges, and can
be measured, as a dramatic increase of oscillations for all the rates: unemployment, vacancy, and working population.
Contrary to most approaches in economics, we adopted a bottom-up approach. This approach is based on a higher granularity of the model. Most economic models, including models that deal with microeconomic questions, use to
average behaviors of agents when reasoning about durations or decision-making.
When using an agent-based simulation, we are obliged to look into the agent,
and thus to define its architecture. Many types of architectures are possible. In
the future, we plan to model the agent’s cognition more profoundly, in order
to tackle more adequately the human decision processes involved in the labor
market. For such a purpose, we could use and adapt our cognitive architecture
CODAGE [10] we already applied for an experimental financial market. The
whole idea is to “humanize” more the agents, to provide them with finer and
more precise reasoning and decision abilities, something that will hopefully bring
them closer to real human agents in the labor market.
We have not so far exploited all the possibilities provided by MAS, and
several improvements will help to bring the model closer to reality in the future.
First, we could diversify the agents a little more. By diversity we mean setting
a field of expertise for each agent. In that case, an agent will be hired only for
jobs, which suit its professional profile. This enrichment will make the matching
mechanism more realistic and add frictions to the labor market environment.
Second, in the real world, the matching process is not perfect and straightforward. Even if an employee meets with an employer, a matching does not
necessarily take place. A selection or sorting phase may be integrated into both
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sides. An employee may wave away a job offer because he/she finds the work
conditions not satisfying enough. An employer may refuse a candidate because
of a bad interview, a bad vita or simply because he/she prefers hiring someone
else.
Third, the meeting between a worker and an employer may be considered as
a bargaining interaction as well, where both sides negotiate the wage, the work
conditions and so on. This first meeting may end in separation or in hiring. By
allowing agents to negotiate, the interactions in the simulation will depend more
on the labor market situation. If the unemployment rate is low an employee
should have more power when negotiating his/her work conditions then when
there are a lot of unemployed persons and not many vacancies.
Finally, our model allows an employer to fire an employee, but the opposite
case where an employee decides to quit is not permitted. This situation is biased
and a future version of our model should allow an employee to quit his/her job
as well.
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Abstract. Do the Marshallian and the Walrasian models have a firm
foundation on micromotives, or are they just macro abstractions that
we could dispense of in Microeconomics? Previous evidence from experimental economics with humans-subjects in continuous double auction
markets shows that, if the supply is downward-sloping or the demand is
upward-sloping, the Marshallian stability model captures the observed
phenomena but the Walrasian does not. But of course in human subjects
experiments, the basic question of what was the human agents’ behaviour
was remains open. We build an artificial agent based model to show that
the path of convergence needs more intelligence than the Zero-Intelligent
framework. We confirm with artificial intelligent agents the results from
experimental economics at a low cost and an increase in the reliability
of the experiment. Not only the existence but the computation of the
stability is relevant. These results cast a shadow on the interest of both
instability concepts in Economic Theory.

1

Scope and Related Work

Multiagent-based simulation (MABS) has become a popular tool to theorize
about distributed but interacting phenomena as markets and economic activity
are. Economics is a Social Science. Being social inherits complexity and being
a science calls for experimentation. Historical records are not enough to test
economic theories. Happily enough Experimental Economics with humans has
provided a replicable Lab to suggest new solutions to economic problems and
to test standing models and theories. But human behaviour in the experiments
is not directly controllable and the question of what the agents’ behaviour is
remains open. Artificial Economics, mainly MABS, has broadened the scope
of Experimental Economics, allowing the experimenter to check alternative individual behaviour. In this sense MABS is a ”killer application” of Economic
Theory.
In this paper we consider alternative individual agents’ behaviour in a Continuous Double Auction (CDA) market to examine which of the two concepts
of instability (Walrasian and Marshallian) emerge from these alternative behaviours and their practical and theoretical relevance.
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The Walrasian and Marshalian market adjustment. Two classical concepts of market stability exist in the literature. One is based on the analysis
introduced by Alfred Marshall, traditionally called ”Marshallian stability” and
the second was introduced by Leon Walras, traditionally called ”Walrasian stability”. The two concepts of instability (Walrasian and Marshallian) stem from
two different models of market adjustment. The Marshallian model views volume as adjusting in response to the difference between demand price and supply
price at that volume. The Walrasian model views price as changing in response
to excess demand at that price.
If there is an awkward question one has to suffer when teaching economics,
that is who does the job of the so called market adjustment? In contrast with
the usual microeconomic models, these processes of adjustment do not represent
any optimization of the economic agents’ behaviour, but just differential equations brought out from nowhere. As Nicholson [7, chapter 19] states in his well
known microeconomics book: ”in the last instance this speculation on the adjustment mechanism hardly makes any sense, because neither the Walrasian nor the
Marshalian adjustment reflect the real behaviour of the economic agents”. Being
virtual models taken from the mechanical analogy of vector fields, they can be
compatible with different micro behaviours of the participant agents. Nevertheless it is interesting to asses the relevance of both concepts of instability, and to
which extent they emerge from individual agents’ behaviour.
Learning and perfect competition, an outstanding puzzle in microeconomics. In general equilibrium theory it was undoubtedly the imposition of
high standards of mathematical rigour that led to the almost exclusive concern
with the existence and characterization of equilibria rather than the adjustment
process that lead to them. In the nineties there was an upsurge in interest in determining how economic agents might learn their way into equilibria in general.
But these works have been focused on the question of learning about the
parameters of the model (as captured by some Walrasian or not equilibrium
model). They have concentrated on proving the existence of such an equilibrium
and perhaps some evolutionary mechanism that will lead to the fixed point
equilibrium, under the forceful assumption of rational expectations.
Markets are information gathering tools that will allow many reasonable and
realistic heuristic learning-decision models from agents yet achieving market convergence and equilibrium. Assuming that learning is primary focused towards
finding the true parameters, which may describe the macroscopic market behaviour as a ”virtual” entity, is just totally unnecessary and even unrealistic.
Why should the agents have a ”virtual correct” macro model in mind and try
to capture the parameters of the model? Their search may be local and no a super agent such as the Walrasian auctioneer is needed for a market clearing-price
as the evidence form Experimental Economics with humans, and recently with
artificial agents, has proved
The equilibrium puzzle. If we accept the existence of a virtual auctioneer that
computes prices in a centralized way (Walrasian adjustment) or the existence
of a Marshallian path to the equilibrium, one may ask two questions. To which
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extent are they efficient in computational terms? Under what circumstances this
adjustment will lead to the expected market equilibrium? The first question has
been answered recently in a great paper by Axtell [1]. A decentralized system
with agents, who have local information and are engaged in k-lateral exchange,
has much better computational complexity than Walrasian equilibria have.
The second question is the main objective of the paper. With this aim in
mind, and following Smith [13], we single out the three dimensions that are
essential in the design of any market experiment: the environment (E) (agent
endowments and values, resources and knowledge), the agent’ behaviour (A)
and the institution (I) (it is both the exchange rules and the way the contracts
are closed, and the information network). The institution we have considered
is a CDA, since it has been extensively used in experimental economics and in
works related to this one (Posada [10], Posada et al. [11, 12]). The environment
dimension is essential to analyze the convergence properties to the clearing price
and to check for Marshallian or Walrasian instability. In environments where
the supply is positively sloped and the demand is negatively sloped (as in Figure
1.a), there is only one equilibrium and it is both Walrasian and Marshallian
stable (MS/WS). The controversy arises when a priori there are several points
that should be Marshallian (Walrasian) stable (unstable). This happens when
the supply is downward-sloping (when the price decreases the quantity supplied
increases) or when the demand is upward-sloping (when the price decreases the
quantity demanded decreases). For example, in Figure 1.b where the supply
is downward-sloping, if the demand cuts the supply from above (below), the
equilibrium is Walrasian unstable (MU) and Marshallian stable (MS) (Walrasian
stable (WS) and Marshallian unstable (MU)). The situation is the same in Figure
1.c where the demand is upward-sloping since an upward-sloping demand is a
mirror image of the downward-sloping demand.

Fig. 1. Environments: (a) standard; (b) downward-sloping supply; (b) upward-sloping
demand

Economic theory suggests two situations that lead to such unusual shapes.
One is related to income effects (the famous Giffen good for an upward-sloping
demand and the labour-leisure trade-off for a downward-sloping supply). The
second one is related to externalities. On the supply side, downward-sloping
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supplies are thought to be produced by increasing efficiency due to expanding
industrial scale. On the demand side, a similarly externality can produce the
upward-sloping demand curves. The externality in this case is due to fads (preferences such as desires to mimic others’ behaviour). In this paper we consider
the second one, the use of externalities to create both a downward-sloping supply
and an upward-sloping demand.
In the standard environment where the Walrasian stable equilibrium coincides with the Marshallian stable equilibrium, human-subjects experiments confirm the theoretical predictions. Do the experiments with artificial agents lead
to the expected equilibrium? Brewer et al. [2] examine Zero Intelligence (ZI)
agents (developed by Gode and Sunder [6] and Sunder [14]) trading under standard symmetric environments. Furthermore Posada [10] and Posada et al. [11, 12]
examine other agents’ behaviours (GD developed by Gjerstad and Dickhaut [5],
ZIP developed by Cliff and Bruten [3], K the winner in Santa Fe tournament in
1993) under standard symmetric and asymmetric environments.
The main conclusions are that the institutional design (I) matters and so
does the agents’ intelligence (A). That perfect competition is compatible with
strategic agent’s behaviour. Mapping different arrangements of (ExA) in a CDA
market, they showed that agents’ behaviour influences the convergence to the
clearing price equilibrium. They obtained that under asymmetric environments
the clearing price equilibrium is not achieved in homogeneous ZI populations,
the price convergence is achieved in GD/ZIP populations (GD agents takes less
time to exchange and to learn that ZIP agents) and the presence of K agents
in the population affects negatively both price convergence. Computation of the
equilibrium is affected by intelligence, but the concepts of instability are not
questioned.
However human-subject experiments under a downward-sloping supply environment (Plott and George [8]) and under a upward-sloping demand environment (Plott and Smith [9]) found that in a continuous double auction market
the Marshallian stability model captures the observed phenomena whereas the
Walrasian model does not. In this paper we replicate and generalise with artificial agents the results of Plott’s experiments. We wonder if these results depend
on a particular agents’ behaviour because nothing is said about this issue.
This paper addresses four questions: Can both stable and unstable equilibria
be observed? If markets do exhibit instability, which of the two classical models
will lead to the right equilibria prediction? How robust are the results against
alternative learning agents and against alternative environments? In view of
these results, what is the interest of both instability concepts for policy focused
modelling and simulation?

2

The Model

The main features of our model are described using the triple (IxExA): institution, environment and agents’ behaviour. The model has been programmed in
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SDML, a declarative model language developed by the Centre for Policy Modelling at the Metropolitan Manchester University (http: //cfpm.org).
2.1

The Institution (I)

Under the standard continuous double auction (CDA) rules, any trader can send
(or accept) an order at any time during the trading period. A new bid/ask has
to improve previous pre-existing bid/ask. A trade occurs when a new ask (a) is
made that is less than a pre-existing bid (bc), or when a new bid (b) is made that
is greater than a pre-existing ask (ac). The trading is equal to that of the preexisting bid/ask, whose acceptance is triggered automatically by the new entry.
Pseudo code of CDA protocol (but note that in SDML it has been programmed
using rules)
1. {Initialize the initial bid/ask: ac=∞, bc=0 when a period starts
or a deal takes place}
2. {Several situations might arise during a round}
Repeat
When a seller-agent submits an ask a
if a ≥ ac then a is an invalid ask
if bc<a<ac then ac is update to a
if a ≤ bc then this seller-agent makes a deal at bc goto
1
When a buyer-agent submits a bid b
if b ≤ bc then b is an invalid bid
if bc<b<ac then bc is update to b
if b ≥ ac then this buyer-agent makes a deal at ac goto 1
until no bids/asks are submitted
2.2

The Environment (E)

We consider two alternative environments: a downward-sloping supply (Figure
1b) and a upward-sloping demand (Figure 1c). Since they are mirror images, we
test both the replicability and the robustness of the results.
Forward falling supply (Figure 1b). In our simulations we have used the
same valuations which were used in Plott and George [8]’s human-subject experiments.
In the demand side, there are six buyers (each one with six units). There are
two buyers of each type. Each buyer of a given type has identical reserve price
given by [960, 600, 440, 350, 330, 0], [880, 640, 410, 390, 310, 0] and [800, 720, 410,
390, 290, 0], respectively. Buyers know their reserve price with certainty. In the
supply side, there are six sellers. Each seller is uncertain about his marginal costs
because they depend on their own output and the output of all other sellers. The
externality implies that, as market volume increases, the marginal cost decreases
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even though the individual seller’s marginal cost increases with an increase in
his own volume. Each seller has eight units to trade. There are two sellers of
each type (a, b, c). Each seller of a given type has identical marginal costs.
In Table 1 we show the marginal costs of type-a sellers. As unit increases, the
marginal cost value increases. Note as volume of others increases, the marginal
cost value decreases. Table 2 lists the equilibria according to both, Walrasian
and Marshallian theories in the downward-sloping supply environment.
Table 1. Valuations of type-agent. Marginal Costs of type-a sellers
Volume sold by others
units 0
1
2
3
4
1st 820 790 760 730 700
2nd 900 870 840 810 780
..
..
..
..
..
..
.
.
.
.
.
.
8th 1380 1350 1320 1290 1260

...
...
...
..
.
...

18
130
210
..
.
690

Table 2. Equilibria in downward-sloping supply environment
price quantity Marshall Walras
500-540
12
stable unstable
380-410
18
unstable stable
140-180
30
stable unstable

Upward-sloping demand (Figure 1c). In our simulations we have used the
same valuations which were used in Plott and Smith [9]’s human-subject experiments.
In the supply side, there are six sellers (each one with ten units). Sellers know
their marginal cost with certainty. The aggregated supply is [308 306 304 302
300 298 296 294 292 290 288 286 284 282 280 278 276 274 272 270 268 266 264
262 260 258 256 254 252 250 248 246 244 242 240 238 236 234 232 230 228 226
220 212 204 196 188 180 172 164 156 148 144 140 136 132 128 124 120 116].
In the demand side, there are six buyers. Each buyer is uncertain about his
reserve prices because they are influenced by their own buying behaviour and
the buying behaviour of other buyers. The externality implies that, as market
volume increases, the reserve price increases even though the individual buyer’s
reserve price decreases with an increase in his own volume. Each buyer has eight
units to trade. There are two buyers of each type (a, b, c). Each buyer of a given
type has identical reserve prices. In Table 3 we show the reserve prices of type-a
buyers. Table 4 lists the equilibria according to both, Walrasian and Marshallian
theories in the downward-sloping supply environment.
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Table 3. Valuations of type-agent. Reserve prices of type-a buyers
Volume bought by others
units 0 1 2 3 4 . . . 18
1st 120 140 146 152 158 . . . 272
2nd 108 124 130 136 142 . . . 256
..
..
..
..
..
.. . . ..
. .
.
.
.
.
.
.
8th 12 28 34 40 46 . . . 160
Table 4. Equilibria in upward-sloping demand environment
price quantity Marshall Walras
176
12
stable unstable
248
18
unstable stable
273
40
stable unstable

2.3

Agents’ Behaviour (A)

In the downward-sloping supply environment described above, sellers are uncertain about their marginal costs because they depend on their output and the
output of all the other sellers. In the upward-sloping demand environment buyers are uncertain about their reserve prices because they are influenced by their
own buying behaviour and the buying behaviour of other buyers.
The first decision taken by each agent who is uncertain about his valuations
is to estimate the volume traded in the market. Agents form expectations on
the volume traded by others using their own past experience. They update their
volume expectations about the volume traded by others (q̂n ) according to the
actual volume observed in the market (qn ). In particular, the agent (indexed
in i) uses the following simple updating rule:
q̂n+1 = (1 − λ)q̂n + λqn .

(1)

The λ learning rate measures the responsiveness of agents’ volume estimation
to new data (a memory weighting factor). If λ = 1 the agents believe that the
quantity traded by others in the next period will be equal to the traded volumes
observed in the current period. Thus sellers will under-estimate their marginal
cost and buyers will over-estimate their reserve prices. If λ = 0 the agents do
not use the information generated in the market to improve the estimation of
the initial traded volume (myopic behaviour).
Once an agent estimates his valuation (marginal cost or reserve price), he
faces the following three decisions: How much should he order? When should he
submit an order? When should he accept an outstanding order? To take these
decisions each agent only knows his own valuations, which are private, and the
information generated in the market.
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How much should he order? We try two alternative bidding strategies:
ZI (Gode and Sunder [6]) and GD (Gjerstad and Dickhaut [5]). Each bidding
strategy has different answers to this question. For space reasons we refer the
reader to these references for the details of the bidding strategies.
Each ZI agent chooses his order randomly between his valuation and the best
ask outstanding in the market.
Each GD agent chooses the order that maximizes his expected surplus, defined as the product of the gain from trade and the probability for an order to
be accepted.
Y
Sellers: max
(price-marginal cost),
(2)
a

Buyers: max

Y

(reserve price-price).

(3)

b

Q
GD sellers estimate the probability a calculating a belief function q(a) using
the history of the recent market activity (AAG accepted ask greater than a,
BG accepted bid and ask greater than a and RAL rejected ask less than a) to
calculate the probability for an ask at price a to be accepted. Interpolation is
used for values at which no orders are registered.
q̂(a) =

AAG(a) + BG(a)
.
AAG(a) + BG(a) + RAL(a)

(4)

When should he submit an order? When an agent is active at a given time
step, he may submit an order (a new or a replacement an open order). The
agents have a constant activation probability of 25%. Of course, orders must be
also in agreement with the spread reduction rule of the institution.
When should he accept an outstanding order? A seller accepts the current
bid if his ask (submitted or not) is equal to or greater than the current bid. A
buyer accepts the current ask if his bid (submitted or not) is equal to or less
than the current ask.

3

Results

Note that agents have two basic learning tasks: learning about the externality
(on the supply side or on the demand side) and learning how to bid/ask. What
is the performance of humans, ZI and GD agents in these two tasks? Following
we discuss the meaning of the results of both volume traded and prices.
Total traded volume. We find in our experiment a market volume of 12
which is Marshallian stable and Walrasian unstable, in every period and for
any population under any environment as it happens in Plott’s human-subject
experiments [8, 9].
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Price convergence. On the contrary the emerging price patterns towards convergence of humans, ZI and GD agents are different. Figure 2 shows the price
distributions of the transactions in 30 runs of a downward-sloping supply environment, each one with ten trading periods and 100 rounds per period. We
can see that the transaction prices in homogeneous ZI populations are more
volatile than the transaction prices in homogeneous GD populations, where the
price convergence to the Marshallian stable equilibrium is very clear. The results
are similar under an upward-sloping demand environment as we can see in Figure 3. Since the downward-sloping supply environment is a mirror image of the
upward-sloping demand, we confirm the replicability and the robustness of our
results.

Fig. 2. Pricing distribution of both ZI and GD homogeneous populations under extreme learning rates (λ = 0.1 and λ = 0.9) in a downward-sloping supply environment

Although the distribution of the transaction prices in homogeneous ZI populations is more flat, there is a false convergence appearance. In Figure 4 which
shows the time series of transactions, we observe that there is no price convergence to the equilibrium price in ZI homogeneous populations.
The learning rate plays an important role in GD populations.Figure 4 shows
the time series of transaction of a GD population in a downward-sloping supply.
We have represented with a discontinue line the price range (540-500) which is
Marshallian stable and Walrasian unstable equilibrium. Here we observe that the
transaction prices remain slightly over 540, with a positive bias, when λ = 0.1
(myopic behaviour) as it happens with human subjects experiment [8]. The transaction prices are unbiased and they cluster around the theoretical equilibrium
of (540-500) when λ = 0.9.
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Fig. 3. Pricing distribution of GD homogeneous populations under extreme learning
rates (λ = 0.1 and λ = 0.9) in a upward-sloping demand environment

GD sellers may have negative profits as a result of their wrong estimation
of the volume sold by others. GD sellers with a low learning rate make more
mistakes than GD sellers with a high learning rate. Do humans make mistakes
when they estimate the volume sold by others as GD sellers with a low learning
rate make? Are these mistakes the reason for the similar equilibrium price range
of humans and artificial intelligent agents with a low learning rate? The source
for the bias in the equilibrium convergence with human agents remains an open
question.

Fig. 4. Price dynamics for homogeneous ZI populations under a downward-sloping
supply
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Fig. 5. Price dynamics for homogeneous GD populations under a downward-sloping
supply

4

Conclusions

We have shown, as in previous works, that ABM simulations we can test the
results from Experimental Economics with humans that have enlightened Economics for the last two decades. In this paper we have clarified one of the most
unpleasant questions one can face when teaching Economics: who does the job
of the so called market adjustment? We have found answers to the following
questions: Can both stable and unstable equilibria be observed? If markets do
exhibit instability, which of the two classical models will lead to the right equilibria prediction? How robust are the results against alternative learning agents? In
view of these results, what is the interest of both instability concepts for policy
focused modelling and simulation?
The micro behaviour of the artificial agents leads to a Marshallian stability
model but not to a Walrasian equilibrium. We confirm that the emerging price
pattern from with artificial GD agents is compatible with the Marshallian model
as it happens in the Plott’s human-subject experiments [8, 9]. This answers the
first two questions.
Marshallian stability is achieved and it is a valid instability criteria of the
market when a stable equilibrium exists. Whereas Walrasian is not. These results
are not robust against alternative agents learning models. In a CDA market
populated by ZI agents, market efficiency and the right estimation of the traded
volume is achieved, but there is no price convergence to equilibrium.
As for the last question, we share the following comment by Axtell [1] to
fix up our conclusion: In the end we advocate not the jettisoning of this useful
abstraction (Walrasian equilibrium) but merely its circumspect use whenever focused on questions for which it has limited ability to adjudicate an appropriate
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answer: distributional issues and actual prices.a direct consequence of the results
described above is to at least cast a pale on the utility of such analysis, (Walrasian
or Marshallian) if not vitiate them altogether.
Since we have the instruments for the analysis of markets from the agents
behaviour (microbehaviuor) what should be claimed is a proper instruction in
MABS as a prerequisite for research in Economic Theory.
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Abstract. A lot of agent-based models were built to study diffusion of
innovations. In most of these models, beliefs of individuals about the
innovation were not represented at all, or in an highly simplified way. In
this paper, we argue that representing beliefs could help to tackle problematics identified for diffusion of innovations, like misunderstanding of
information, which can lead to diffusion failure, or diffusion of linked
inventions. We propose a formalization of beliefs and messages as associative networks. This representation allows to study the social representations of innovations and to validate diffusion models against real data.
It could also make models usable to analyze diffusion prior to product
launch. Our approach is illustrated by a simulation of iPodTM diffusion.

1

Why representing beliefs ?

Diffusion of innovations is an interdisciplinary field that studies “the spread of
new ideas, opinions, or products troughout a society” [1]. Rogers defines diffusion “as the process by which an innovation is communicated through certain
channels over time among the members of a social system” [2, p. 11].
Several models were built to study diffusion of innovations, including multi-agent
based simulations, with different purposes. Explicative models aim to reach a
better understanding of how individual interactions make collective dynamics
appear. A great part of these models studies the decision/judgment level (adoption, opinion, perceived utility[3], payoff [4], attitude, etc.). For instance, in the
threshold model (e.g. [5]), social pressure makes individuals influenced by opinions of their neighbours. Several models also include the beliefs level, that is what
individuals trust for a given object (one use “belief” rather than “knowledge”
because these beliefs can be false or subjective). It is the case of models focused
on informational cascades (see [6] for a review) or in the consumat approach [7].
In these models, beliefs are represented as single values or as a vector of values,
and rarely aim to be matched against data collected on the field.
Predictive models aim to produce an estimation of the future diffusion rate of
an innovation. The well-known model, and the most used in industry, is the
Bass aggregative model [8]. It includes parameters for adoption due to media
messages, adoption due to interpersonal communication and an index of market
potential for the new product. It permits to reproduct the classical S-curve of
cumulated adoption.
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Despite of the large amount of litterature about diffusion of innovation, there
still remain several problems that are not studied. The first lack resides in explicative power. Rogers [2] underlines that models are not able to explain innovation
failures (sometimes due to misunderstanding of what innovations are or to incompatibility with beliefs or values). Rogers also remarks that most of the said
“innovations” launched in markets are in fact incremental products. In this case
people already understand what the innovation is, how it works, so the diffusion
becomes quicker. Such processes cannot be modelled without representing beliefs
of the population about innovations. The second lack is about predictive power.
The Bass model can predict the future adoption rate of an innovation only after
its launch, based on the adoption data from innovators and early adopters. But
at this time, costs are already engaged (for building the product, for communication, etc.). Obvisouly, the predictive interest of the model is highly lowered.
So, firms use less formal methods to test new concepts, like interviews or focus
groups, which provide some insights on subjective perception and expectations
about the innovation. Here again, it seems that modellers cannot avoid to represent beliefs.
Our main concern is to be able to tackle real-world cases. In this paper we study
how a modeller can represent individual beliefs in an agent-based simulation. For
such a simulation, we need a model for knowledge representation that is complex
enough to be explicative and representative, but also simple enough to make its
parameters’ settings and data collection possible. We illustrate this approach
with the simulation of iPodTM diffusion using beliefs collected across forums.

2

Model

2.1

Beliefs as associative links

Individual Associative Network
The concept of associative network has been widely used in social sciences and
artificial intelligence to model beliefs: bayesian networks, causal networks, social
representations represented as proximity networks, etc. A marketing methodology called the Means-end Chains Theory (MCT) [9] proposes to formalize the
perception of products as cognitive chains linking concrete attributes to perceived consequences for the individual and satisfaction of his values. As shown
by the MCT, associative networks are relevant to represent the beliefs about
products (an example is provided in figure 1). These chains can be retrieved
by semi-directed interviews, surveys or stastistical data analysis. Messages like
advertisement or consumer reviews can also be represented as chains [10], as
shown in figure 3.
Associative networks permit to represent several kinds of knowledge. We categorize knowledge as private, concrete or subjective1 . The subjective part of
1

This taxinomy follows the one provided by Audenaert and Steenkamp’s studies on
means-end chains theory [11], and the discussion in the field of consumer value [12],
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Fig. 1. Exemple of Individual Associative Network (IAN) retrieved by interview
for iPodTM (study on what people like or dislike for this product). To improve
lisibility only useful supports are provided. σ1 represents the support “personal
experience”, σ2 means “indirect experience” and σ3 “no credibility”
information is about the innovation itself, like product attributes (links 2-7)
and perceived functional consequences of the product (e.g. 11,13). This kind of
information is received or retrieved by individuals through mass medias or interpersonnal communication. The private part of beliefs are about individuals
themselves. These beliefs are more stable for an individual accross time [13]. For
instance, the belief “speed → time saving” is used for all technological innovations. Private beliefs can be heuristics, like “high price → high quality”. Private
beliefs are provided as initial data by the modeller based on the population
segmentation. The last kind of beliefs is about abstract judgments and is built
by the individual itself based on its local information, as “product adopted by
others”. This knowledge is represented in agents by simple computational rules
held by each agent.
From the modeller viewpoint, concepts in the model are a finite set C, which is
created based on data collection or expert hypothesis. Sometimes two or more
concepts are incompatible: an agent cannot trust both of them in the same time
for the same social object. As in theory of evidence, we define frames of exclusivity called ΘX , with X ⊂ C. Some exemples of frames are: (solid, breakable),
(good connectivity, bad connectivity).
Formally, we define knowledge as directed associations between concepts. Mathematically, a belief is a binary relation in C 2 . C1 ba,t
σ C2 is the conviction held by
an agent a ∈ A at time t that two concepts (C1 and C2 ) ∈ C 2 are associated with
a given support σ ∈ Σ. The support represents the confidence of the agent on
this belief (more details on support are provided below). In this model, existence
of a link represents belief. No link means ignorance. Disbelief is modelled as the
which concludes that perceived value depends both on the intrisic product properties
and on the subjective perception of consumers
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belief in the opposite concept. Each individual possesses his own set of beliefs;
we name this set an Individual Assocative Network (IAN).
Some concepts are considered as object of interest by the agents A (agents
will speak about them, they want to understand them, they can take decisions
about these concepts). We use a psychosocial term [14] to design these objects of
common interest: these concepts are social objects O ⊂ C. When we model the
diffusion of innovations, social objects are innovations. A set of beliefs about a
social object o forms the representation Roa,t of this object. This representation
is the subgraph rooted in the social object. If a representation is shared between several agents, it becomes a social representation in the social psychology
meaning, noted SRoX ,t with o ∈ O, X ⊂ A.
Beliefs Revision
Insights about persuasive communication are provided by social psychology [14].
Persuasivness of a communication depends on properties of the source like credibility, expertise, self-interest, structure of argumentation, messages order, etc.
No formal model exists to compute the total persuasiveness of a communication
based on these parameters. However, several formalisms are available to represent beliefs and their strength, mainly with probabilities or belief functions (see
[15] for a comparative review). But, all of these models are normative and lead to
results incompatible with observable evidence. They would require us to include
quantitative valuation of beliefs (as probabilities or belief masses), which would
make the model harder to validate, less representative and harder to manipulate.
So, we developped a solution based only on the qualitative properties of beliefs.
The sources of informations are perceived as more or less credible by individuals. Broadly speaking, personal experience is stronger than other advices,
themselves stronger than advertisement. We define a set Σ that contains several
levels of support (in other words: credibility, certainty, revisability, strength).
Each source of information is categorized by the agents in one of these levels.
Levels are defined operationally to fit observations from the population and the
needs of the model. Currently we work with the following levels: no credibility
is used for information from advertisement, plausible is used for advice from
someone, indirect experience represents feedback of someone based on its personal experience. Personal experience represents the strongest level for beliefs
acquired by the agent direct experience.
We assume that a stronger source erases the previous advice, because the new
source is considered to be more credible. In some cases, however, it is possible for a strong belief (acquired by direct experience) to be modified by new
weakly-supported information, because individuals accept to revise old beliefs,
comply with social consensus, can be convinced by a good argumentation or
another reason. That’s why we choose to model belief revision based on probabilities of revision between support categories p(revise|σold , σnew ). We built this
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no credibility
plausible
indirect experience
personal experience

no credibility plausible indirect experience personal experience
0.9
0
0
0
1
0.9
0.01
0.001
1
1
0.9
0.001
1
1
1
0.9

Table 1. probability of revising a belief based on the support level of the previous
belief σold (top) and on the support level of the new information σnew (left
column)

function (table 1) based on qualitative observations. A weak support has a low
probability to modify a stronger support. However in long term, this probability
becomes higher and higher, leading to invalidate old beliefs. This model is easier
to validate than a quantitative representation of strength.
Retrieving from memory
We need to be able to retrieve the representation of a social object contained in
an IAN. Retrieving a representation is an spreading activation process: start from
the social object, then browse all the links connected to this node to build the
representation Roa,t . We assume an activation propagation inspired by evidence
networks: the activation strength of a concept for an object is the strength of
the weakest link in the chain that links the social object to this concept. When
activation follows a link, activation is filtered by the belief strength. For instance
in figure 1, activation of concept “time saving” for the social object “iPod”
is “indirect experience”, which is the lowest support in the chain (σ2 ). If a
node receives several levels of activation from its parents, the stronger activation
is kept (MAX-activation, which is also an OR logical interpretation). In the
example of figure 1,“ease of use” has a support of “personal experience”. As
a result, the activated representation contains the beliefs activated and their
support.
In the particular case of incompatible beliefs, the activation process only keeps
the strongest belief. For instance in figure 1, the frame of exclusivity θcomplexity =
{ease of use, hard to use} forbids both of these concepts to be trusted at the
same time. The spreading activation process sets a low activation to “hard to
use” and an higher to “ease of use”, so only the last one will be included in the
activated representation.
2.2

Communication

As shown before by the agent-based modelling community, the social structure
has a huge impact on the system dynamics (e.g. [16]). A model of communication, that it too simple - like random meeting or cellular automata - doesn’t
seem adequate. As a consequence, we detail here explicitely the channels that
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Fig. 2. Communication in a real population
support communication, the structure of messages themselves, and the topics
(social objects) agents are talking about.
A channel is a support of communication that transmits information from an
information source to an audience. Historically mass media were controlled by
firms for persuasive communication, while interpersonal channels were only used
for uninterested communication. Today individuals’ reviews through specialized
websites or forums could challenge traditional mass media, and interpersonal
communication begins to be modified by individuals who are paid to propagate
positive recommandations. To take this evolution into account, we propose to
categorize channels based on their audience size and the determination of topics
(table 2). An unidirectional channel will always have a static topic (because the
information source communicates about the object of its choice) while bidirectionnal channels allow interactive choice of topic. Modelling interactive topics
implies modelling information research, and not only passive information reception.

interactive topic choice
static topic

big audience
forums, search on internet
press, advertisement, direct experience

small audience
face-to-face
weblogs

Table 2. taxinomy of channels

A mass channel is connected to a great number of agents. The agent exposure
defines its probability to receive messages through this channel. An interpersonal
channel represents the fact that two individuals can exchange information with
a given exposure parameter (the probability for the agents to meet). A statictopic channel will only transmit passively messages, so the topic is determined
by the information source. An interactive-topic choice channel asks both agents
which topics they want to discuss about (the salient social objects set of each
agent) and pick up randomly a social object in the union of the two sets.

198

 




















 
































































 



 














 
















Fig. 3. Transcription of a consumer advice retreived on a website (left) as a
TAN (right)

Messages
Each transmission of information (either from mass media or interpersonal) is a
message. A message is intended to transmit information2 about a social object.
A message is sent by a sender over a channel; audience will be determined by
the channel itself. A communication campaign is composed of several messages
broadcasted on channels during a given period.
The content of a message is a transmissible associative network (TAN), which
is made of associative links (see figure 3 for example). A TAN typically embodies only a representation of a single social object. Sometimes - especially
in the case of co-branding - the network can include several social objects and
their associated representations. A TAN transmitted by an extrinsic information
source is provided by the modeller. A TAN from an intrinsic information source
is dynamically built by this agent.
2.3

Agents

A consumer agent represents a unit of adoption. It embodies a belief base, a
list of currently salient social objects and is linked to an agent profile. An agent
profile contains the default exposure to mass channels, background knowledge,
subjective production of knowledge. It also contains functions to evaluate attractivity and decide adoption. It can also include some rules to create the subjective
knowledge based on local information. For instance, the fact that others have
adopted a product (belief number 1 in figure 1) is modelled by a threshold on
the observed relashionships that possess the product.
The definition of the agent’s behavior is out of the scope of this paper. The
modeller can implement whatever models he wants based on the internal representation of beliefs, which provides both beliefs and their strength. Several
2

This definition of a message is voluntarily simplified to fit the frame of this paper.
A message, especially an advertisement, also embodies some non-semantical components.
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models exist to describe attitude formation or adoption based on beliefs, as
the Theory of Planned Behaviour [17], the Fishbein model or any multi-criteria
model.
As an example we currently use the behavior process represented in figure 4.
We designed multicritera functions to compute attractivity and adoption, which
take into consideration the support of beliefs.









 







  



Fig. 4. Exemple of decision process

Based on these three functions, the following process appears, which is compliant with existing models of buying steps or adoption process [2]. (1) first the
agent becomes aware of the innovation, and receives prior information. (2) if the
information is attractive enough, the agent decides to look for it (3) if the agent
thinks it has enough information, it decides to adopt or not (4) using the product,
it receives more information by usage and participates to word-of-mouth.

3

Application to iPodTM

This simulation is provided as an illustration of our approach. The model is
implemented with the Repast Framework (http://repast.sourceforge.net/). In
this discrete-time simulation, each step represents one week.
3.1

Data collection

We retreived data from the published means-end chains analysis of iPodTM [18]
and from statistical analysis of reviews provided by consumers on specialized
websites. This data is used to determine the content of interpersonal messages
and to insert background knowledge into agents. Associative networks permit
to represent background knowledge. For instance in figure 1, the links (9,16)
represent fears of late majority about technology: it’s hard to use and leads to
waste of time.
We identified the following static-topic mass channels: TV advertisement, generalist and specialized press, experience with the product. We set exposure to each
media from general statistics published about TV ads exposure, press reading,
etc. We used as a social structure a small-world graph (a regular lattice with
shortcuts as proposed in [19]). The exposure level to social interactions is retreived from a study [20] about word-of-mouth, which quantifies on average 15
word-of-mouth episodes per week.
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3.2

Agent profiles

We adopt the classical segmentation used in diffusion of innovations. Innovators
like what is new, fun. They enjoy to spent time to learn how an innovation works.
They are able to understand technological terms. They read specialized press
nearly ones a week. They are more impulsive than others, and can adopt an
innovation as soon as it is available. They easily speak about innovations. They
like to be alone to possess new things, and an innovation already possessed
by others loose its interest. Early adopters sometimes read specialized press.
They like new thinks, they carefully study available information before buying.
Individuals from early majority like to be on-trend, with new products. They
already have a good knowledge about technology, but like to have feedback
from first adopters before buying. Late majority don’t cares about the novelty
of a product. They focus on the utilitarian aspect, don’t like to loose time to
learn new techologies. As part of their background knowledge, they believe that
technological innovations are hard to use (as represented by beliefs 9,16 in fig 1).
They consider a piece of information as true only if it comes from someone else
with direct experience. Laggards have a low exposure to press, and retreive most
of their information from interpersonal communication.
3.3

Simulation

Graph 5 shows the output of the model. Awareness starts before adoption due to
annoucement information transmitted about iPodTM . Because an announcement
is only transmitted in specialized press, mainly innovators and early adopters are
aware of the product and can propage word-of-mouth around them. Then the
product is launched, with information in generalist press and TV advertisement.
All the population becomes aware of the product and can adopt it. Early majority requires indirect information from previous users or independant reviews
to adopt. Late majority needs indirect feedback to adopt. The last curve in this
figure shows that the diffusion is made quicker if another media (here: internet)
permits to retrieve others advices quicker than face-to-face communication; this
media is highly efficient because it permits to determine interactively topics and
to retrieve credible information.
3.4

Observations

How to improve diffusion ? In this model advertisement on its own doesn’t lead
to adoption, but can make the product salient in individual minds and provoque
adoption or word-of-mouth. The best idea to make diffusion quicker is to facilitate word-of-mouth, which is required to persuade late majority and laggards
to adopt. A good timing, and attractive information, is require to stimulate
word-of-mouth. If new information is sent when individuals are still looking for
information, then this new information will be transmitted quickly through interpersonnal communication.
Observability, one of the factors mentionned by Rogers, also facilitates diffusion
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Fig. 5. Simulation of iPodTM diffusion in a population of 5000 agents

in this model. In the case of iPodTM , the white hearspeakers are easily identifiable, and are related to iPodTM based on advertisement campaigns. So potential
adopters are aware of others adoption, leading them to follow this indirect recommandation. The importance of usage value, as in reality, is confirmed, because
individuals who use the products are highly credible and can provoque adoption;
it is of prime importance that they be satisfied by the product.

Social representations of the innovation appear in the model. In the beginning of diffusion, we can observe different social representations in the population (figure 6): individuals who have already adopted possess a large amount
of information provided by experience, while others only have a representation
created from advertisement.
Individuals who had no knowledge about mp3 players discover through word-ofmouth what are the criteria for evaluating the innovation. While late majority is
initialized with no knowledge about mp3 players, all individuals end with general
considerations about autonomy or storage capacity. We also observe examples
of incomprehension: an individual who has no knowledge about storage capacity
is unable to understand what “10Gb” means, but he will learn it through interpersonal messages or well-designed advertisement (with the slogan “1000 songs
in your pocket”).
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Fig. 6. Example of social representations. The left representation
earlyadopters,12
SRiP
is shared by first adopters who have already an experiod
latemajority,12
ence with iPodTM . The right representation SRiP
is held by several
od
agents who just have information from advertisement, and know that iPodTM is
already widely adopted.

4

Discussion

Representing knowledge as associative networks permits to create models which
can be tested against real datathat fit real data, and to represent both messages
and individual knowledge in a computationnally tractable way. This representation is highly representative and manipulable, even for non-experts. Implicitly
it allows to model misunderstanding of information, word-of-mouth or launch of
related innovation in a more plausible way - in fact models that were expected by
Rogers. Hence we could build models that represent the whole adoption process,
from awareness to decision.
When a diffusion model is built to be used as a decision-support system, this
approach is obviously more instructive. Through simulation the modeller is able
to study the true parameters of diffusion of innovation (those mentionned by
Rogers and used by marketers): what is the perception of products ? In what
way are consumers aware of a product ? What is the background knowledge of
individuals, and will they be able to understand information ? Why does an innovation provoke word-of-mouth ? Used before innovation launch, the model can
be parameterized from interviews - for subjective perception of the innovation
- and general information- for background knowledge -, giving one an efficient
methodology to test possible diffusion cases.
The main limitation of such a model is the state of knowledge about human
behavior and social phenomena: no sufficient information is available about the
structure of real social networks, what provokes word-of-mouth, etc. Our future
work will be focused on the validation of models based on associative networks,
including interview protocols and statistical methods.
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Getting away from numbers: Using qualitative
observation for agent-based modelling
Lu Yang and Nigel Gilbert
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Abstract. Although in many social sciences there is a radical division between
studies based on quantitative (e.g. statistical) and qualitative (e.g. ethnographic)
methodologies and their associated epistemological commitments, agent-based
simulation fits into neither camp, and should be capable of modelling both
quantitative and qualitative data. Nevertheless, most agent-based models
(ABM) are founded on quantitative data. This paper explores some of the
methodological and practical problems involved in basing an ABM on
participant observation and proposes some advice for modellers.
Keywords: agent-based models, qualitative data, ethnography

The right question isn’t, does the number mean anything. The right question is,
does the number correspond to a difference that makes a difference in the kind of
world being modelled.[1]

1.

Introduction

Most agent-based models (ABM) are intended to simulate some real-world
phenomena and are therefore designed and validated by referring to data collected
from the social world. Most often, such data are in numerical form. For example, the
data may record the number of agents over time, obtained from organisational or
government records; agents’ opinions about some issue, derived from attitude
surveys; or the number of transactions and their prices obtained from market records.
There are well developed statistical techniques1 for summarising and comparing such
data with the outputs of simulation models.
Unlike most other modelling approaches, there is nothing inherently quantitative
about agent-based modelling. It should be as easy to develop and validate ABMs
using qualitative data as it is with quantitative data. Nevertheless, this is far less often
done (a noteworthy exception is Agar [1, 2]). In the next section, a distinction is
made between two types of qualitative data, one that can be used in almost the same
1

Although the best known techniques make assumptions about the statistical distribution of the
data that may not be appropriate for many agent-based models, e.g. those that generate
power-law distributions.
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way as quantitative data and one that for methodological reasons must be treated quite
differently. Section 3 briefly describes an example of building a model based on
qualitative data and section 4 considers the extent to which ethnographic data matches
the ABM methodology. Section 5 concludes with a few tentative guidelines for using
such data for agent-based modelling.

2.

Qualitative data and ethnographic research

At its simplest, qualitative data cannot be converted into numeric values without
distorting the information they contain. There are two types of such data and they are
fundamentally different in nature. First, there are data that are collected using social
measurement techniques such as surveys. The data may be gathered using nominal
(e.g. black, white, green) or ordinal (e.g. agree, neutral, disagree) scales, rather than
interval or ratio (i.e. numerical) scales[3], but, like conventional quantitative data, the
measurements are made on variables with one value for each respondent and can be
stored and analysed as a variable/actor matrix. Such qualitative data can be collected,
managed and analysed using methods similar to those developed for quantitative data,
with the exception of statistical techniques that require arithmetic operations on the
values[4, 5]. For instance, with a categorical scale such as ‘political party voted for in
the last election’, it would be inappropriate to calculate the mean vote, although it is
still possible to find the modal (most frequent) party voted for. Because categorical
and ordinal data can be used in the construction and validation of agent-based models
in much the same way as quantitative data, this type of data will not be further
considered here.
The idea of qualitative data also encompasses an entirely different type of data
(and the common use of the term ‘qualitative’ to cover both often leads to confusion).
These are data that are generally textual in form, such as fieldnotes obtained from
observation, transcripts of interviews, and published documents, although they can
sometimes consist of images, video or audio. Such data are not readily converted into
a variable/actor matrix without losing information or doing an injustice to the data.
The important feature of such data is that they are about the meanings that
participants ascribe to events and actors. To distinguish such data from the categorical
data mentioned above, they will be called ‘ethnographic’ data[6].
Ethnographic data are often collected and analysed on the basis of epistemological
and ontological assumptions that are significantly different from those typically
adopted by quantitative researchers. At first sight, these assumptions may seem to get
in the way of their application to the design and validation of agent-based models, but
in fact the difficulties are not as great as they appear. The basis for most ethnographic
data collection 2 includes:
1. Epistemological orientation: ethnographic researchers often espouse naturalism
– seeking to understand the particularities of a social phenomenon in its own
2

Inevitably, not all ethnographic, quantitative and agent-based studies exactly match the
descriptions suggested in this list, but the majority do.
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terms in rich detail – while quantitative researchers often, although not always,
adopt a covering law model of explanation seeking deductive laws that are of
universal or near-universal application. Agent-based modellers tend to adopt a
middle way, expecting their models to have some degree of generality, but
rarely proposing that the models could have universal application (although
some game theorists come close to that ambition).
Causation: While quantitative research is generally concerned with identifying
correlations between variables, ethnographic studies are more interested in
causal mechanisms, that is, ‘by what intermediate steps, a certain outcome
follows from a set of initial conditions’[7].
Ontological perspective: Ethnographic studies are frequently based on
constructivism[8], which considers that social actors continually (re-)construct
their social world (rather than it being objectively available to them a priori).
This contrasts with the positivist or, more frequently, realist orientation of most
quantitative and agent-based modellers[9]. Critical realism[10] takes the
approach that there are some ‘real’ social processes or mechanisms existing that
generate the observations that actors and researchers perceive.
Methodological orientation: ethnographic researchers generally adopt an
inductive approach, in which theoretical categories are generated from
consideration of the data (e.g. the procedure called ‘grounded theory’[11]). In
contrast, quantitative research usually involves testing hypotheses and, at least
in their writings, modellers tend to adopt a deductive approach, in which a
simulation, designed on the basis of some prior theory, is tested to see whether it
conforms to observed data.
Importance of generalisation: Many ethnographic researchers adopt an
idiographic stance, that is, aiming to understand the particular and contingent
character of the case they are studying, and tend to be sceptical about the
possibility and the value of generalisation to universals. Agent-based modellers
often assume that their models express some general patterns and structures,
although they will be instantiated with particular parameters to represent some
specific case3.
Emic versus etic orientation: an emic description is one that is formulated in
terms that are meaningful to the actor[13]. Typically, ethnographic data are
emic, in contrast to etic data which are formulated using concepts meaningful to
the researcher, but not necessarily to the actor. Both quantitative theories and
agent-based models often use concepts (for example, power law, evolution,
utility) that are unlikely to be meaningful to those whose behaviour is being
modelled 4.
Process and context: there is a strong emphasis in most ethnographic research
on process, that is, on how and why things change over time. Mainly because it
is often difficult or expensive to collect time-varying quantitative data, there is
less emphasis on process in most quantitative studies. In this respect, agentbased modelling, in which the passage of time is represented by simulated time-

For example, a ‘history-friendly’ model[12].
But this is not always true: see the Companion Modelling movement[14] and participatory
modelling more generally.
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steps, is closer to ethnographic than to quantitative research. Ethnography also
emphasises context: that the meaning of actions depends on the context in which
they are carried out. This is also a usual element in ABM, where agents are
given rules of behaviour that are context specific (i.e. whether and how a rule is
activated depends on the current state of the agent and its environment).
These similarities and differences between agent-based modelling and
ethnographic research are summarised in Table 1 and illustrated in the next section,
which describes research on the socialisation of members into service work teams.
Quantitative
Deductive-statistical
laws
Correlational
Positivist
Hypothesis testing

Agent-based

Epistemological
orientation
Causation
Ontology
Methodology

Qualitative
Inductive laws

Mechanism
Realist
Model validation

Generalisation

Seeks general laws

Emic/etic
Temporal and
context
emphasis

Etic
Cross-sectional
context-free

Seeks middle range
models[15]
Etic
Time important

Process
Constructivist
Grounded
theory
Idiographic

and

Emic
Contextsensitive

Table 1. Characterisation of three types of social research

3.

An example

Lu Yang has been conducting a study of the socialisation of newcomers into existing
organisational groups, and examining how the entry of a new member reshapes the
members’ interactions and the structure of the group[16]. Data were gathered by
participant observation of two service workgroups: one in a library where the group
task was to record book loans and returns, stack returned books and perform routine
administration; and the other in a nursing home, where the group task was to carry out
personal care for a number of bed-ridden patients. Each observation was conducted
for a period of six months by participation in the work group as a new team member.
The study generated copious and detailed field notes recording the researcher’s
observations and providing direct evidence of the activities of members and changes
in group behaviour.
The ‘translation’ of these fieldnotes into a rule-based computer program involved
two stages. First, a narrative account of the socialisation process was constructed.
This began with a general overall picture of the setting, the culture and the members’
everyday procedures. For example, the Nursing Home was situated in the countryside
of southeast England. It is privately owned, medium in size, and the residents who
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live there are old and with various clinical needs. The functioning of the Nursing
Home, including details such as how many nurses and carers were employed, what
kind of work they engaged in and the procedures they used, were described.
Then, a number of themes were identified and illustrated with stories about specific
events and incidents that were observed. The observation data were used to discuss,
for instance, the high employee turnover rate, variations in the quality of service, the
boundaries of friendship groups, the hostility of existing staff towards newcomers,
etc. Explanations of these features of life in the Nursing Home were formulated in
terms of themes, for example, that the care workers established their identities partly
by reference to their ethnicity, that co-workers often got angry with others due to task
conflicts, and that new carers learnt practical skills not from formal training but from
working with more experienced carers.
Much ethnographic research stops at this point, with a plausible narrative that aims
to explain the observations by reference to descriptions of social processes. However,
such descriptions tend to be vague and difficult to validate. We wished to take the
analysis a stage further by constructing an agent-based model that represented
abstract versions of these processes.
The second stage of the analysis therefore consisted of the design and
implementation of an agent-based model that encapsulated some of the essential
features of socialisation observed in the two settings. As recommended by Dey[17],
qualitative data analysis ‘involves a process of abstracting from the immense detail
and complexity of our data those features which are most salient for our purpose’.
The ABM holds the promise of helping to identify which features are most salient,
ensuring that the extracted features are consistent and coherent, and providing a way
of validating our conclusions by running the simulation. A recurring problem,
however, was how to model aspects of the settings without making them more precise
or concrete than the observational data would warrant (compare Whitehead’s ‘Fallacy
of Misplaced Concreteness’ [18]).
The model, implemented in NetLogo[19], was designed to have the following
features:
1. Agents work on tasks. Agents and tasks are each represented as objects (that is,
as ‘turtles’ in NetLogo). A decision had to be made about how many of each
type of object to create. For example, this involved ‘abstracting’ from the
number of carers that were employed in the Nursing Home (the actual number
varied from one week to the next and by shift) to a constant number of agents
(that could varied from 1 to 9 between runs) and categorising the activities of
the carers into precisely 10 tasks.
2. Agents have attributes.
It was observed that people’s demographic
characteristics (e.g. age, gender, race and ‘aggressiveness’) were salient in their
relationships with other team members. In the model, each characteristic is
represented by the value of an agent attribute. The attributes are used to
calculate the initial attraction that each agent has to the others. There are many
social psychological studies that support the proposition that demographic
attributes affect social integration (e.g. [20-22]). However, neither these studies
nor our observations are able to quantify the degree of attraction given by these
attributes, nor do they say anything about the attributes’ relative importance or
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the functional form of the relationship. Consequently, an arbitrary choice was
made (a function based on the Pearson product-moment correlation coefficient)
and a sensitivity analysis conducted to see whether variations made a substantial
difference to the outcomes (it did not).
3. Tasks have a priority level and a completion time. Since there are a maximum
of 10 tasks at any time, the priority level ranges from 0 to 9. When applied to
the Library service team, priority level 9 represents frontline service; priority 8
means sorting book trolleys, and so on. The rank ordering of priority was based
on what had been learned from observation of library work. The time taken to
complete each task and the increase in speed at which a task is performed when
more than one person works at it were also estimated from the observations.
However, while in the model all tasks were assumed to take the same amount of
effort, in reality different tasks took different times and the rates at which they
were carried out depended on many factors beyond the number of workers
assigned to them.
4. Agents that leave are immediately replaced by new, unsocialised agents.
Observation confirmed that a new employee will be recruited to replace a
worker who leaves. For simplicity, the model was designed so that one worker
left and was replaced after a fixed number of time steps; in the settings, the
timing of resignations was irregular.
5. Agents have ‘emotions’. The field notes showed that emotion played a key role
in the socialisation of new team members in both settings. A typical instance is
shown in Figure 1, an extract from the observer’s notes.
Day 10:
Markus started to arrange the working group.
‘Gayle group 1, Flora group 2, Cora group 3, Shana group 4, Abigail group 5 and Lu
group 6.’ Gayle left the room.
‘YOU CAN NOT DO THIS TO ME!’ Abigail sat straight up, stared at Markus, and
shouted at him. (I know, of course, it’s me! Group 5 and 6 work in the wing of the home, which is
the part that has the most resident care needs. This part is considered to be the hardest part of
the job. It’s normally the last part to finish every morning. The morning washing and dressing job
should be finished by 10:30am, maximum 11am. Sometimes, if other groups finish earlier, they
normally come and help the wing groups; however, they are not obliged to do so.) Markus didn’t
say a word, but looked pained. I can see he’s trying to think how to deal with this. (Well, I don’t
think he has any choice though.) Then you heard different voices rose up, cross-netted (mainly
Cora, Abigail and Flora), I had no clue what exactly they were talking about, the only thing I knew
was that it concerned the groups! (I have no right to say, or, maybe more accurate, better not to
say anything), I kept silent, but looked at them shouting to each other. (I felt sorry for them, but
well, I am new, I am new! And that’s the fact; I cannot change it in one night! I need to learn and
learning takes time, simple as that. I’m already trying my best.) Finally, there ended up with a
solution, Flora turned to me,
‘Lu, there is a change about the groups, now, you are with Gayle upstairs and I’m with
Abigail on the wing. OK?’
‘Ok.’ What else I can say. Abigail’s still looking angry at Markus. (poor him! Sorry.)

Fig. 1. Extract from field notes recorded on the tenth day of participant observation at the
Nursing Home. (All participants’ names have been changed except for the observer’s (Lu))

This was represented in the model by formulating rules of interaction such that if any
one agent displays certain emotions, other agents check their attraction value towards
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this agent. If an agent decides to respond to the one who displays emotion, the
attraction matrix is updated. Unfortunately, however, it is not clear how to decide on
how much the attraction value should be increased. Nor is it easy to settle on a value
for the emotion display threshold. There is no theory or empirical basis for these and
other numerical manipulations.
Despite our efforts to reduce the number of unsupported numerical constants and
arithmetical operations within the model, it did not prove possible to eliminate many
of them. One could ‘cheat’, removing numbers by tricks of coding, or increase the
apparent quantification by using numerical instead of symbolic values for all
constants. While the presence of unjustifiable, ‘magic’ constants in the code were the
clearest examples, they were not the only instances where the model had to be made
more definite than the ethnographic record could justify. For example, in the model,
agents that leave are immediately replaced (i.e. in the next time step). It looks as
though there is no quantification here, but there is an implicit zero number of time
steps between one agent leaving and the next arriving. In practice, in both the Library
and the Nursing Home, there was almost always some time gap before a new member
of staff could be recruited, trained and formally inducted.
To resolve this problem, it was necessary to engage in a further process of
abstraction. As noted above, both ABM modellers and ethnographic researchers are
interested in mechanisms, that is, the processes or sequences of events that causally
link initial conditions and outcomes[7, 23]. A mechanism is a theoretical
construction described in abstract terms (e.g. the mechanism of an epidemic involves
a virus infecting a susceptible victim, who in turn infects another victim – here the
concepts, ‘virus’ and ‘victim’ are theoretical terms). The ethnographer observes an
instantiation of the mechanism (Ann infects Bob, or in the Nursing Home, Charles
has an argument with David) and infers the mechanism from her observations,
through a process of abstraction. In doing so, many quantities, even if they are
observed at all, are discarded (for example, the account of the epidemic may ignore
the time taken for the virus to make the victim infectious; in the Library, the
ethnographer may record but then disregard the number of arguments between
Charles and David and simply note the existence of conflict). The modeller has to go
the other way: given an abstract social process or mechanism, he or she has to invent
some numbers in order to fill out the theory sufficiently to create a working
implementation. The important issue in inventing these numbers is not their specific
values, but that the implemented model must be an instantiation of the desired
mechanism.

4.

The relationship between ABMs and ethnographic data

The purpose of building an ABM to represent the Library and Nursing Home case
studies was to formalise and verify the set of mechanisms that led to the main features
of the settings that were observed. This involved creating a specification of the model
and the behavioural rules to be followed by the agents, implementing and running the
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model, and comparing the outcomes with the ethnographic record. In terms of the
issues listed in table 1 of section 2, this requires:
1. A realist orientation, in which observable social action is considered to be
generated by the modelled social processes. Although critical realism is usually
associated with an objectivist stance, it is possible to couple realism with
constructivism if one allows for agents to construct the meanings and concepts
they use as a response to the social environment in which they act. However,
given the fairly primitive models of cognition and language use in almost all
current ABMs, modelling of such aspects is unusual.
2. Either a deductive approach, in which the model is formulated and then tested
against the ethnographic data, or an abductive one, in which a theory and thus a
model is induced from the data and then the model is tested against the data and
discrepancies used to improve the model.
3. A concern with generalisation. ABMs normally represent a general theory
about how some social phenomenon works. Ethnographic data about one
particular setting can be used as a case study or a ‘critical case’ that can be used
to help to validate a model – more precisely, to falsify the model if the model is
incapable of generating a representation of the behaviour observed in the
setting.
4. An etic approach, that is, one that uses the analyst’s concepts, but where actors’
concepts are, as far as possible, allowed to emerge from the operation of the
model.
5. The usual interest in process and context that can be found in most ABMs.
Working within these constraints, it seems possible and useful to construct an
ABM that represents the processes or mechanisms that have been discovered from
ethnographic research. However, the model cannot be expected to confine itself to
representing the ethnographic data and no more, for an ABM will inevitably require
many ‘numbers’, or more accurately, modelling assumptions, that are not to be found
in the data. This is not a difficulty provided that the model does represent at some
abstract level, the same mechanisms as identified in the ethnographic analysis.

5.

Conclusions

It has been suggested that it is possible to use ethnographic data, such as fieldnotes
from participant observation in the design and validation of ABMs, but that there are
number of areas where a modeller will find themselves having to move away from the
conventional assumptions and methods of ethnographic research. While the agentbased modelling community needs to gain more experience of using ethnographies in
their work, some advice can already be formulated for those contemplating using
ethnographic data:
• Ethnographic data are usually very rich and detailed, while simulation models
tend to be somewhat abstract. In order to bridge the gap, it will be necessary to
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develop analyses of the ethnographic data, possibly using computer aided
qualitative analysis (CAQDAS) tools5 to help manage, code and search the
textual data.
Although typically an ethnographic study describes just one particular setting, it
can be used as a case study of a more general class of settings. It may be useful
either to conduct more than one ethnographic study, so that settings can be
compared, or to locate descriptions of other settings that can substitute for firsthand data collection.
Ethnographic data are often good sources of information about relationships,
among actors and between actors and objects. A model of the data will need to
represent such relationships; that is, the model is likely to be based on networks
of agents.
Ethnographies usually contain descriptions of social processes that are
equivalent to the kinds of mechanisms that are typically modelled by ABM. It
helps to lay out these processes explicitly in the ethnographic analysis before
attempting to model them.
The modeller will have to add ‘concreteness’ to the model beyond the evidence
in the data (for example, choosing numeric values for thresholds and
multipliers; selecting distributions for random number generators; assigning
attributes to agents either at random or in some arbitrary way). This is an
inevitable part of the process of using ethnographic data as the foundation of an
ABM. As far as possible, such choices should be justified by conducting a
sensitivity analysis and showing that they do not have a significant effect on the
outcomes of the simulation, while recognising that it is impracticable to test the
sensitivity of every aspect of a model.
While much ethnographic data concerns the observation of individual action,
some structural and group data can also be gathered (e.g. who talks to whom
and when; what collective events occur; who is involved in rituals). These
‘macro’ features of the setting are valuable for the modeller. The model may
generate outcomes and patterns that correspond to these features, and if it does,
this helps to validate the model.
The modeller should consider the implications of a stance that proposes that the
way that people structure their worlds is not based on an external reality, but a
culturally generated and fluid categorisation that is self-organising and
emergent. While this constructivist perspective is hard to accommodate, given
the current state-of-the-art in agent-based modelling, one can at least try to
represent some of its implications.

Ethnographic data, we contend, is no less relevant to building ABMs than
quantitative data. However, while there is already much experience in using
quantitative data to design and validate ABMs, there are relative few examples of
ABM based on ethnographies and little advice to guide the modeller. We hope that
this paper will inspire more consideration of how ethnographic data can best be used
by modellers.
5

See, for example, the reviews and resources available at http://caqdas.soc.surrey.ac.uk
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A model to explore multi-dimensional change in an
unsustainable farming system
Georg Holtz1
1
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Abstract. In the Upper Guadiana River basin in Spain, groundwater overexploitation through farmers endangers ecologically valuable wetlands. A
model to explore leverage points shifting the farming system towards more
sustainable practices is presented. This model defines and relates three
dimensions: 1) farmers’ priorities, 2) potential practices and 3) rules. Farmers’
choice among potential practices is modelled as weighted adding strategy. This
model allows exploration of integrated solutions not restricted to regulatory
approaches and is currently used to identify ways to achieve a permanent shift
to more sustainable farming practices.
Keywords: Agent-based modeling, Farming-system, Upper Guadiana river
basin, Pattern Oriented Modeling

1 Introduction
In the Upper Guadiana river basin in Spain, irrigation of farm land accounts for
approximately 90% of total groundwater use. During the last decades, the amount of
farming has increased and farming practices have changed towards water-intensive
crops; leading to an over-exploitation of groundwater resources endangering wetlands
of high ecological value ([1]). Policy interventions aiming at reducing groundwater
use turned out to be either not very fruitful since restriction of water use could not be
enforced to an effectual degree and many farmers took water illegally; or policy
measures depended on lasting compensatory payments which could not be sustained
over long periods of time. This paper presents a model aiming at enhancing the
understanding of how the farming system in the Upper Guadiana could get “unlocked” from its current unsustainable path.

2 Modeling approach
This model builds on the sociological concept of context-dependence of actors ([2]),
explaining behavior as depending on an actor but also on a context in which the actor
acts. The context has a dual function: on the one hand it enables actions by providing
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options, possible behaviors. On the other hand it constrains actors by advising certain
behavior and penalizing others. The model defines three dimensions to capture this:
“priorities”, representing an actor’s evaluation scheme; “options” representing
potential practices and “rules”, representing constraints and incentives.
Using this concept it follows that a lasting shift in practices must be considered as
emergent outcome of (a combination of) change in options available, in rules advising
and penalizing options or in priorities governing the choice among options
considering rules. The model is used to analyze which of the three dimensions
(priorities, options, rules) is (not) sensitive to evoke lasting change of the farming
system. The innovative contribution of this model is its openness for analyzing not
only changes in rules but likewise in options and priorities which often are assumed to
be fixed. This allows exploring solution strategies not restricted to mere regulatory
approaches.

3 Implementation
This model is implemented as an agent-based model using a framework called
Famoja ([3]). The agent-based modeling approach facilitates representation of
heterogeneity of farmers and individual farm histories. This model is organized
around four “topics” found to be relevant for farmers’ decision on farming practices:
1) income, 2) acting legally, 3) saving water and 4) keeping the tradition.
Actors (farmers) are heterogeneous regarding their priorities which are represented
as lists of weights attached to these four topics. Options score different regarding
these topics. Options representing current farming practices comprise a combination
of crop and irrigation technology; radical alternatives can easily be represented by
specifying their scores. Rules, including the changing EU Common Agricultural
Policy and national pumping restrictions, define which options allow staying legal
and further influence income through subsidies and penalties. Hence rules modify
options’ scores.
Farmers’ decisions among (modified) options are computed using a weighted
adding strategy; that is for each farmer the scores of modified options are weighted by
this farmer and summed up to a total score. Farmers only change behavior if the
entailed increase in total score exceeds a threshold representing investments that are
not yet written off, learning efforts and risk aversion.

4 Calibration and validation
The models’ empirically unspecified aspects (e.g. distribution of farmers’ priorities)
are calibrated using data from the time period 1985-2000. As model input, policy
measures incorporating EU and national policies are combined with scenarios of
development in options (during that period, pumping technologies became more
efficient and much cheaper). The 2000-2005 period is used to validate the gained
model. The model is calibrated and validated using a pattern oriented modeling
(POM) approach: multiple emergent pattern like water use and crop pattern are
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reproduced simultaneously ([4]). POM reduces uncertainty related to model structure
and parameters.

5 Expected results
This model is designed to identify and understand leverage points of the farming
system. It is currently used to identify ways to achieve a permanent shift in farming
practices. Several scenarios representing possible future developments in the three
dimensions options, rules and priorities are designed and resulting model behavior is
explored.
Past attempts of solving the problem focused on rules. Restriction of ground-water
use failed since acceptance of such rules among farmers is low and enforcement
against the will of farmers is too costly (financially and politically). A key topic here
might be achieving a higher level of farmers’ awareness of water related problems
like degradation of wetlands and depletion of aquifers since this could entail a shift in
priorities. Then a social norm might establish which could prove to be more efficient
than (only) a legal law.
Obviously inventing options meeting farmers’ priorities without over-exploiting
groundwater resources would be another solution for the problem. However,
according to the model design, such options would not only need to provide adequate
income but must also meet farmers need for keeping their identity as being farmers.
Farm holidays or organic farming could be such options.
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Abstract This paper reports on a formal theory to analyse institutional
statements - rules and norms - and how this theory can be applied in
agent-based models to simulate and investigate institutional change. The
theory is the grammar of institutions by Crawford and Ostrom [1,2].
This paper describes a possible application of this theory including an
agent decision making mechanism, in which rules and norms that have
been adopted by an agent serve as first filters to reduce the number
of possible actions. The paper also reports briefly on two examples of
models in which the grammar of institutions has been applied. This way
of modelling institutional statements may help to model institutions and
to investigate institutional change by means of social simulation.

1

Introduction

When agent-based social simulation is used for investigating institutional change,
institutions, their effectiveness, and their emergence need to be endogenous in
the models. This paper reports on a way of conceptualising institutions in order to transfer them from real-world problems into computer code. This is a
step to facilitate modelling of institutions and institutional change, as well as of
comparing institutions and their impacts across models.
One view on institutions regards them as constraints on decision makers’
behaviour. As such they can be integrated in agent-based models. However,
institutions vary greatly in both the way they are described and in their impact.
The Grammar of Institutions [1,2] is a way of describing institutional statements
using five distinct grammatical building blocks. This stringent view of analysing
institutions reduces ambiguity while transferring rules and norms from the real
world into computer code [3].
This paper presents the theory (Section 2) and its application to agent-based
models, including an exemplary decision making process in which institutional
statements constrain agent behaviour (Section 3). It includes a brief description
of exemplary models in which this approach has been used (Section 4) and
concludes with a short discussion on the usefulness of this approach.
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2

Grammar of Institutions

The grammar of institutions [1,2] is a logical syntax, in which institutional statements can be represented as well as compared and contrasted. Institutional statements “describe opportunities and constraints that create expectations about
other actors’ behavior” [2, 137]. This syntax is useful for implementing institutions as constraints for agent behaviour in social simulation models.
This grammar can represent both formal and informal institutions [4]. Whether
they are efficient or not, does not depend on their formality, but is determined
by whether they are followed and enforced. Rule following and enforcement can
happen in different ways in the real world, which can be represented in this
theory. It allows for investigating consequences arising from not following a rule.
Rule compliance can be modelled on this basis, including extrinsic (sanctions)
and intrinsic motivation.
2.1

Five Building Blocks

According to this grammar, a rule is an institutional statement consisting of five
components (ADICO): Attributes, Deontic, aIm, Conditions, and an “Or else”
statement.
Attributes define any individual attributes needed to distinguish actors from
each other, in order to define to whom the institutional statement applies.
Deontic A deontic statement is either permission, obligation, or forbiddance,
that is “may,” “must,” or “must not”, respectively. Note, that it is possible
to define each deontic by the other two.
Aim defines what it is that may, must, or must not be done.
Conditions define states of the world in which the rule applies.
Or Else defines consequences for not following the rule.
Some examples throughout this paper illustrate the building blocks and some
are later used as examples in a modelling context. A sign in a train could read:
If you don’t have a valid ticket, you are charged 60 Euro. Attributes in this
case are implicitly referring to all people travelling in a train. However, the law
probably specifies some age restriction, say age seven and older. The deontic
is “obligatory.” The aim is to have a valid ticket. Deontic and aim can be exchanged: It is forbidden to travel in a train without a valid ticket. Conditions
are in trains of a specified railway company. The “Or Else” part is that you are
charged 60 Euro. However, if you do not get caught, you do not have to pay. So,
there is a chance that the sanction is not excerted. Re-phrasing the statement
according to the grammar leads to: All persons from age seven on - must - have
a valid ticket - when travelling in trains of a specified railway company - or else
suffer a fine of 60 Euro.
2.2

Rules, Norms, and Shared Strategies

Three subsets of institutional statements can be distinguished according to which
of the five elements are defined.
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Shared Strategies - AIC Shared strategies consist of attributes, aim, and
conditions. Consider for example the shared strategy: Customers tip in a restaurant. The attributes customers states that the shared strategy applies to all who
eat a meal. The aim to tip refers to what is to be done. The condition in a
restaurant states, where tipping is usual, for example this shared strategy says
nothing about tips in a drive thru. Consider also: Players of repeated prisoner’s
dilemma games - cooperate - in first moves [2, 157].
Norms - ADIC Norms consist of attributes, deontic, aim, and conditions.
Consider for example: If you use the microwave, you must clean up your own
mess [2, 139]. The attributes refer to microwave users. The aim is to clean up.
Cleaning up is obligatory, as the deontic “must” states. Conditions are if they
caused a mess. The statement can be rephrased: Microwave users - must - clean
up - if they caused a mess in order to bring the elements in the corresponding
order of attributes - deontic - aim - conditions. Consider also this norm: Players
of repeated prisoner’s dilemma games - must not - cheat - unless being cheated
before.
Rules - ADICO Rules consist of all five elements. Rules are distinguished
from norms by adding explicit consequences for violating a rule. The train-riding
example given above is an example for a rule. Another example would be the
grim trigger: Players of repeated prisoner’s dilemma games - must not - cheat unless being cheated before - or else suffer cheating in all following rounds.

3
3.1

Applications in Agent-Based Models
Agent Decision Making

The agent decision making mechanism proposed here uses rules, norms, and
shared strategies as first filters in a two-step filter process as displayed in Figure
1. From a list of possible actions, only those are considered, that are permitted by
the institutional statements applicable in the current situation and individually
considered to be important. From the remaining possible actions, which I call
“considered actions”, other mechanisms can be used to choose a single remaining
action. These other mechanisms can include evaluative criteria or simple decision
heuristics. By evaluative criteria, expected outcomes are judged, for example,
highest expected return or equality of outcomes. Examples for simple decision
heuristics include closeness to a previously made decision or choosing a focal
point. The difference between evaluative criteria and decision heuristics is that
the former refers to expected effects of an action, while the latter refers to the
action itself. In our models, they are used in a similar way, but note, that the
outcome of evaluative criteria depends on the way in which expectations are
formed. Expectation formation may also be guided by institutional statements
as suggested in [2] and modelled, for instance, in [5].
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possible actions

Rules, norms,
shared strategies

considered actions
Decision
heuristics
expected
effects
Evaluative
criteria
chosen action(s)

Figure 1. The decision making process suggested in this paper is a two-step process,
which first filters out possible actions according to rules, norms, and shared strategies,
and secondly determines the best option according to applied evaluative criteria or
decision heuristics.
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If a single action needs to be chosen, the second step of the process is repeated
using a list of evaluative criteria and decision heuristics with decreasing priority
to successively reduce the list of considered actions. This process stops, when
there is only one choice left. In order to define an end-point to this process, in
one model, I included a random choice decision heuristic with least priority to
select a single action out of a list of actions, which could not be distinguished
by an agents’ evaluative criteria.
If more than one action can be chosen at the same time, the process gets more
complicated. For now, in our models, only single decision processes have been
modelled. Multi-decision processes have been modelled as sequences of single
decision processes.
3.2

Reasons for Following Rules and Norms

As in the real world, the existence of a rule, does not automatically lead to it
being followed. Different reasons exist for humans to follow rules. In order to use
social simulation to investigate institutional change, these different reasons have
to be taken into account in the respective models.
In the introduction I argued that this syntax reduces ambiguity. It can not,
however, erase ambiguity completely. The prisoner’s dilemma example for a rule,
the grim trigger, can alternatively be stated as three shared strategies [2, 157]:
1. All players - cooperate - first round.
2. All players - cooperate - all rounds in which all players cooperated in the
previous round.
3. All players - defect - all rounds after a defection.
Consequences of violating rules and norms, therefore, do not only include
explicitly mentioned sanctions (which may or may not be excerted), but also
behavioural changes in reaction to an agents’ behaviour. Which of the two sets
of institutional statements is more effective can not be seen, by merely looking
at the corresponding formalisation. Rather, factors determining effectiveness are
how many players follow the third shared strategy and how often the explicit
sanction is actually exerted.
Sanctions One way of enforcing rules is by defining sanctions, monitoring rule
compliance, and excerting defined sanctions after a rule violation has been perceived. Saam and Harrer model the Finder-Keeper norm as an institutionalised
rule with sanctioning of observed violations [6, 4.15]. All three processes are of
importance. Turning a norm into a rule by explicit “or else” statements, does
not suffice if monitoring is not ensured or if there is no agent with the possibility
and willingness to excert the sanction. The probability for being detected can be
taken into account by agents, calculating expected returns of rule violations. In
the train example, if tickets are rarely checked, the expected return is different
than if tickets are checked on almost every ride. Nevertheless, pressure to follow
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norms can be modelled without explicitly modelling monitoring, for instance as
“peer pressure” in [7].
Sanctions are not always pecuniary. They can be excerted in specific choices
for actions in the future, as the grim trigger in the prisoner’s dilemma example.
I do not propose, however, that agents should calculate subjective expected
utility on the basis of monitoring and sanctioning probabilities. Instead, it seems
sufficient that rules are regarded as effective or not, and are followed (or not)
accordingly. Thinking about the train example this approach seems more realistic
than calculating expected returns.

Reputation In repeated interactions, trust building or more generally expectation formation of others’ behaviour, is one way to enforce norms or shared
strategies, which lack an explicit sanction, as for instance through normative
reputation in [8]. In repeated prisoner’s dilemma games, the threat of defecting
does not have to be stated as an explicit sanction, since it is in the interests of
players to cooperate on the long run. Once cooperation has been established,
trust is increased. Trust is modelled as the expectation that the other follows
the shared strategy of cooperation [9]. Trust loss through one defection, on the
other hand, can be hard to build up again. Future interactions in which another
agents’ behaviour is bound to be based on the reputation of a decision making
agent, may be incentive enough to follow group norms or shared strategies.

Conformity As humans are social beings and socially embedded [10], there
seems to be an incentive for some to follow a norm which is followed by most.
Agents can be programmed to do the same using the “majority rule” [11]. In our
models, this agent trait is called conformity [9,12]. The higher their conformity,
the lower the percentage of other agents following a norm needs to be, in order
for them to follow it as well.
Norm adoption, however, may also be induced by mirroring peer behaviour
and not general behaviour, see for instance [13] on imitation.

Emotions Due to internalisation of norms, emotions such as guilt, shame, and
anger can be made responsible for norm following behaviour [14]. These would
be modelled as intrinsic motivations to follow a given norm.

Habit To reduce the amount of decisions or thinking a human or software
agent has to do, many norms and shared strategies are followed out of habit. In
that case, stopping to follow a norm, needs to be triggered. We model this, by
giving an institutional statement an individual strength. This strength may be
reduced or increased by observations of others or outcomes of previous applications. Thresholds exist which would trigger a re-evaluation of an institutional
statement.
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3.3

Transferring Institutional Statements into Computer Code

In order to be applicable for social simulations, the building blocks need to be
transferred to building blocks as used in a simulation model. The examples discussed in Section 4 draw on a modelling template [15] based on the Institutional
Analysis and Development (IAD) framework by Elinor Ostrom [16,17]. However,
the following findings are rather generic and maybe even obvious, but still it is
worth noting that all meaningful elements of institutional statements need also
be meaningful elements in the model, if their impact on actors’ behaviour is to
be investigated.

Attributes For attributes to provide a meaningful distinction between agents,
they must be based on those elements, that constitute agent heterogeneity. If, for
example, heterogeneity of an agent population is solely based on one attribute,
say cooperativeness, values for cooperativeness could be distinguishing characteristics of institutional statements: Players with a cooperativeness of greater
than 0.5 - cooperate - in first moves. In most models, however, even if agents
are very much alike, they differ in more than one respect, for instance they can
be located in specific points in space and time, have different experiences, and
different connections in a social network and the like. A shared strategy in a
prisoner’s dilemma could be: Players directly connected to a peer cooperator cooperate - in first moves.

Conditions Conditions refer to the state of the world. What has been said
about attributes, also refers to conditions. They have to be meaningful in the
model and, furthermore, agents need to be able to perceive them. If an agent
has no way of distinguishing a cooperator from a defector, the shared strategy
All players - defect - when encountering a defector is meaningless. If there is no
way of knowing, the way in which expectations are formed by an agent is of high
importance. All players - defect - when expecting to encounter a defector could
be the same All players - defect - when the other defected in the last game if
expectation is based on the latest experience.
The difference between conditions and attributes is that the former refers
to the world outside the agent and the latter to the world within the agent.
Experiences and expectation formation are somewhat in between, but refer to
the outside world, even if they are processes or states inside an agent.
The distinction is clearer, for a tag directly perceivable by an agent. Consider
the Finder-Keeper strategy [8,6] Normative agents - must not - attack - agents
who eat their own food. It seems obvious that the food needs to be tagged so that
the agents can see to whom it belongs. To make agents perceive if other agents are
also normative was explicitly modelled as a model extension with communication
of normative reputation. Only then, the norm turned into Normative agents must not - attack - agents who are normative and eat their own food.
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Deontic and Aims Aims need to be actions that are actual options for a
decision making agent, or else the institutional statement is meaningless in a
given situation.
In the decision making mechanism suggested above, institutional statements
serve as filters to reduce the number of possible actions. Since each deontic
statement can be defined by the other two, we could choose “must not” and
“may” (see below) as the only implemented deontics. In prisoner’s dilemma
games, the norm All players - must - cooperate is equal to All players - must
not - defect. More generally if an agent is obliged to do something, all other
actions are forbidden. This, however, assumes that the institutional statement
refers to the complete list of possible actions. This is not in all models the case.
If the set of possible actions evolves and, for instance, walking away from a
prisoner’s dilemma situation is introduced [18], All players - must - cooperate
does not allow walking away, while All players - must not - defect does. If the
list of possible actions is not closed, “must” and “must not” need to be explicitly
modelled.
A permission, on the other hand, does either not change the list of possible
actions, or it is an extension to this list. In the latter case, however, either the environment or another institutional statement can contradict this extension. The
environment is assumed to define physical impossibilities and therefore rules out
a permission. Another institutional statement would have to be more important
to the agent in order to rule out a permission.
Or Else The “or else” statement needs to be something that the agent can
calculate in its decision making. Also, expectations of the probability of getting
caught are important in this respect. Possible sanctions are not always carried
out, either because the rule violation has not been monitored or because it
appears to be of minor importance to or is costly for those who could excert a
sanction.

4

Examples

This kind of decision making has been used in two different models. One is a
model of a series of economic experiments with varying institutional settings
including the possibility to communicate and adopt self-designed shared strategies as well as agree on sanctioning mechanisms. The second is a model of an
upstream-downstream problem of flood protection, in which decentralised, centralised, and collective action regimes are contrasted using different institutional
statements to create behavioural constraints for decision makers.
4.1

Institutional Statements in an Economic Experiment

In a series of economic experiments [16] eight participants have to make anonymous choices of how many tokens, out of their 25 per round, they want to invest
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in a common pool resource. The return from the resource depends on total investment in a negatively quadratic way. In the parameterisation used in [16]
group optimum is at 36 tokens total, 4.5 tokens per participant. In baseline experiments, no communication or sanctioning is allowed. Experiments have also
been conducted with communication phases in which participants could decide
on shared strategies, with sanctioning mechanisms, and with both communication and sanctioning, including the possibility to decide on adopting sanctioning
mechanisms.
In the model of the baseline experiment, the only norm implemented is All
players - must not - cheat - always. Cheating is defined as investing more than
the symmetric Nash strategy, which is 9 tokens, in the parameterisation in [16].
Roughly half the agents start out following this norm, according to their individual conformity value.
The model allows suggesting and voicing support of shared strategies during
communication rounds. Shared strategies are implemented as All players - invest 4 (5, 6, 7 . . . ) - as long as all others do so. Individual complicance to these
shared strategies depend on two things: The first is a combination of the individual conformity value and the perceived expressions of compliance to a shared
strategy. The second is the expected returns of following the shared strategy and
thus keep it going. Thus, if following a shared strategy pays, even agents with a
low conformity can be drawn into mutual cooperation.
Shared strategies can turn into rules, even without explicit sanctioning mechanisms, for example as: All players - must - invest 4 - as long as all others do or else in the next round all invest 10.

4.2

Institutional Statements in Transboundary Flood Protection

Three different institutional settings are contrasted in a model of flood protection
as an upstream-downstream problem. A three bucket river is managed by three
different administrative bodies.
The decentralised setting defines no institutional statement for taking the
downstream effects into account, when deciding on flood protection plans.
The centralised setting defines a rule with varying “or else” parts: All decision
makers - must - take the whole basin into account - always - or else be relieved
of office; or else pay a fine; or else do not receive money out of a joint fund for
flood protection. Different reasons for following these rules, are investigated in
this setting, including but not limited to the sanctioning threat.
The third setting, a collective action setting, allows norms of other regard
to emerge during communication phases, in which information is exchanged and
trust is built. The norm says the same as the rule in the centralised setting
without an “or else” part. The model is used to investigate circumstances under
which a collective action situation can outperform a centralised regime.
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5

Discussion

This paper describes the Grammar of Institutions, a theory which can be used
to transfer institutional statements from the real world into computer code. The
theory helps to analyse and compare institutions, by defining building blocks, by
which institutions can be compared and their impacts analysed. This decomposition into building blocks helps to implement institutions and their impacts on
agent behaviour in agent-based models. It further aids modelling institutional
change by making explicit what elements need to be captured in the model.
Based on this conceptualisation, emergence of new rules as well as emergence
of rule following may be modelled. With this kind of representation of institutional statements, agent-based models can be used to investigate institutional
change.
However, as we have seen, institutions are not unambiguously represented in
this theory. For instance, the grim trigger in prisoner’s dilemma games can be
modelled as a set of shared strategies or as an explicit sanctioning mechanism.
Also, the proposed decision making process does not pre-define all necessary
processes. For instance, the adoption of norms and rules is so far modelled as
a cue-based or learning direction mechanism. Even in the two examples, agent
reactions on institutional change, have not been investigated thoroughly enough,
to be modelled with confidence. Rather, the models mentioned in Section 4 were
used to develop this technique. For social simulation models based on this template, careful data collection and qualitative confirmation with expert knowledge
is necessary [19]. For the upstream-downstream model, this is currently done in
close interaction with a case study.
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Abstract. This paper proposes a new software architecture, called ViP-GMABS,
which enables virtual players to be inserted in the GMABS methodology. This
methodology combines RPG (Role-Playing Games) and MABS (Multi-AgentBased Simulation) techniques in an integrated way. A prototype developed according to this architecture, called ViP-JogoMan, is presented. ViP-JogoMan
was designed to be used as a Group Decision Support System (GDSS) in the natural resources management domain. This domain was chosen because it encompasses extremely important and complex negotiation processes, and GMABS
methodology can be used to handle or mitigate conflict resolution.

1

Introduction

Role-Playing Games (RPGs) are a type of game where the players perform characters.
These characters are created within a particular scene (an environment) which organizes the players actions, by determining the limits of what can or cannot be done [3].
In this way, RPGs are games where each player plays a role and takes decisions to
reach its objectives. In fact, players use RPG like a ”social laboratory”, because they
can try several possibilities, without real consequences [5].
Multi-Agent Systems (MAS) study the behavior of sets of independent agents with
different characteristics, which evolve in a common environment. These agents interact with each other, and try to execute their tasks in a cooperative way by sharing
information, preventing conflicts and coordinating the execution of their own activities
[2]. Additionally, the use of simulation as an auxiliary tool for human decision-making
is very efficient, because it allows the verification of specific details with great precision. The combination of both, multi-agent systems and simulation, generates a new
research area called Multi-Agent-Based Simulation (MABS), that deals with problems
that involve multiple domains [10]. An example of a MABS application domain is natural resources management, because it involves several knowledge areas, as sociology,
hydrology and biology.
The use of MABS and RPG (isolated or in an integrated way) has been used
in several works [8, 11] and it shows interesting results, such as to join the dynamic
∗
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capacity of MABS with the discussion and learning capacity of RPG techniques. We call
the integration of RPG and MABS as GMABS (Games and Multi-Agent-Based
Simulation) methodology [1].
Whenever a RPG is played, it needs a certain number of real players to be executed.
However, many times the game cannot be played because it does not have the minimum
number of players, even if in some cases players are in different places (if the game is
played through the Web, for example) and/or at different time schedules (if the game is
played in asynchronous way). In this way, the existence of Virtual Players would be
very useful, because they could substitute the real players without damaging the game.
By damaging the game we mean a situation where real players could easily identify the
virtual players, because the decision-making results of the latter are not realistic, i.e.,
their actions are very different from the ones that real players are expected to perform.
The goal of this paper is (i) to present an architecture that enables to insert virtual players in the GMABS methodology, called ViP-GMABS and (ii) to present a
prototype, based on this architecture, that was developed for the natural resources
management domain. We have organized this paper in 7 sections. In Sections 2 and 3
we briefly present a short review about RPG and MABS, respectively. The GMABS
methodology is presented in Section 4 . Section 5 details the ViP-GMABS architecture.
In Section 6, the ViP-JogoMan prototype is described, as well as some preliminary test
results. Finally, the conclusions and further work are presented in Section 7.

2

Role-Playing Games (RPG)

According to Barreteau, “in-between games and theater, Role-Playing Games (RPGs)
are group settings that determine the roles or behavioral patterns of players as well as
an imaginary context. A RPG is the performance of a roughly defined situation that
involves people with given roles”[4]. Players genuinely use RPG as a ”social laboratory”.
It is a way for them to experiment playing several roles and/or several strategies in a
group with presumably few consequences in the real world .
Psychologists have analyzed RPG and its implications on players’s behavior, since
there are significative relationships between RPG and a kind of psychotherapy called
psychodrama. In this kind of therapy, the patient lives a controversial or psychologically
problematic situation according to other points of view, different from his own, to better
understand them and live a cathartic experience [3].
RPG can be used for three different purposes: training, research or policy making.
The first use is more predominant, since training tools are more and more used by
professionals in market’s training session. In this case, roles are strictly defined by the
instructor’s knowledge. In some cases, it is possible that more experts players use their
own experience to get a better situation in the game, as in real practice.

3

Multi-Agent-Based Simulation (MABS)

The field of Multi-Agent Systems (MAS) is a well-established research domain in Artificial Intelligence (AI), which has emphasis in the resolution of problems by a society of
agents. The distribution of the problem solving by several agents is necessary because
these problems can be too complex or too large to be solved by a single process, or still,
they may need knowledge from several different domains. One goal of these systems
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is to release the researchers from low-level technical-operational issues, allowing the
researcher to concentrate his/her efforts on the relevant domain application level.
The computer simulation of social phenomena is a promising field of research at
the intersection between the social, mathematical and computer sciences. The first
developments of computer simulations in the social sciences coincided with the first
use of computers in academic research, in the early 1960s. By this time, computer
simulation was essentially used as a powerful implementation of mathematical modeling
[10].
Multi-Agent-Based Simulation (MABS) is the union of MAS and Simulation and
it is specially valuable to conciliate different interdisciplinary perspectives. Typically,
it involves researchers from various scientific areas, such as social psychology, computer science, social biology, sociology and economics. The interdisciplinary character
of MABS is an important challenge faced by all researchers, while demanding a difficult
interlacement of different theories, methodologies, terminologies and points of view [10].
The MABS field is increasingly characterized by the study, design and implementation
of computational platforms to simulate societies of artificial agents.

4

GMABS Methodology

In our work, we call the integration of RPG and MABS within a same methodology as
GMABS (Games and Multi-Agent-Based Simulation) [1].

Fig. 1. GMABS Methodology.

The methodology steps, shown in Figure
1. Players receive all the information about the game: the roles they can play, the
actions and rules available to these roles, the common environment, the topological
constraints. When the game starts, each player defines the role he is going to play.
Each player knows then what actions he can execute, and the benefits and/or
damages its action can cause to the common environment. The initial scenario
defines also where the players are physically located in the common environment
and what are their initial possessions (money, land, etc.);
2. There are three different activities in this step:
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(a) Players may reason and decide about individual actions that depend exclusively
on themselves. As an example in the natural resources domain, land owners
change their land use;
(b) Players have all the information necessary to initiate bilateral negotiations with
other players. In order to do this, they may change information and make their
decisions, according to the rules initially determined for their chosen roles. As
an example in the natural resources domain, land owners can sell their lands.
Normally, the duration of these two previous activities, which occur simultaneously, is defined in the beginning of the game;
(c) After deciding about their individual actions and concluding the bilateral negotiations, the players can then negotiate about collective strategies for the next
rounds. These collective strategies should benefit all players or just a subgroup
of them. As an example in the natural resources domain, players can demand
improvements on infrastructures, more jobs, tax values, etc. This negotiation
process of collective strategies is just a ”predisposition” to define future actions:
players are not really obliged to keep their word and really use these strategies
in the further rounds. This process is hence very important for each player to
better understand the objectives and strategies of the other players;
3. Players inform to the MABS tool which individual actions were chosen and which
bilateral negotiations were concluded;
4. Data is computed by the MABS tool: the latter actions modify the initial scenario. The properties of the environment are then modified, which implies in the
modification of each player data;
5. The MABS tool returns the new scenario. If the time deadline of the game is not
reached or the maximum number of rounds has not been achieved, return to step
2.
More information about GMABS methodology can be found in [1].

5

ViP-GMABS Architecture

One goal of this paper is to present an architecture that enables to insert virtual players
in the GMABS methodology. Differently of other works, as [11], where software agents
were inserted in GMABS methodology as assistant agents to human players, we want
to insert high-level cognitive agents (virtual players) to substitute people (real players)
in the game. This architecture is called ViP-GMABS (Virtual Players in GMABS ).
The main elements in GMABS methodology are the MABS tool and the players that
play the RPG. In order to insert virtual players, we have divided the RPG element in
two sub-elements: real players and virtual players. Since we have inserted virtual players in RPG, the MABS element should be modified, because the data stream must be
addressed both to human and virtual players. We have therefore included an intermediate communication layer between the MABS and RPG elements. From the ”MABS
point of view”, this communication layer treats the information exchange between the
MABS and the players in the same way. This layer handles the communication between
all players (real or virtual), during the game (see Figure 2).
The architecture presented in Figure 2 was defined to be both tool and domain independent. We really expect this architecture to be generic, since the GMABS methodology can be implemented for any knowledge area and for any MABS tool. We have
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Fig. 2. Semi-Autonomous RPG architecture.

hence defined some requirements to handle the communication between the MABS and
the RPG elements:
– The MABS element must supply, in some format (for example ASCII), the system
data, such as the initial scenario and current players situations;
– The communication layer must receive the information from the MABS tool and
forward it to the real and virtual players in an integral and uniform way, without
losing any information. On the other hand, it must to return to the MABS tool
the players’s chosen actions, in order to process them in the simulator;
– The virtual players must receive information from the communication layer and
must be able to manipulate them. Moreover, if necessary, they should communicate
with other players (real and/or virtual) in order to get new information about the
scene and/or players, to make their decisions.

6

ViP-JogoMan: A Case Study in Natural Resources
Management

We have chosen to implement a prototype of the ViP-GMABS architecture in the
natural resources management, specifically concerning water resources management.
The most important aspect in the natural resources management is the negotiation
process between the actors, because their objectives and strategies are different and
many conflicts are generated. For example, a farmer and an industrial have different
objectives and they do not necessarily reach a consensus very easily.
In fact, we have developed two prototypes to this domain: the first one, called
JogoMan [1], was based on GMABS methodology but did not use virtual players.
The second one, called ViP-JogoMan, used the ViP-GMABS architecture and virtual
players. JogoMan has helped us to understand the chosen domain as well as the GMABS
methodology. ViP-JogoMan, that is one of the focus of this paper, has as an objective
to analyze the real use of ViP-GMABS architecture.
6.1

Game Description

The roles of the players and the rules of the game are the same in the two prototypes.
They involve water, land use and urbanization pressure management of 3 different
cities. In these games, there are four roles, each one having different goals:
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– Land Owner: a land owner has some land portions, each one with a land use type,
such as forest or agriculture. For each different land use type, there are different
values related to their maintenance and financial return. Owners can sell or buy
their portions or they can change their land use. Land owners should ask mayors
to build infrastructure in their cities.
– Mayors: The game has different cities, each one having its mayor. The mayor
goals are closely related to the city main activity (urban, agricultural, etc.) For
example, if city ”C” is a preservation area, then the player in the role of ”Mayor
C” should preserve this city. Mayors can invest on public infrastructure, such as
portable water or sanitation networks or decide to build schools, hospitals or polices
headquarters.
– AguaPura Company Administrator: This role can invest on public infrastructure to improve water quality, as portable water and sanitation net.
– Migrant Representative: This role has a special role in the game, since he/she
must allocate a number of new homeless families. These families arrive to the cities
(urbanization pressure), and they can be allocated in settlements or in slums. The
quality and/or quantity of water of the region is modified depending on where these
families are placed.
Each player chooses his/her actions individually, but he/she should know that these
actions have consequences to other players, because the quality and quantity of water
depends on the overall land use and infrastructure. For example, if a mayor decides to
decrease the land taxes for land owners that preserve the forests, various land owners
can consequently decide to maintain their areas with forest or even decide to plant
forest (reforestation). This action influences every player, because the water quality
probably will improve. In anther example, if a land owner decides to build an industry,
the industry profit may be larger, but the water pollution will grow too.
6.2

Selected Tools

We have selected some tools to implement ViP-JogoMan, aiming to attend the previous
requirements defined by the architecture proposed in section 5 (see Figure 3):

Fig. 3. Selected Tools to Semi-autonomous RPG.
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– MABS Tool : Cormas is used as simulator [7], because it was used to implement the
JogoMan prototype. Cormas has specific functions to extract system data in different formats (ASCII, Excel and several database formats like Oracle, MSAccess,
MySQL or PostGre);
– Virtual Players: we have chosen the BDI architecture as the cognitive architecture
for the virtual players, because we could use both a logic defined in AgentSpeak(L)
language [16] and some implementation tools already developed for it, such as the
Jason interpreter [6]. This interpreter allows that each step in BDI logic can be
visualized and analyzed individually. It would also allow communication between
virtual players, as well as between virtual players and the environment.
– Real Players: each type of player (Mayor, Land Owner, AguaPura Administrator or
Migrant Representative) has a corresponding Java applet. In these applets, players
can choose their actions and exchange information with other players (real and/or
virtual);
– Communication Layer : we have chosen the SACI (Simple Agent Communication Infrastructure) tool [12] as the communication layer between real and virtual players.
This tool provides agent communication infrastructure, using the KQML (Knowledge Query and Manipulation Language) language, and is used by Jason. The
communication layer between MABS and RPG elements was implemented by using the SOAP (Simple Object Access Protocol ) protocol [17], because the MABS
tool (Cormas) and Jason were implemented in different programming languages
(SmallTalk and Java, respectively), and the SOAP technology provides interoperability between both languages through the use of the XML language.
Nevertheless, the technology used was chosen to develop a web-based semi-autonomous
RPG, meaning that it executes in a Web Server and it is accessed simultaneously by
several players through web-browsers.
6.3

Virtual Players

In the ViP-JogoMan prototype, the development of virtual players is one of the most
important aspects. As mentioned before, we have chosen the BDI architecture to model
and implement the virtual players. The knowledge data base of this architecture is
defined in terms of beliefs, desires and intentions of the players. In order to fill this
knowledge base, we have mapped all the real players actions during the JogoMan
prototype session tests. Our goal was to discover their objectives and strategies, aiming
to build the virtual players knowledge data base. Having these information in hand,
we have analyzed and discovered a sequence of actions that each real player executed.
This experiment was very interesting, because we could see that real players defined
autonomous strategies during the game, even if we did not explain them a priori, before
starting the JogoMan prototype tests, how they should choose their actions.
For each role, different objectives were discovered, and we have defined different
behavioral profiles for the virtual players:
– Land Owners:
• Economic profile: must save and earn money;
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• Ecologic profile: must improve the ecological situation of region, having a big
concern about reservoir pollution;
– AguaPura Administrator:
• Rational profile: must improve water and sanitation networks with a rational
use of money;
• Ecologic profile: must improve water and sanitation networks;
– Migrant Representative:
• Economic profile: must allocate families without worrying about the social
conditions of these families;
• Social profile: must allocate families in good places, with infra structures and
near to urban areas;
– Mayors:
• Social profile: must improve the life quality of its citys people;
• Economic profile: must improve the life quality of the people if the city has
enough money for it;
• Ecologic profile: must improve the ecological situation in its city.
For example, the behavioral profile Economic Land Owner has as objective to save
and earn money, and the strategies we have found during JogoMan results analysis
were:
1. If the player has plots near to urban areas, he changes their use to Settlement to be able
to sell to Migrant Representatives, since Migrant Representatives always want plots near
to the urban areas;
2. If the player has plots where the land use is not Forest, he changes to Agriculture or
Irrigated Agriculture, because these land uses have a low investment and a fast profit of
money, comparing of the other land uses, as Industry;
3. If the player has plots where the land use is Forest, he changes to Plantation, to receive
the suppression profit to cut the trees.

We have implemented each defined profile in AgentSpeak(L) language using the
Jason interpreter. Figure 4 shows how the strategy number 1 of Land Owners with
Economic behavioral profile was implemented in AgentSpeak(L) using Jason.
These profiles were analyzed and evaluated by specialists of natural resources to
verify if the possible strategies and actions were similar to real player activities. In
order to do that, some specific variables of the game were analyzed, to measure if
the proposed objective of each profile was attained. For example, when evaluating the
behavioral profile Economic Land Owners, we have analyzed the quantity of money in
its cash box variable.
6.4

Negotiation and Protocols

In order to model and implement the communication between players (real and/or
virtual), we defined a negotiation protocol, based on ACL-FIPA [9] and Raiffa’s Theory
of Negotiation [15]. Figure 5 presents the negotiation protocol associated to the action
”buy a plot”. In this protocol, there are four type of messages:
1. Propose: the buyer proposes to buy a plot;
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Fig. 4. Example of knowledge data base implementation in AgentSpeak(L) using Jason interpreter.

2.
3.
4.
5.

6.5

Request: the seller requests a new value to sell the plot;
Accept proposal : the seller accepts the propose of the buyer;
Reject proposal : the seller rejects the propose of the buyer;
Inform: the seller informs the environment (in our case, represented by the MABS
tool) if the plot was effectively sold.

Tests and Preliminary Results

We have conducted three test sessions with ViP-JogoMan prototype, involving both
people and virtual players. These tests had two objectives:
1. Verifying the influence of technology (computer) in GMABS methodology (using
ViP-GMABS architecture) and the interaction between the players;
2. Analyzing the use of behavioral profiles of virtual players and their decision-making
process.
We have defined three forms to evaluate our prototype: (i) pre and post questionnaires to be filled by real players; (ii) analysis of the behavioral profiles variables; and
(iii) analysis of the message exchange flow between all players (virtual and/or reals)
during the negotiation process.
By the answers given by the real players in the pre and post questionnaires, we have
concluded that the ViP-JogoMan prototype gave the players interaction, entertainment
and learning feelings. Moreover, real players did not discovery the virtual players easily
in the game. In fact, real players just discovery some virtual players because these
latter chose their actions very quickly and real players needed more time to think and
to choose theirs actions, during negotiations.
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Fig. 5. Negotiation protocol associated to ”buy plot” action based in ACL-FIPA.

By the analysis of the behavioral profiles variables, we have concluded that the
defined strategies for each type of profile attended the proposed objectives. For example,
all virtual players with Economic behavioral profiles finished the game with high cash
box values, comparing with other players.
Finally, by the analysis of the message exchange flow between players during the
negotiation process, we have concluded that all players interacted a lot with each other,
because the number of exchanged messages was significant. According to Peppet [14],
people feel more comfortable to express their opinions via Internet, because they do not
have problems with shyness or prejudice. Another aspect important in ViP-JogoMan
prototype is the storage of all negotiations between players (concluded or not). McKersie e Fonstad have stated that in Internet negotiations every data and action is stored,
and in this way it is possible to analyze data with more attention and to better understand the negotiation process [13]. As an example, Table 1 presents some negotiations
between players in the first round of a game session, either concluded or not. The concluded negotiations between players are represented in bold. An example of a concluded
negotiation is number 2, where AguaPura proposed to buy plot 34 from Land Owner 5
by $1.500,00 and Land Owner 5 accepted the proposal, concluding the negotiation. An
example of an unconcluded negotiation is number 1, where Administrator of AguaPura
proposed to buy plot number 22 from Land Owner 2 by $1.500,00, but Land Owner 2
did not accept the offer, and has sent a request message for a proposal with a higher
value. However, AguaPura did not propose new values and the negotiation was not
concluded.
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Buyer
Seller
Type of Message Plot Offer
1 AguaPura LandOwner2
propose
22 1.500
AguaPura LandOwner2
request
22 1.500
2 AguaPura LandOwner5
propose
34 1.500
AguaPura LandOwner5 accept proposal 34 1.500
3 AguaPura LandOwner8
propose
47 2.500
AguaPura LandOwner8 accept proposal 47 2.500
4 PrefeitoA LandOwner8
propose
47 1.350
PrefeitoA LandOwner8
request
47 1.350
5 LandOwner9 LandOwner2
propose
22 4.000
LandOwner9 LandOwner2 accept proposal 22 4.000
6 LandOwner1 LandOwner2
propose
22 4.000
7 LandOwner9 LandOwner2
propose
23 4.000
8 LandOwner6 LandOwner2
propose
22 1.000
LandOwner6 LandOwner2
request
22 1.000
LandOwner6 LandOwner2
propose
22 1.500
LandOwner6 LandOwner2 reject proposal 22 1.500
Table 1. Negotiation to buy plots between players.

7

Conclusions and Further Work

One of our objectives to run the ViP-JogoMan prototype tests was to verify which was
the influence of the technology in GMABS methodology and in the interaction between
the players. We have concluded by these tests that the use of GMABS methodology
by Web is efficient and practical, because the prototype becomes available in remote
places and for a greater number of people. We have also concluded that the computer
and the Web helped us to mapped the complete negotiation process of the players, as
presented in Table 1. The second objective to run the ViP-JogoMan prototype tests
was to judge if the use of the behavioral profiles and the BDI architecture in virtual
players was adequate. This type of player has shown a non trivial decision-making
process with respect to real players, and the use of these technologies to implement
virtual players can be a good solution to bring realism and to help real players to learn
about the domain.
An immediate improvement of the ViP-JogoMan prototype could be the implementation of a dynamic knowledge data base of virtual players. We implemented the virtual
players in a static way, but we want to insert new beliefs and plans into the profiles
according to the past actions of the players during previous rounds. This will probably
improve the set of actions of each profile and the game will become more realistic.
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if(socialSupport + economicSuccess < 0)
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for(allAcquaintedFarmers) {
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}
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Market Selection of Competent Venture
Capitalists
David Mas⋆
ERMES-CNRS, 12, place du Pantheon, F-75230 Paris Cedex 05
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Abstract. This paper presents an original model of venture capital as
a market of heterogeneous interacting agents. Simulating this model, I
investigate the market selection of venture capitalists and show how an
efficient venture capital industry can emerge from an initial random population of heterogeneous venture capitalists. I also identify and study the
role of a particular institution of venture capital, the limited partnership,
in venture capitalists selection. I show that the size of the limited partnership has almost no influence on the final distribution of competence.
And I study the optimal size of the limited partnership for an institutional investor.

1

Introduction

Venture capital is actually considered a very efficient mean for financing innovation. Kortum & Lerner (2000) estimate that a dollar invested in venture capital is
three times more effective in stimulating patenting than a dollar invested in traditional R&D. Understanding venture capital is therefore a central matter for
designing innovation policies. Venture capital has a very peculiar functioning.
Venture capitalists finance young firms whose only activity is to develop radical
innovations (start-ups). These new firms have no access to the banking system
because they are too risky and have no collateral. But their future is also too
uncertain to allow them to enter the financial market. Venture capitalists are
assuming this uncertainty because they are looking for high-risk/high-reward
investments. Venture capitalist are not wealthy individuals risking their own
money (business angels), but fund managers. This means they provide institutional investors (pension funds, insurance companies, investment bank) with the
possibility to invest in an asset, the venture capital fund, whose risk is manageable with traditional financial methods, like portfolio diversification. Venture
capital is in fact turning the uncertainty of investing in radical innovations into
a simple, though high, risk.
I propose a model that explicitly describe this essential feature of the venture
capital market. This model is intended to understand what are the conditions for
⋆
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the existence and for an efficient functioning of a venture capital market. Following Carlsson & Eliasson (2003), I consider that venture capitalists are competent
actors whose function is to select and finance the most promising start-ups. This
means that venture capitalists reduce uncertainty in choosing the right start-ups
to invest in. To formalize this idea, I propose a model of venture capital as a
market of heterogeneous interacting agents. On the one hand there are start-up
projects of different qualities that need financing, and on the other hand there
are venture capitalists of different levels of competence trying to detect and
finance the best start-up. The evaluation of start-up quality by venture capitalist is imperfect, and its accuracy depends on venture capitalist’s competence.
Despite the simplicity of the model, the interaction of heterogeneous agents in
a stochastic environment makes it tractable only with a simple distribution of
agents’ qualities and some restrictive hypotheses. The use of simulation allows
to overcome this limitation.
In a previous paper Mas & Vignes (2006) show under which conditions the
competence of venture capitalists allow for an efficient screening of start-ups.
In this paper I investigate the market selection of venture capitalists and show
how an efficient venture capital industry can emerge from an initial random
population of heterogeneous venture capitalists. I also identify and study the
role of a particular institution of venture capital, the limited partnership, in
venture capitalists selection. I show i) that the accuracy of the selection as well
a the risk taken by institutional investors increases with the size of the limited
partnership, i.e. with the number of investments a venture capitalist can make
before having to raise an other fund, ii) that the size of the limited partnership
has almost no influence on the final distribution of competence, iii) that the
optimal choice for the size of the limited partnership can be determined by the
computation of selection costs taking type I and type II errors into account.
The remainder of this paper is structured as follows. Section 2 reports the
related literature, Section 3 presents the model, Section 4 presents a short formal
analysis of the selection process, Section 5 gives the results of the simulations
and Section 6 concludes.

2

Related literature

Kaplan & Stromberg (2001) distinguish three main roles for venture capitalists,
which are screening, contracting and monitoring. The contracting role has been
extensively studied both from a theoretical point of view, based on the work of
Aghion & Bolton (1992), Dewatripont & Tirole (1994) and Admati & Pfleiderer
(1994), and from an empirical point of view. Kaplan & Stromberg (2000) for
instance propose an enlightening comparison between the efficient contracts predicted by financial theory and the real contracts signed between venture capitalist and entrepreneurs. The optimal contract approach has successfully proposed
rationales for some stylized facts of venture capital, like the control right allocation in venture capital contracts (Hellmann 1998) and the staging of venture
capital investment (Gompers 1995). The monitoring role of venture capitalists is
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often considered as the specific added value provided by venture capitalists. The
early empirical studies (Gorman & Sahlman 1989, Sapienza 1992) emphasize the
time spent by venture capitalists interacting with the firms of their portfolio. The
later one (Lerner 1995, Hellmann & Puri 2000, Hellmann & Puri 2002) show evidences of the active involvement of venture capitalists in the management of the
start-ups and the positive impact of this involvement on the start-up success.
But the screening role of venture capitalists has received much less attention. I
consider though, like Carlsson & Eliasson (2003), that the screening of start-ups
is the main role of venture capitalists. The model presented in this paper places
this role at the core of the venture capital market.
My work can be related to two others model. Chan (1983) proposes a model
of the venture capital market in which information about the quality of investment is costly. After showing that investors with null search costs are needed in
order to allow for the market to exist, he claims that intermediaries like venture
capitalists may be these null cost investors, since they make their client pay for
their search. Here the cost of information is the only rational for the existence of
venture capitalists. In this paper I propose an alternative hypothesis for the role
of venture capitalist : instead of costly information, I consider that information
about start-up quality is only (imperfectly) available to competent venture capitalists. Amit, Brander & Zott (1999) propose a model of venture capital that
takes all agency risk (moral hazard and asymmetry of information) into account.
They also consider the monitoring and screening role of venture capitalists. For
the later they propose a screening competence, called ’due diligence’, that would
allow to predict the quality of a given start-up project (and thus to minimize the
asymmetry of information) : but they have not developed the model based on
this hypothesis. In this paper I adopt a very similar hypothesis for the screening competence of venture capitalists, I build a model based on that idea and I
simulate its functioning.

3

The Model

The model contains two types of heterogeneous agents, the start-ups and the
venture capitalists. The aim is to keep the model as simple as possible in order
to track more easily the effect of each parameter. The model only take two
major characteristics of the venture-capital into account : the high-risk/high
return type of investment, and the uncertainty about the quality of start-up
projects. I first present each agent then the dynamics of the model.
3.1

The Start-ups

Hypothesis 1. The quality of start-up projects
Start-up projects are heterogeneous in quality. The quality of each start-up
project determines the probability of its success if undertaken. For each start-up
project i, the probability of success pi is given by:
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pi = qi p̄

(1)

With the mean quality of start-up projects q̄ = 1.
Among the factors explaining the success of a start-up, the main ones are the
technological feasibility of the new product, the as-yet-unknown market demand
for it, and the capability of the management team. For simplicity, we condense
all these factors into one unique quality level. And we choose a very simple linear
relationship between quality and the probability of success.
With such a linear relationship, if we assume that the mean start-up project
quality is equal to 1, then p̄ is exactly the mean probability of success for
the population of start-up projects. Thus, the choice of the distribution for q
parametrizes the dispersion of the quality of the start-up projects and p̄ the
mean probability of success. The simplest distribution for q would be a uniform
distribution in [0; 2], but we can choose any other distribution of mean 1.
Hypothesis 2. The return on investment
For an initial investment I in a start-up i the expected profit is:
E(πi ) = (pi g − 1) I

(2)

Hypothesis 2 models the “hit or miss” characteristic of venture capital investment. A start-up is reduced to an investment that may succeed with probability pi or fail. Financing a start-up means investing an amount I with a risky
outcome. In the event of success, the start-up generates a gain of g times the
investment, otherwise the investment is a pure loss.
3.2

Venture capitalists

Hypothesis 3. Competence
Competence is defined by the ability of a venture capitalist to evaluate the
level of quality of a start-up project. For each venture capitalist of competence
cj , the evaluation of the start-up project quality qi is :
q̃ij = cj qi + (1 − cj ) uij

(3)

The mean-preserving mix we choose here is similar to the specification used
in Voorneveld & Weibull (2004), except that we use a distribution for q instead
of two discrete levels. Here, u is a noise with a distribution identical to q, and
(1−cj ) is the level of noise. Hence cj is the proportion of actual information in the
evaluation of quality. With cj equal to 1, the venture capitalist is very competent
and has an exact evaluation of the start-up quality. With cj equal to 0, he has
no specific competence and the quality he observes is totally uncorrelated with
the true quality.
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Hypothesis 4. Screening
Each venture capitalist invests in a unique start-up. Each start-up is financed
by only one venture capitalist.
The screening is sequential. Let S be the set of start-up projects, and Sj−1 the
start-ups selected by the previous j −1 venture capitalists. Each venture capitalist
finances the best start-up sj according to its evaluation in the set S\Sj−1 :
sj = argmaxi∈S\Sj−1 (q̃ij = cj qi + (1 − cj ) uij )
3.3

(4)

The Market

From the four preceding equations, it follows that the market is defined by
the following six parameters: the mean probability of success of the start-up
projects p̄, the gross return in case of success g, the number of start-up projects
S, the number of venture capitalists V , the distribution of the quality of start-up
projects q and the distribution of competence of the venture capitalists c.
Let us now consider q̄s , the average level of quality of the start-ups. From
hypotheses 2 and 1, we obtain Ē(π) = (q̄s p̄g − 1) I. Thus the product p̄g allows
us to determine the minimum level of average quality required to achieve positive
profit:
Ē(π) > 0 ⇔ q̄s >

1
p̄ g

(5)

We now consider the ratio of the number of start-up projects to the number
of venture capitalists l = VS . Since each venture capitalist finances only one
start-up, only one out of l projects is financed. Thus, l allow us to determine the
intensity of screening, defined as the probability for a start-up project of being
financed. The higher l, the lower this probability.
Hence, the market is only defined by p̄g, l the screening intensity, q the
distribution of the quality of start-up projects, and c the distribution of the
competence of venture capitalists.
3.4

Dynamics

Hypothesis 5. Demography
Start-ups only live for one period. They are created as projects and screened
by venture capitalists. If they are selected they may generate may generate profits
in case of success.
Venture capitalists stay on the market as long as they have enough capital to
invest. The failed venture capitalists are replaced by new ones.
The number of start-up projects S and of venture capitalists V is constant
in time. This is warranted for venture capitalist by the replacement of exit. The
number of start-ups projects created at each period is a function of the number
of venture capitalists : S = l ∗ V .
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Hypothesis 5 illustrate the fundamental difference between start-ups and venture capitalists : the former are unique investment opportunities while the later
are permanent actors of the venture capitals market. Thus start-ups have to
be evaluated ex-ante when venture capitalists may be evaluated on past performance. Competence is required to evaluate start-ups but market selection is
enough for venture capitalists.
The size of the venture capitalist population and the number of start-up
projects are kept constant in order to avoid increasing the complexity of the
model with more specific entry mechanisms. A constant population size is a
strong assumption but also a good reference case. The new venture capitalists
are created with the same rule as the initial population : their competence is
randomly chosen with the same distribution and they start with a new fund to
invest.
Hypothesis 6. Venture capitalists fund (Limited Partnership)
Each venture capitalist raises a fund LP (Limited Partnership) that he invests totally, always financing one start-up each period, and always investing
the same amount I in each start-up. The eventual profits are accumulated by
the limited partners. Once the fund is totally invested the limited partners may
decide to give the venture capitalist a new fund to manage according to its performance. Let Kj,t be the capital of the venture capitalist j a period t and Πj,t
the accumulated profits :

LP
if (t mod LP ) = t0
Kj,t =
(6)
Kj,t−1 − I else

0
if t = t0
Πj,t =
(7)
Πj,t−1 + πj,t else
Limited partnerships are funds raised for a determined time. The limited
partners provide the fund but abandon the control over it for the given time
period. The generals partners manage the fund but has to liquidate all assets
before the end of the limited partnership. Here the finite time horizon is modeled
by the finite number of investments. The limited partnership provide incentive
to the general partners both with a substantial percentage on the realized profit
and with the open possibility of not giving them a new fund to manage. In
this model the limited partnership is essentially considered as a tool for venture
capitalists selection. The replacement procedure of the venture capitalists may
be interpreted as a constant aggregate level of fund available for venture capital
investments.
Hypothesis 7. Time
At each time period t, we repeat the following steps:
1. start-up projects are created.
2. every venture capitalist invests the same amount I in one and only one new
start-up. A start-up may only be financed by one venture capitalist.
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3. the financed start-ups generate profits or losses. The other start-ups are discarded.
4. venture capitalists accumulate the profits or losses realized by their start-up.
5. venture capitalists whose capital falls to zero are replaced by new ones
The time structure incorporates two selection processes. The screening of new
start-ups occurs at each time period. The market selection of venture capitalists
occurs at each end of the limited partnerships. I assume that the size of the
limited partnership is always a multiple of i, the amount invested in each startup. Then the size of the fund determines a number of start-ups to finance,
and therefore the number of periods before the venture capitalist is evaluated.
Venture capitalist whose performance is sufficient are given new funds to manage,
the other are replaced by new ones.

4

Formal analysis

The aim of this section is to find the best estimator of the performance of venture
capitalists and to study its influence on the selection process.
4.1

Best selection criterion

The competence of a venture capitalist determines in a non linear way the expected quality of the start-ups he finances, and hence their expected probability
of success. This probability is also affected by the market conditions and structure (Mas & Vignes 2006). Thus I can define for each venture capitalist j the
expected probability of success pj of his start-ups sj as a function of his competence c and of the market conditions M . With given market conditions M , pj
∂p
only depends on cj , and ∂cjj > 0.
pj = E(qsj ) p̄ = f (cj , M )

(8)

The outcome of an investment for the venture capitalist j is a Bernoulli trial
of probability pj . Thus the number of successful investments out of n follows
a binomial law B(n, pj ). From these considerations it follows that the average
profits of all the investments made by a venture capitalists converge towards a
value that depends linearly on pj .
πˆj =

1 X
πj,t −−−−→ (pj g − 1) I
n→∞
n t

(9)

1
(E(B(n, pj ))g − n) I = (pj g − 1) I
(10)
n
1
1
var(πˆj ) = 2 var(B(n, pj )) g 2 I 2 = pj (1 − pj ) g 2 I 2
(11)
n
n
The expected profits of a venture capitalist depend through pj on his competence cj . After any number of investments made by a venture capitalist, the
average of his realized profits is the best estimator of his performance. Therefore
the best selection criterion for venture capitalists is πˆj > 0.
E(πˆj ) =
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Fig. 1. Probability of selection of a venture capitalist at the end of his first limited partnership as a function of his expected success rate pj for various number of investments
per fund LP = k g with g = 10.

4.2

Influence of the size of the limited partnership

For the institutional investor who gives the venture capitalists a fund to manage, the finite time horizon of the limited partnership provides both a powerful
incentive to the venture capitalist to do his best and an opportunity to monitor
his performance. The institutional investor can chose the size of the fund LP
which correspond to a given number of investments after which he can choose to
give an other fund to the venture capitalist or to give his chance to a new one.
What is the impact of this choice on the selection of venture capitalists ?
Let assume for simplicity that the size of the limited partnership is a multiple
of the return in case of success LP = k g. From the previous analysis I can
compute the probability of meeting the selection criterion at the end of the first
fund.
P (S|pj , LP ) = P (B(k g, pj ) g − k g) I > 0)
= P (B(k g, pj ) > k)

(12)
(13)

= 1 − FB(k g,pj ) (k)

(14)

For a given size of the limited partnership LP = k g the probability of
selection can be expressed as the value at k of the complementary cumulative
distribution function (ccdf) of a binomial law of parameters k g and pj . Figure
1 shows the evolution of the selection function for various size of funds. As k
increases it converges towards an Heaviside’s function h(py − g1 ). The bigger the
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size of the limited partnership, the more accurate is the selection. But a bigger
size of the fund corresponds also to a bigger risk for the institutional investor.
Thus the choice of the size of the limited partnership is a balance between the
accuracy of the selection and the risk taken by the institutional investor.
4.3

Global selection function

The outcome of the complete selection process is not tractable. In order to study
it, I will simulate the model. After the end of the run it is possible to retrieve the
global selection function using Bayes’ rules. Let S be the event that the venture
capitalist has been selected. Then the global selection function is :
P (S|c) =

P (c|S) P (S)
P (c)

(15)

Where P (c|S) is the final distribution of competence, P (S) the ratio of the
number of selected venture capitalists over the number of the venture capitalists
that once entered the market and P (c) is the initial distribution of competence.

5

Simulations Results

I simulate the model with four different settings, with either a gaussian or an
exponential distribution for the quality of start-ups and with a uniform or triangular distribution for the competence of venture capitalists. I then vary the size
of the limited partnership. Following the formal analysis, I choose LP = k g,
with g = 10. In each case I ran one hundred simulations of five thousand periods,
with a population of one hundred venture capitalists that screen five hundred
start-ups projects at each period.
The parameters of the model have been chosen such that the minimum level
of competence required to achieve positive profits is cG = 0.5 for the gaussian distribution of quality, and cE = 0.6 for the exponential distribution. The essential
difference between the two distributions of quality is the spread of the function
pj = f (cj , M ). With the exponential distribution the difference between more
competent investors and lesser ones is bigger. It should leads to a more discriminative selection. The difference between the distributions of venture capitalists’
competence, uniform and triangular, is the proportion of very competent venture capitalists. With the triangular distribution sufficiently competent venture
capitalists are rarer, making the selection more challenging.
5.1

Final distribution of competence

Figure 2 shows the resulting distribution of competence after five thousand time
periods. These distributions are averaged across the hundred simulation run with
each setting. The plain line represents the initial distribution of competence.
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Fig. 2. Distributions of competence after 5000 periods

The first result is that the selection is efficient. For each setting, even with
few very competent venture capitalists in the initial distribution, the final population in the market is essentially composed of sufficiently competent venture
capitalists.
The second result is that the final distributions of competence are almost
the same for all sizes of the limited partnership. This is surprising because the
formal analysis shows that bigger sizes should lead to a more accurate selection.
This means that even if each selection step is different, the result of the global
selection process does not depends of the size of the limited partnership.
5.2

Market selection function

Figure 3 shows the global selection function for each process, computed using
Equation (15). The plain line represents the perfect selection function. The selection functions are approaching the perfect selection function, getting closer to
it as the size of the limited partnership increases.
The selection functions are clearly better with the exponential distribution of
quality, which corresponds to a more discriminative spread of the performance of
venture capitalists. The market has its own selection capability, determined by
the market conditions which are essentially the distribution of agents’ characteristics. The choice of the size of the limited partnership magnifies this selection
capability.
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Fig. 3. Selection functions after 5000 periods

This analysis confirms that even if the size of the limited partnership does
not change the final distribution of competence, it affects the accuracy of the
selection.
5.3

Optimal size of the limited partnership

The optimal size for the limited partnership LP corresponds to the optimal
balance between selection accuracy and risk. In order to determine it, I compute the total selection costs paid to obtain the (identical) final distribution of
competence with the following formula :
Cselection = E(losses) ∗ f ailures + csearch ∗ f ailures

(16)

The first term is the total losses incurred by the institutional investors before
finding a sufficiently competent venture capitalists. It corresponds to the costs
associated with type I errors (financing a bad venture capitalist). The second
term is the total search costs incurred when the institutional investors have to
look for a new venture capitalists to replace a failed one. It corresponds to the
costs associated with type II errors (missing a good venture capitalists).
Figure 4 shows on the left the evolution of the number of failures and of
the expected losses in case of failure with the size of the limited partnership. In
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Fig. 4. Selections costs as a function of the size of the limited partnership LP = k g,
g = 10

both cases, gaussian and exponential distribution of start-up qualities1 , expected
losses increases linearly with LP , while the number of failures fails as a negative
power of LP . As already stated, increasing LP increases both the risk and the
accuracy of the selection.
The graphs on the right of Figure 4 allow to determine the optimal size for the
limited partnership for different values of the unitary search cost c. In both cases
the institutional investor will prefer the smallest size in the absence of search
costs. If they don’t pay for type II errors, it is rational for them to minimize
the number of type I errors only. As the search costs increase, the optimal size
for LP also increases. In the gaussian case, the selections costs with no search
costs are very close. Thus the optimal size increases very rapidly with c. In the
exponential case, on the contrary the initial difference is much bigger, and only
slowly compensated by increasing search costs. With the same value of unitary
search cost c = 1, the institutional investors will prefer the size LP = 20 in the
exponential case when they already prefer the size LP = 100 in the gaussian
case.
1

For concision the results are only showed for the uniform distribution of competence.
They do not change with the triangular distribution of competence.
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6

Conclusion

The analysis of this agent based model provides a characterization of the selection process of competent venture capitalists with a noisy selection criterion. It
shows that the market selection based on venture capitalists’ past performance is
efficient, it leads to a market with only enough competent venture capitalists. It
also shows that the accuracy of the selection increases with the size of the limited
partnership, i.e. with the number of observations used for the evaluation. The
final distribution of venture capitalists’ competence, however, is independent of
the size of the limited partnership.
The choice of the size of the limited partnership for the institutional investor
is a balance between the accuracy of the selection and the risk he incurs. The
optimal size can be determined by the computation of selection costs. It depends
on the relative costs of type I and type II errors.
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Abstr act. Past research on IT outsourcing has mainly focused on the
transaction itself with the use of the Transaction Cost Theory as a primary
investigation framework. The notion of asset specificity was blindly accepted in
its primary definition, which embodies a bone of contention for many
academics due to its looseness of definition. This paper introduces an
alternative metric of asset specificity in a qualitative way. It goes down the line
of Agent-Based Social Simulation and represents actors of the outsourcing
process as heterogeneous agents. This approach is contrary to a widely held
perception of economic standard literature with its assumption of homogeneous
actors.
Keywor ds: transaction cost theory, asset specificity, agent-based social
simulation, outsourcing.

1 Intr oduction
The strategic importance of the IT in the banking sector is commonly accepted ([1],
[2]), yet banks still continue to outsource parts of their information services
assiduously and some even outsource them entirely [3]. A Recent report in the annual
series of BCG benchmarking publications stipulates that ´Relatively few European
banks have benefited from IT [Information Technology] outsourcing - obtaining IT
services from external companies – to the extent they anticipated. Nonetheless, most
intended to increase outsourcing activities in pursuit of reduced labour costs,
specialized skills, process expertise, superior technical resources, and increased
ability to focus on core business.´ [4]. This citation mirrors current tendencies in the
financial industry precisely.
At first glance this trend seems somewhat counterintuitive. In compliance with the
classical theory of the firm, organisations ought to have a constant aspiration to
autonomy, thus trying to take as many essential business activities under their wing as
possible in order to maintain relative independence [5]. On the other hand, the
economic downturn of late 2000 reinforced re-engineering issues in many of the
corporations in order to survive in the face of volatile competition. Therefore, the
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practice of outsourcing in modern corporations is proliferating and is likely to
continue [6]. This trend forced both practitioners and academics to theorise and
speculate on the underlying momentum towards outsourcing.
The topic of Information Technology/Systems (IT/S) outsourcing has been around
in academic research for the last fifteen years [7]. A huge body of academic literature
and research has emerged in that time and is continuing to evolve rapidly. The
research was partly initiated by the disappointing effects of the first outsourcing
attempts in the early nineties and continues to be stimulated in recent years by
inexplicable successes and failures of firms.
Past research on IT outsourcing has mainly focused on the transaction itself,
without investigating the strategic characteristics of the organization [8], not to
mention a built-in social framework of the firm or social context it’s located in. This
trend captures the widely held perception that organisational members make sourcing
decisions based upon an economic rationale and regard social factors as negligible in
their influence on the overall picture of outsourcing. Therefore, a representative strand
of research on IT/S sourcing has used the Transaction Cost Theory (TCT) [9] to
investigate make-or-buy decisions.
However, it has been widely criticized that TCT contains some ambiguities with
respect to the lack of precision in terms used. Dissatisfaction with different measures,
dimensions or metrics used in TCT, or for its evaluation, is not new to outsourcing
research ([10], [8]). One such bone of contention is the notion of asset specificity,
which is central to the whole concept of Williamson’s transaction based framework. It
is rather crucial for TCT e.g. to understand what is meant by asset specificity to make
a credible statement, whether the given theory accounts for empirical evidence or not.
This paper introduces a novel approach for investigation of the TCT. It goes down
the line of Agent Based Social Simulation (ABSS) and tries to model actors of the
outsourcing process as autonomous and heterogeneous agents that can act according
to changes in the environment they are located in. Social structures emerge from the
interaction and information exchange between individuals in the market. This
approach is contrary to a widely held perception of economic standard literature with
its assumption of homogeneous actors.
As proposed by Edmonds in [11] a methodological process of developing a
simulation can be thought of as having different stages 1 : abstraction, design,
inference, analysis and conclusion.
The presented model can be classified as being in-between the inference stage and
the analysis stage. Abstraction of the system is partly done due to the usage of a
theory (which is an abstraction itself already). Chosen theory is formalized by means
of model development, thus initiating the stage of model execution. Evidence
incorporated into the logic reasoning of the agents comes through constant
interviewing and evaluation process with stakeholders from the industry.

1

Most steps are not carried out in the consequent order and this is not implied by Edmonds.
The order of steps is a subject to longstanding discussions on various social simulation
mailing lists.
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2 Tr ansaction Cost Economics
Opponents of the TCT frequently tell the story of two hikers camping in the tiger
country. One morning they wake up and find a tiger lurking close to their tent. While
one of the hikers is puzzled as to what to do, the other one immediately reaches for
his running shoes. On the reminder of his partner that he could not possibly outrun the
tiger, he responds that he does not need to outrun the tiger at all. The only thing he
has to do is to outrun the partner. This somewhat macabre joke is a powerful reminder
on the assumption which is incorporated into Williamson’s transaction cost
framework – opportunistic behaviour. By reaching for his shoes, the hiker behaves in
an opportunistic manner in deciding to abandon his partner. The reason for this
behaviour is rather simple – in the world where everybody is opportunistic the hiker
who decides to outrun the partner cannot be, ex-ante, sure that his partner will not
behave opportunistically. Therefore, he doesn’t spare any thought for the cooperative
actions but tries to forestall his partner.
In TCT, as developed by Williamson, the central notion is given to transaction
specificity of assets in combination with opportunism and bounded rationality. If
there are assets which are specific to the particular transaction – i.e. have no or
substantially limited use outside given transaction – this will cause dependence
between transaction partners which yields transaction costs if there is a risk of
opportunism 2 . In such a case, primarily, Williamson assumes symmetric dependence
[12]. Thus if a producer uses assets that are specific to the transaction he will obtain a
unique, or at least differentiated product, but then the discontinuity of the transaction
will be a problem, not only for the producer but also for the customer 3 .
ÄTC + ÄPC I n h o u s e

ÄT
ÄP

P1

P2

Outsource

Fig. 1. Relationship between asset specificity, production and transaction costs. ÄTC –
transaction cost, ÄPC – production cost. (Source: in the style of [13])

Due to the central role of the notion asset specificity in the model presented, it needs
to be explained more detailed. In simple terms, we can assume that an asset is
2
3

The situation is described under assumed conditions where rationality is bounded.
It is assumed that the customer will not find an alternative supplier of an equivalent product
immediately and therefore will suffer discontinuity and higher costs of production.
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classified to be specific 4 if there is no alternative use or demand for a given asset
outside of the relationship. Thus the asset is required for the particular transaction it is
used in and is worthless in any other transaction. The claim of the present article is
that in standard TCT there is too much looseness in the application of the concept of
specificity, leading to misrepresentation of relations of dependence between buyer
and supplier. The concept of transaction specificity of assets and its consequences
seemed simple enough at the start but, on closer analysis, one finds himself asking
questions about exact the meaning of this term.
Figure 1 shows a simplified relationship between asset specificity and a decision to
produce in-house or outsource resulting from this relationship. From the point of
origin to P1 outsourcing is an advisable move; the Area from P1 to P2 represents the
trade-off area between production cost advantages and transaction cost disadvantages,
but it is still lucrative to outsource; beginning with P2 the disadvantages of
outsourcing outweigh the advantages and production has to be shifted in-house.
It has to be emphasised that it is not intended to claim that asset specificity is an
insufficient condition for dependence. The presented model is still in its early stages
for such statements to be made. The only claim made at this stage is that asset
specificity does not have a commonly accepted metric due to its looseness of the
definition. The model attempts to reproduce behaviour forecasted by TCT without
using a numerisation of the asset specificity. Furthermore, it is hoped to be able to
show that asset specificity is not central for the notion of dependence 5 and, more
importantly, it is hoped to give an alternative metric of asset specificity, which is not
based on the numerical value but has a qualitative character.

3 Methodology
A methodology of evidence-based modelling was adapted. The rules for the agents
were derived partly from the relevant reports and partly from qualitative insight into
the modelled target system. These insights were gained from semi-structured
interviews with domain experts. Internal and published support documents were
collected. It is intended to use stakeholders, not only as a primary source of
qualitative data but also incorporate them into the model validation process. It should
be remembered that the sample used for qualitative studies was opportunistic.
Subsequent sections describe the evidence-driven approach closer and introduce
the modelling technique used.
3.1 Evidence dr iven
Common practice in the outsourcing projects is the dissemination of the best practices
by consultants involved in the project allowing for perception of the coordination

5

It is hoped to obtain this kind of insight at the later stage of the development when a validated
model of TCT behavior will get incorporated with social components.
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processes with respect to IT as increasingly commoditised [14]. This is exactly the
type of stakeholders that were used for qualitative data. The anecdotal evidence
incorporated into the model comes from interviews with stakeholders involved in
outsourcing projects, either on the client side or on the vendor side.
The modelling and the filed work were carried out by the same party with data
engineering involving stakeholder interactions. A constructive and modular approach
to model design was adopted. The first research stage involved gathering of relevant
data in collaboration with industry partners. Subsequently, a mock-up declarative
agent-based coarse grained model, based on gathered, scarce data, was developed.
Building a mock-up model first was intended in order to point out data requirements,
and help to determine which data is important and which can be dismissed. In a
second research stage additional interviews were conducted in order to fill gaps,
which became evident through the analysis of the mock-up model.
Exploration and validation of the models’ results will happen in a feedback-loop
manner, together with domain experts. Thus through constant cross validation with
stakeholders and domain experts, we claim to be on the right path for achieving “good
social science” according to [15].
3.2 Declar ative Modelling
The rules are implemented declaratively as this eases the handling of qualitative data
in social simulation. The evidence obtained from domain expert interviews is best
described qualitatively and the rules individuals give for their behaviour are of a
qualitative nature as well. Therefore, as argued by Moss and Edmonds in [ibid],
validation of software agents as adequate representations of real actors is made
smoother by designing agents to perceive events specified by qualitative descriptions,
maintain the qualitative terms during processing these qualitative perceptions and
then act in a way that can be characterised qualitatively. A proposed way of
maintaining the qualitative link between the language of the actors and the language
of the agents is to use systems where action conditions and actions followed on these
conditions can be defined in rules. These rules can then be used by some inference
engine, with actions specified by consequences of these rules. One such rule for
inference based systems used for the described model is an expert system allowing
infer on a given set of rules.
Furthermore, expert systems allow considerable freedom in design of sophisticated
agents as these systems perform well under a large amount of rules. They can also
considerably mitigate difficulties in terms of information preparation and
presentation, as the information stored in these systems is closer to natural description
used by people. This fact makes it easier for non programmers and modellers to
identify themselves with the model. On the back side, it has to be mentioned that a
declarative approach implies a steep learning curve.
An Evidence driven modelling approach requires constant cross-validation with
stakeholders and domain experts in both stages – development and validation. Having
a tool which will enable better cross-validation will increase model credibility. This
approach differs fundamentally from the usual approaches to statistical research and
extends the usual approaches to qualitative research.
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4 The Simulation Model
The model presented in this paper is a pure representation of the extreme selfishness
notion incorporated in Williamson’s theory aforementioned in the section 2. The main
idea is to develop a model which reproduces the behaviour of individuals inspired by
TCT and willingly abstract from any thoughts of social components that might matter
in the target system. After such a model is validated, it is intended to feed it with
social modules gradually while observing the clustered / volatile behaviour that might
emerge as a consequence of actions. The resulting distribution of economic activity
across different organisational forms emerges bottom-up from processes of interaction
between agents, and their adaptation of future decisions according to agents’ past
experience.
There are two sets of rules in the model general rules – which describe local
actions of individuals independent of their capacity to interact with each other, and
topological rules – which describe the possibility of interactions through connections
between individuals.
4.1 (Pr oduction) Space
Central to the Williamson’s transaction cost framework is the notion of asset
specificity. Specificity in its own turn leads to product differentiation and
mutual/unilateral dependencies. One way to model it is to use the n-dimensional
product characteristics space (PCS) [16] as was done, in the only agent based model
on TCT found during literature review, by Klos in [17]. In Lancaster’s proposed
approach consumers and products are placed on an n-dimensional PCS, the location
of a product represents a characteristics portfolio it offers and the location of the
consumer represents his “ideal product”. Klos locates products as well as consumers
as points in a multidimensional PCS. Through the product differentiation and agentspecific variable Klos determines the returns for the producers.
This Lancastrian PCS approach was adopted by the author in such an altered way
that instead of products and consumers, the space has been populated with agents
representing vendors and consumers. Both product differentiation and asset
specificity are defined upon this space. Vendors and clients are located in the
production space. Location of the vendor agents represents the service he offers and
the location of the client agent represents his in-house service he would like to
outsource.
The evidence from stakeholder interviews suggested five most frequently
outsourced IT functions: production, operations, application development, desktop
services and local support. Therefore, a 5-dimensional product space was chosen.
Location on the grid is not exclusive. It is very possible for more than one agent
(vendor/client) to be allocated at the same spot in the space.
Services are identified by an n-dimensional vector of salient characteristics [16].
Clients face a variety of vendors each offering a different set of characteristics. Once
a client agent is allocated, his service characteristics are fixed. Behind this assumption
is the belief that it is highly unlikely for a bank to change its in-house IT services. It is
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clear that by moving to multiple characteristics representation it becomes possible to
incorporate many of the intrinsic qualities of vendor-client interaction.
C3

V2

V2
C
V4

V3

the so called
“visible range” of
the
agent
is
defined as an area
accessible from agent’s current
position via one step in any
direction

C2
V5
V1

Fig. 2. Simplified 3D production space; octagon represents a client agent, 16-gon represents a
vendor agent; the sphere around the C1 agent represents his “visible” 6 space.

Figure 2 shows a sample client agent C1 with corresponding acceptance range. Two
vendors V4’s or V3 are currently in client C1’s “visible” space. The arrows from client
C1 to vendors V4 and V3 stay for the distance vectors, which represent the cost of
“transportation” C1 has to incur in order to obtain either V4’s or V3’s service.
The acceptance range is also used for the representation of the bounded rationality.
The essence of bounded rationality is that agents’ computational and information
processing capacities are limited [18]. Therefore, allowing agents to perceive the
“outer world” though the limited “eyes” of acceptance range, the concept of bounded
rationality is modelled.
4.2 Oppor tunism 7
The client re-evaluates his visible range in every time step of the simulation. The
more vendors become “visible” (get into his range) for the client, the more likely he is
to terminate the ongoing relationship in case he is in one. The ulterior motive for this
is the notion of standardisation. As there are more vendors who satisfy the
outsourcing needs of a particular client, he starts thinking that his services become
more standardised. This transforms the symmetric transaction dependence of the
vendor and client into unilateral dependence on the part of the vendor – switching
cost for the client decreases whereas vendor’s switching cost in its turn increases.
A client expects the vendor to adjust his characteristic portfolio in order to
experience economies of scale and experience. Therefore, the client will send out
regular requests for characteristic’s adjustment. By complying, the vendor starts to
6

7

While talking about one agent’s acceptance range the term visible will be used in order to
reflect how many other agents would satisfy his demands with respect to characteristics.
The sort of opportunism described in this section deals with opportunistic behaviors, which
may occur during a transaction between two agents.
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other. Despite the request from the client C2, the vendor will turn down his request if
there are any requests from clients allocated in the darkened area around the cross.
In accordance to the vendor’s assumption that clients will not change their service
characteristic portfolios, he will rather try to match his characteristics to the
contractual partners based in such conglomerates as shown in the picture.
In case a client could not find any suitable vendor, even after altering his
acceptance range, he will be matched to himself, thus preferring in-house production
over outsourcing.
4.4 Adaptation
Some Vendors, who did not get any requests, will relocate randomly one step in any
direction in the production space. This is an attempt to alter services’ characteristics
in order to look more appealing to the clients which might have not considered this
vendor otherwise. Thus moving in any direction along the axis might bring the vendor
in the acceptance range of one or more additional clients.
The Customers are assumed to be stationary and alter their acceptance range only.
They will never relocate in the production space during the whole simulation, as it is
unlikely that clients will adjust their IT services only to get a better match to the
vendor(s). In case a client could not find an appropriate vendor match in the time step
(be it due to the refusal of the vendor or lack of vendors in his acceptance range), he
will change his preferences with respect to what is an acceptable service level
agreement to him. Thus he may adjust the width of his acceptance range – it will get
bigger. One should bear in mind the fact that the further the client goes in his search
for an appropriate vendor, the less attractive the relationship appears to him and the
more likely he is to break the relationship prematurely in spite of better alternatives.
In the case of the contractual relationship the client’s acceptance range will either
stay the same – e.g. if the client is not forcing the vendor to become more cost or
production efficient – or decrease gradually – e.g. if the client expects vendor’s
compliance to the agreed customizations for the particular transaction.

5 Pr eliminar y r esults
Two categories of results are presented – and excerpt out of random agent’s life
(micro perspective) and the rule activation’s statistics of a single simulation run
(macro perspective).
5.1 Micr o per spective
Due to the space constraints only statistical analysis of the excerpt can be given. The
data in the table 1 depicts the typical vendor-agent’s actions during the whole
simulation run of 300 time steps. The names of the rules are self-explanatory.
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Table 1. The set of rules fired for the “vendor-7” during the simulation run of 300 time steps
Rules
init-acceptance-range / init-service-location
adjust-service-due-2-client-demands
adjust-service-due-2-no-requests
reject-request-due-2-disadvantaged-location-of-client
accept-request
reject-request-due-2-no-capacity
refuse-adjustment-for-client-due-2-own-disadvantage
terminate-transaction-prematurely
terminate-transaction-naturally

Amount of activations
1
12
27
74
11
14
33
7
2

The excerpt illustrates perfectly the selfish nature incorporated into the vendor-agent,
when he repeatedly refuses complying with client’s demands to adjust his service
levels and finally breaks the relationship. Vendor breaks the relationship because he
thinks that further adjustment of his services for his contractual partner will be
disadvantageous. According to vendor’s reasoning, next service adjustment action
will lose him two possible customers “client-2” and “client-38”.
5.2 Micr o per spective
Same simulation run as the excerpt in the section 5.1 is presented from the macro
perspective. This evaluation of results should shed light on the overall activity and
dynamics within the model.
100 clients
5 vendors
300 ticks

vendors

vendors
number of transactions

100 clients
100 vendors
300 ticks

clients
number of transactions
clients

Fig. 4. Number of rule activations per tick for client and vendor agents

Generally speaking, the diagram of activations in the figure 4 exhibits that the
model is in constant flux, thus agents are applying either topological or/and general
reasoning rules.
At the start of the simulation, a large number of rule activations are observable.
This is partly due to the setup rules which fire at the beginning of the simulation but
also partly due to the high degree of interaction between vendors and customers at the
start of the simulation as they are seeking for the contractual partners. The use of
agents’ memory economises on re-evaluations at later stage of the simulation.
Later on, a rash decline of activity is to observe. The constellation of 100 vendors
and 5 clients produces a long and stable periods of during contracting time as one can
see on the vendor’s line. The constellation with similar number of clients and vendors,
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however, produces a more volatile overall picture. A graduate increase in activity due
to frequent break-ups of the transactions – either because of the natural or premature
cancellation of contracts – can be recorded. The critical mass of free vendors reaches
the peak and due to the selfishness there is a mass termination of contracts by clients
to observe.
Admittedly, both constellations are marked by slight but steady decrease in the
overall number of transactions. This can be explained together with the decline in the
relocation activities of vendors. After some time vendors located themselves in the
areas surrounded of highest client congestion, leaving some other clients alone.

6 Discussion
The example of the TCT showed that ABSS can be utilised as an appropriate tool for
theory examination. The ever proliferating research on IT/S outsourcing seems to find
its state of equilibrium in a sort of standard deviation with the TCT as the mean.
Therefore we need a more critical observation of theories borrowed from different
disciplines before these can be established. The methodology presented in the paper
does not aim to criticise concepts of TCT as such, it just aims to point out obscurities
where the theory is not clear enough. As the process of formalisation is a discipline
which needs to be precise ABSS claims to compensate for the lack of precision in the
IT/S research so far. ABSS uses models to devise precise statements about these
theoretical points, which are not clear in the theory a priori.
The alternative metric of asset specificity used for agent’s reasoning succeeded in
reproducing results forecasted by TCT and offered a qualitative description of the
term. Organisational structures emerged from the interaction and information
exchanges between individuals in the artificial world. It was shown that
organisational structures depend on connectivity and information exchange between
agents.
Nonlinear social behaviour needs to be included in the outsourcing research on the
more elaborate basis rather than just excluding it from the outset. Nonlinear behaviour
is excluded in most econometric observations as the concept of nonlinearity gives
problems to the statistician and their forecasts. It needs to be emphasized that this
paper does not proclaim the illegitimacy of the concept of asset specificity as such.
On the contrary, the author is of the opinion that it is a useful concept although it
lacks an exact definition and metric, which are needed for its proper
instrumentalisation.
The next step in the elaboration of the presented model will be the gradual
enrichment of the agents with rules for social interaction on top of already
implemented rules stemming from the selfish roots of TCT.
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Abstract. At present the agent paradigm is often used for computational
modeling of human behavior in an organizational setting. However, in many
developed models only a limited number of (unrelated) organizational aspects
are represented. Furthermore, some of these models make little use of a rich
theoretical basis developed in social science. This may undermine the practical
feasibility of such models. This paper proposes a formal approach for modeling
of characteristics and behavior of agents in organizations, diverse aspects of
which are represented using an expressive formal framework. The approach is
based on the theoretical findings from social science and enables analysis of
how different organizational and environmental factors influence the behavior
and performance of agents. The approach is illustrated by a simulation case.

1 Introduction
The agent paradigm has been extensively used for modeling and analysis of both
human and artificial organizations. In particular, in the area of Multi-Agent Systems
(MAS) the representation of a system as an organization consisting of roles and
groups can help to handle high complexity and poor predictability of the system
dynamics [11]. Although organizational models of MASs can be computationally
effective, nevertheless most of them have a limited ontological expressivity required
for modeling of human organizations. Furthermore, such models only rarely make use
of an extensive theoretical basis developed in social science.
Modeling of individuals in a social setting using the agent has gained popularity in
the area of computational social science [3]. In contrast to the traditional methods
(e.g., based on system dynamics [8]) that abstract from individual events and entities
and take an aggregate view on the social dynamics, the agent-based approaches take
into account the local perspective of a possibly large number of separate agents and
their specific behaviors in (formal) organizational structures. Agent-based social
simulation has been used for investigating organizational structures and dynamics at
macro- (e.g., market fluctuations [1]), meso- (e.g., interactions between organizations
[5]) and micro- (e.g., personal traits and organizational performance [25]) levels. In
many approaches that identify and exploit relations between different levels much
attention has been devoted to analyzing, predicting and improving the effectiveness
and efficiency of the allocation and the execution of organizational tasks to/by
different types of agents. In particular, the frameworks TAEMS [6] and VDT [14]
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provide the elaborated models for (collaborative) task environments and the
computational means to analyze the performance of agents and of a whole
organization with respect to the task execution. The agents in these and other similar
frameworks are represented as autonomous entities with such characteristics as skills,
competences, experience, and, sometimes, goals. In task-oriented agent-based
modeling it is often assumed that agents comply with organizational goals and will
perform tasks in such a way that a high level of organizational performance is
ensured. However, in some cases such an assumption may not be valid. In particular,
for feasible modeling of human organizations various (sometimes conflicting)
interests of different organizational actors should be explicitly considered, as they
often (significantly) influence the organizational performance. In general, to stimulate
productive work of employees, an organization should reconcile (or align) its goals
with the (key) goals of its employees. Furthermore, the organization should arrange
work and provide incentives to its employees in such a way that they are constantly
motivated to adopt the behavior that ensures the satisfaction of the essential
organizational goals. The topic of work motivation has received much attention in
Organization Theory [10, 13, 15, 18, 19]. Also, different computational motivation
models and the mechanisms for manipulating them have been proposed [4]. However,
only a little research has been done on the computational modeling of motivation and
intentional attitudes of agents situated in the organizational context. Organizational
factors that influence the behavior of agents are diverse: e.g., norms and regulations
related to the tasks execution, to communication, a power (authority) system, a
reward/punishment system etc. Furthermore, many of these factors are interrelated
(e.g., a power structure influences the execution of tasks). However, often models that
are used in social simulations consider only a limited number of organizational
aspects and do not reveal (inter-) dependencies that exist between these aspects. This
results into limited evaluation possibilities of effects of different organization
processes and may undermine the practical feasibility of such models.
In this paper, a formal agent-based approach for modeling of characteristics and
behavior of individuals in the organizational context is proposed. The approach makes
use of a rich theoretical basis developed in Organization Theory. In particular, the
motivation modeling of agents is based on the expectancy theory (the version of
Vroom) [26] that has received good empirical support. The formal motivation
modeling has an advantage that automated tools can be developed using which
(human resource (HR)) managers can make estimations of how different
organizational factors influence the motivation and performance of different types of
employees (agents). Agents are situated in a formal organization modeled using the
general organization modeling and analysis framework proposed in [12]. This
framework comprises several interrelated views: the performance-oriented view [21]
describes organizational and individual goal and performance indicators structures;
the process-oriented view [20] describes task and resource structures and dynamic
flows of control; within the organization-oriented view [12, 24] organizational roles,
their power and communication relations are defined. Concepts and relations within
every view are formally described using dedicated languages based on an order sorted
predicate logic [16]. Temporal relations within and across the views are formalized
using the Temporal Trace Language (TTL) [23], which is an extension of an order
sorted predicate logic that allows reasoning about dynamic properties of systems.
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Both the order sorted predicate logic and TTL are also used for specifying the
structural and temporal aspects of agent-based models correspondingly.
The paper is organized as follows. Section 2 introduces the proposed modeling
approach. The application of the approach is illustrated by a simulation case study in
Section 3. Section 4 concludes the paper.

2 An Agent-based Modeling Approach
Using the general modeling framework an organizational model that comprises
concepts and relations from different views is specified. The elements of the model
are related as follows: Organizational goals are structured into a hierarchy using the
refinement relations. Goals are satisfied by execution of certain tasks. Different sets
of organizational tasks are associated with roles. Interaction (e.g., communication)
and authority structures are defined on organizational roles with respect to tasks. To
enable effective and efficient execution of tasks, agents with appropriate
characteristics should be allocated to roles. In this Section, a description of
professional, psychological, and intentional agent characteristics is provided (Section
2.1), followed by the introduction of a motivation model of an agent (Section 2.2).
2.1 Characteristics of agents and allocation to roles
For each role a set of requirements on agent capabilities (i.e., knowledge and skills)
and personal traits is defined. Requirements related to knowledge define facts and
procedures with respect to organizational tasks, confident understanding of which is
required from an agent. Skills describe developed abilities of agents to use effectively
and readily their knowledge for tasks performance. In the literature [18] four types of
skills relevant in the organizational context are distinguished: technical (related to the
specific content of a task), interpersonal (e.g., communication, cooperation), problemsolving/decision-making and managerial skills (e.g., budgeting, scheduling, hiring).
More specific requirements may be defined on skills reflecting their level of
development, experience, the context in which these skills were attained. To enable
testing (or estimation) of skills and knowledge, every particular skill and knowledge
is associated with a performance indicator(s) (PI) (e.g., the skill ‘typing’ is associated
with the PI “the number of characters per minute”). Notice that some indicators may
be soft (not directly measurable) (such as the level of flexibility); the value of such
indicators may be established by indirect evidences (e.g., from the agent’s history and
achievements). Moreover, a skill may be associated with a compound PI built as a
weighed expression on simple PIs.
Personal traits may also influence the successfulness of the execution of tasks. The
traits are divided into five broad categories discovered in psychology [13]: openness
to experience, conscientiousness, extroversion, agreeableness, and neuroticism. In
some cases agent personal traits may be evaluated through psychological tests and by
consultations with agents’ referees. Some agent’s traits may mediate the attainment of
agent’s skills. For example, extroversion and agreeableness play an important role in
building interpersonal skills.
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Agent capabilities and traits can have different levels of importance. Whereas
required for a role capabilities and traits are compulsory for taking the role, desired
capabilities and traits considered as an advantage. In some cases an organization may
tolerate the deficiency in (or insufficient level of development of) some skills if a
feasible guarantee is provided that this gap will be filled during a certain time period.
Most of the approaches on personnel management used currently are based on the
HR-models [19]. In contrast to the traditional scientific management models [17], the
HR-based approaches pay a special attention to the needs, desires and goals of
employees and to the alignment of the individual goals with the organizational ones.
Therefore, during the evaluation of agents-candidates for a role, also the goals of the
agents should be taken into consideration (to a possible extent) to identify similarities
and conflicts with the organizational goals.
In modern social science behavior of individuals is considered as goal-driven. A
goal is defined as an objective to be satisfied describing a desired state or
development of the individual. It is recognized that high level goals of individuals are
largely dependant on their needs. These needs are to a great extent determined by the
individual behavioral and biological history (i.e., biological and social background).
Currently the following division of needs is identified in social science: (1) extrinsic
needs associated with biological comfort and material rewards; (2) social interaction
needs that refer to the desire for social approval, affiliation and companionship; (3)
intrinsic needs that concern the desires for self-development, self-actualization,
mastery and challenge. Such a categorization has some similarities with the hierarchy
of needs proposed by Maslow [10]. However, a number of empirical studies showed
that the Maslow’s key hypothesis that the high-order (intrinsic) needs cannot motivate
behavior of an individual until the lower-order (extrinsic) needs are satisfied does not
hold for all individuals. Empirical evidences confirmed that the importance (or the
priority) of different types of needs (and the associated goals) often changes over time
in different life phases of an individual. The characteristics of an agent can be
formalized using the sorted first-order predicate logic as it will be shown in Section 3.
In general, the efficiency of allocation of an agent to a role is dependant on how
well the agent’s characteristics (i.e., capabilities and traits) and goals fit with the role
specification and the requirements. However, modern organizations implement very
diverse allocation principles (e.g., based on equality, seniority or stimulation of
novices) [10]. Such principles can be formalized as allocation policies comprising
executable (temporal) rules. An example of such a policy is given in Section 3.
When an individual is allocated to a role, the identification of his/her specific lower
level goals is performed in cooperation with a managerial representative of the
organization. During this process, the high level goals, based on the agent’s needs are
refined into more specific goals aligned with organizational goals using AND- and
OR- relations as it is shown in [21]. Many authors argue that the lower level goals
should as detailed and specific as possible [9, 19]; furthermore, such goals should be
attainable by agents. Often two types of such goals are distinguished: development (or
learning) and performance goals. Development goals reflect wishes of agents to gain
certain knowledge or some skills that are also useful for the organization. For
example, the attainment of the skills required to perform task(s) interrelated with the
task(s) already assigned to the agent may enable the allocation of the agent to a more
global and essential (composite) task. Individuals vary in the abilities and desires to
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learn; therefore, this type of goals is particularly dependent on the individuals’ traits
and goals. Performance goals usually concern the effectiveness and efficiency of the
execution of the tasks already allocated to the agent. Both development and
performance goals may change over time.
Within the performance-oriented view of the modeling framework [21] the formal
specification of a goal is based on a mathematical expression over a PI(s). The
characteristics of a goal include, among others: priority; horizon – for which time
point/interval should the goal be satisfied; hardness – hard (satisfaction can be
established) or soft (satisfaction cannot be clearly established, instead degrees of
satisficing are defined); negotiability. For example, the hard performance goal “it is
required to maintain the time for the generation of a plan < 24 hours” is based on the
PI “the time for the generation of a plan”. Another example is the development goal
“it is desired to achieve the state in which the framework JADE is mastered”. In the
latter example the goal is desirable, which points at its low priority.
The satisfaction of goals in the organizational context is associated directly or
indirectly with the performance of tasks. In particular, goals associated with intrinsic
needs are often satisfied by intrinsic rewards that are a natural consequence of the
agent behavior related to the execution of a task. While externally provided rewards
(e.g., salary, bonuses, group acceptance) serve to the satisfaction of goals related to
extrinsic and social interaction needs. At any time point the (level of) satisfaction of a
lower level goal may be established by the evaluation of the PI expression, on which
the goal is based. Further, using the rules defined in [21] information about the
satisfaction of lower-level goals is propagated to determine the satisfaction of highlevel goals.
Many organizations have reward/sanction systems contingent on the satisfaction of
goals. Furthermore, besides general organizational policies also particular individual
policies (e.g., concerning promotions, bonuses etc.) can be defined. Such policies can
be also formalized by sets of executable rules. Many studies showed that making
explicit rules based on which rewards and sanctions are provided increases the
motivation of an agent to perform certain actions (tasks) [18]. The motivation of
agents to perform certain tasks is important to ensure the satisfaction of both
individual and organizational goals related (directly or indirectly) to these tasks.
Therefore, the motivational aspect of the agent behavior should be explicitly
represented in the models of organizational agents.
2.2 Modeling the motivation of an agent
The topic of motivation in work organizations has received much attention in social
science. In [26] the motivation is defined as a process governing choice made by
persons among alternative forms of voluntary activity. There exist many different
theories of motivation [15, 18, 19]. In this paper we adopt the Vroom’s version of the
expectancy theory [26] that has received a good empirical support.
According to this theory, when an individual evaluates alternative possibilities to
act, s/he explicitly or implicitly makes estimations for the following factors:
expectancy, instrumentality, and valence (see Fig.1).
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Fig. 1. An example of the motivation model by Vroom [26]

Expectancy refers to the individual’s belief about the likelihood that a particular act
will be followed by a particular outcome (called a first-level outcome). In the
organizational context expectancy of an agent related to successful task execution is
determined by the characteristics of the task and the agent, and by the organizational
and environmental conditions. Tasks can be characterized along multiple dimensions:
(a) complexity and predictability; (b) specialization; (c) formalization; (d)
interrelation with other tasks; (e) collaboration required from agents. Usually agents
that possess knowledge and the skills required for some task have a high level of
expectancy of the successful task execution. Furthermore, agents with highly
developed skills tend to assign a high value to expectancy associated with complex
and not completely predictable tasks. On the opposite, inexperienced agents decrease
their expectancy when dealing with complex tasks and especially with tasks with low
predictability. For such agents the formalization of a task (e.g., by detailed procedure
descriptions and guidelines) will increase their expectancy level. If a task requires
from an agent a contribution from or collaboration with other agents, then the agent’s
belief about reliability and trustworthiness of these agents will play an important role
in his/her expectancy estimation. Furthermore, other organizational factors, such as
internal policies, rules and constraints (e.g., temporal, authority-related constraints)
may influence expectancy of the task execution. Many modern organizations actively
interact with the environment, which is often highly dynamic and unpredictable. The
less certainty and knowledge about the environment an agent has (e.g., market
fluctuations, resource availability), the less his/her expectancy level. As expectancy is
defined as a subjective perception (or a belief) of an agent, the agent’s personal traits
also have influence on his/her expectancy.
Instrumentality is a belief concerning the likelihood of a first level outcome
resulting into a particular second level outcome; its value varies between -1 and +1. A
second level outcome represents a desired (or avoided) by an agent state of affairs that
is reflected in an agent’s goal(s) (e.g., bonus receipt, imposition of a sanction).
Although the notion of instrumentality can be perceived as probability, in contrast to
the latter instrumentality may take negative values, in case a second-level outcome
does not follow a particular first-level outcome. If an organizational reward system is
defined explicitly, instrumentality between a performance level and the corresponding
material reward/sanction is perceived as high (>0.5) by agents.
Note that the agent’s experience gained by the execution of tasks influences the
values of expectancies and instrumentalities associated with these tasks. For example,
if despite high performance the agent did not get the promised/expected (amount of)
rewards, then his/her instrumentality between the level of efforts and the previously
identified reward will decrease. Similarly, the agent adjusts the expectancy value
associated with a task based on his/her actual amount of efforts put into the task
execution.
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Valence refers to the strength of the individual’s desire for an outcome or state of
affairs. While second level outcomes are directly related to the agent’s goals, the
valence values associated with these outcomes refer to priorities of these goals. Thus,
similarly to goal priorities, the values of valence change over time (e.g., depending on
the satisfaction of goals).
While in most cases the correspondences between actions of agents and rewards
provided externally can be specified in a straightforward way, the prerequisites for
obtaining intrinsic rewards are less obvious. One of the conditions for intrinsic
rewards identified in literature [9] is that a task assigned to an agent should represent
a reasonably complete peace of work, to the outcomes of which the agent could
attribute his/her efforts. Some agents receive intrinsic rewards from the very process
of task execution irrespectively of the execution results. While intrinsic rewards for
other agents are contingent upon the execution outcomes. In the latter case if the
actual task result equates to or exceeds the agent’s expectation, then the agent
receives an intrinsic reward. Furthermore, as follows from [9] the amount of intrinsic
reward is dependent on the task complexity.
In the Vroom model the force on an individual to perform an act is a
monotonically increasing function of the algebraic sum of the products of the
valences of all outcomes and the strength of his expectancies that the act will be
followed by the attainment of these outcomes [26]. Hence, the motivational force to
perform act i can be calculated as:
m

n

Fi = f (

E × V ),
ij

j =1

j

Vj =

V

jk

× Ijk

(1)

k =1

Here Eij is the strength of the expectancy that act i will be followed by outcome j; Vj is
valence of first-level outcome j; Vjk is valence of second-level outcome k that follows
first-level outcome j; Ijk is perceived instrumentality of outcome j for the attainment of
outcome k.

3 A Simulation Case Study
In this Section we shall investigate the behavior of the employees of a small firm that
develops web graphics by request from external clients. Such an organization
manages all its activities using a cohesive team structure. Teams have a flat power
structure, which allows achieving high responsiveness to the environmental dynamics.
Although the role of a leader (or manager) is identified, all important decisions are
made with the assistance of all team members. The manager is responsible mostly for
organizing tasks: e.g., searching for clients, distribution of orders, monitoring of the
order execution. The firm consists of highly motivated members and has a very
informal and open working style. The risky, environment-dependant nature of the
firms of such type may cause financial insecurity and deficiency for their members. In
the following the model used for the simulation is introduced. Due to the space
limitation the model introduction will be mostly informal, providing the formalization
only for the most essential parts. Subsequently, the simulation results are presented.
Modeling tasks and the environment
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Tasks received by the firm are characterized by: (1) name; (2) type; (3) required
level(s) of development of skill(s); (4) average / maximum duration; (5) extra time
delay per unit of each skill development; (6) material reward; (7) intrinsic reward; (8)
development level increment per skill. For this case study the generalized PI “the
development level” for each skill is used, which is an aggregated quantity (a real
number in the range 0-5) reflecting the skill-related knowledge, experience, task
execution context etc. The task average duration is the time that an agent that
possesses the skills satisfying the task requirements will spend on the task execution.
Agents with insufficient development levels of skills will require additional time for
the execution. This is specified by the extra time delay characteristic per deficient unit
of each required skill. The maximum task duration specifies the maximal time
allowed for the task execution. For the successful performance of tasks agents are
granted with material rewards; also the development level(s) of their skill(s) is (are)
increased by the experience increment amount(s). Note that for simplicity the intrinsic
rewards associated with the tasks in this case study are made independent of the
specific characteristics of the agents who execute these tasks.
The task types used in the simulation are specified in Table 1. When detailed data
about the task execution are available, more precise dependencies between task
durations, extra delays and the skill development levels and traits can be established.
Table 1. The characteristics of the task types A1/A2 (create a simple/complex web illustration)
and B1/B2 (create a simple/complex Flash animation) used in the simulation
Type
Required skill(s)
Average (max) duration (hours)
Extra time delay per skill (hours)
Material reward
Intrinsic reward
Development increment

A1
S1: 2
14 (18)
S1: 2
10
1
S1:0.1

A2
S1: 4
30 (38)
S1:4
20
3
S1:0.2

B1
S2: 1
12 (15)
S2: 3
7
1
S2: 0.08

B2
S2: 4
50 (60)
S2: 8
25
4
S2: 0.2

In the simulation we suppose that tasks arrive in accordance with a nonhomogeneous
Poisson process {N(t), t≥0} with a bounded intensity function λ(t). Here N(t) denotes the
number of events that occur by time t and the quantity λ(t) indicates how likely it is
that an event will occur around the time t. We use the thining or random sampling
approach [22], which assumes that λ(t) ≤ λ for all t ≤ T, where T is the simulation time
(2000 working hours (1 year) for this case study). Furthermore, for T ≤ 1000:
λA1=λA2=λB1=λB2=0.05 and for T > 1000: λA1=λA2=2 *10-5; λB1=λB2=0.05.
Organization modeling
The firm has two high level long-term goals with the same priority: “it is required to
maintain a high profit level” and “it is required to maintain a high level of satisfaction of the
employees”. These goals are imposed on the organizational structure that comprises the
role Manager and the generalized role Task Performer. The latter is instantiated into
specific roles-instances associated with the tasks received by the firm. An instantiated
role is assigned to one of the agents representing the employees using the following
policy: Agents that can be potentially allocated to a role should be qualified for this
role. An agent is qualified for a role under two conditions: (1) the agent is not
involved into the execution of any other tasks; (2) agent possesses the skills required
for the task associated with the role; and the level of development of these skills will
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allow to the agent to finish the task before the task deadline (i.e., maximum duration).
To formalize these conditions, for each task and agent characteristic a predicate is
introduced. Some of these predicates are given in Table 2. To express the temporal
aspects of the agent qualification rule the language TTL is used [23]. TTL specifies
the dynamics of a system by a trace, i.e. a temporally ordered sequence of states. Each
state corresponds to a particular time point and is characterized by a set of state
properties that hold in this state. State properties are defined as formulae in a sorted
predicate logic using state ontologies. A state ontology defines a set of sorts or types
(e.g., TASK, AGENT), sorted constants, functions and predicates (see Table 2). States
are related to state properties via the satisfaction relation |=: state(γ, t) |= p, which
denotes that state property p holds in trace γ at time t. Dynamic properties are
specified in TTL by relations between state properties.
Table 2. Predicates for the formalization of agent-based models
Predicate
task_arrived, task_started, task_finished: TASK
role_for_task: ROLE x TASK
agent_allocated: AGENT x ROLE
agent_qualified_for: AGENT x ROLE
agent_requested: AGENT x ROLE

Description
Specifies the arrival, start and finish of a task
Identifies a role for a task
Specifies an agent allocated to a role
Specifies an agent qualified for a role
Identifies an agent that requested a role

The agent qualification rule is formally expressed in TTL as follows:
∀γ ∀t:TIME ∀a1:TASK ∀ag:AGENT ∀r1:ROLE ∀tp1: TASK_TYPE
state(γ, t)|= [ task_arrived(a1) ∧ role_for_task(r1, a1) ∧ task_type(a1, tp1) ∧
¬∃r2:ROLE r2≠r1 ∧ agent_allocated(ag, r2) ∧ sum([sk:SKILL], ∃VALUE:n, m, k case(state(γ, t)|=
task_requires_skill(a1, sk, n) ∧ agent_possesses_skill(ag, sk, m) ∧ m≥0.5∧ task_extra_delay(tp1,
sk, k), k • (n-m), 0)) < (task_max_duration(tp1) - task_average_duration(tp1))
 ∀t1:TIME t1>t state(γ, t1)|= agent_qualified_for(ag, r1)

Here in sum([summation_variables], case(logical_formula, value1, 0)) logical_formula is
evaluated for every combination of values from the domains of each from the
summation_variables; and for every evaluation when logical_formula is true, value1 is
added to the resulting value of the sum function.
Further, since the firm recognizes the importance of wishes of its employees, a role
can be only allocated, when a qualified agent has voluntarily requested the role.
Furthermore, the firm established the rule that in case several qualified agents
requested a role, then the agent with the most distant (i.e., the earliest) previous
allocation time among these agents will be allocated to the role. This rule is also
formalized using TTL:
∀γ ∀t, t1:TIME ∀ag:AGENT ∀r1:ROLE ∀a1:TASK
state(γ, t) |= [ agent_qualified_for(ag, r1) ∧ agent_requested(ag, r1) ∧ role_for_task(r1, a1) ∧
latest_allocation(ag, t1) ∧ ∀ag1:AGENT ∀t2:TIME ag1≠ag ∧ agent_requested(ag1, r1) ∧
latest_allocation(ag1, t2) ∧ t1 < t2
 agent_allocated(ag, r1) ∧ task_started(a1)]

Here latest_allocation(ag1, t1) is a short notation for:
∃t1:TIME ∃a2: TASK ∃r2: ROLE state(γ, t1)|= task_finished(a2) ∧ role_for_task(r2, a2) ∧
agent_allocated(ag1, r2) ∧ ∀t2:TIME t2> t1 ∀r3:ROLE state(γ, t2)|= ¬agent_allocated(ag1, r3)
For the successful execution of tasks the agents are provided with material rewards
on the following basis: 50% of the reward is given to the agent who performed the
task and the rest is divided equally among all other employees.
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Modeling agents
The firm consists of three members and the manager modeled as agents. As in the
most firms of such type, the employees are intrinsically motivated by their work, and
pursuit high performance standards. For each agent two high level long-term hard
goals are defined that also comply with the organizational goals: g1: it is required to
maintain the level of income not less than 50; g2: it is required to maintain the level of intrinsic
satisfaction not less than 5. It is assumed that the goal g1 when unsatisfied has higher
priority than the goal g2. When g1 is satisfied, g2 becomes more important.
Two agents ag1 and ag2 possess the skill S1 to perform purely graphical work:
agent_possesses_skill(ag1, S1, 4) and agent_possesses_skill(ag2, S1, 3). Here the third
argument denotes the level of the skill development. The agent ag3 has the skill S2 to
make Flash animations: agent_possesses_skill(ag3, S2, 4). Furthermore, ag1 has the
general knowledge related to S2 (agent_possesses_skill(ag1, S2, 0.1)), which however is
insufficient for the performance of tasks that require S2. By mutual consent of the
firm and ag1 the development goal for ag1 without a strict deadline has been set: it is
desired to achieve the level of development of S2 ≥ 0.5. When ag1 decides to gain the
minimum level of the skill S2 development that is necessary for the task execution
(0.5), s/he will be given one week for the training, during which no other tasks will be

assigned to him/her. The motivation of the agents to attain their goals is represented
by the motivation models, two examples of which for ag1 are given in Fig. 2.

Fig. 2. The examples of two motivation models for the agent ag1 used in the case study

The parameters of the motivation models are defined as follows: Expectancy of an
agent ag for the successful execution of a task tk is defined as a weighed average of
the quotients pos(ski)/req(ski) for each skill ski required for tk; here pos(ski) is the
development level of the skill ski possessed by ag and req(ski) is the level required by
tk. Instrumentality for each second level outcome associated with the successful
execution of a task is equal to 1 for every agent qualified for this task. This is because
the reward system is defined explicitly and the qualified agents have a clear
estimation of the intrinsic reward associated with the task. The instrumentality value
of ag1 for the skill S2 development is reevaluated in the end of each month and is
equal to 1, when n/m > 50, and is equal to n/(m*50) otherwise; here n is the amount of
the material rewards provided by the tasks of types B1 and B2 received by the firm up
to the current time point, and m is the amount of months of the simulation time (the
initial instrumentality value is 0.35). The valence values of second level outcomes
change over time. In particular, when the goal g1 of an agent ag is not satisfied, then
the valence values of ag for all outcomes related to material rewards will become 1,
and the valence values of outcomes related to intrinsic rewards will become 0.5. When
g1 is satisfied, then the valence values for material outcomes will decrease to 0.5, and
for intrinsic outcomes will increase to 1. An agent generates a request to perform an
action specified in a motivation model (e.g., request for a role), when the motivational
force associated with this action calculated using the formula (1) is greater than 0.5.
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The initial income value is 20 for all agents, and the initial intrinsic satisfaction level
is 3. Each agent consumes 0.05 units of the received material rewards per day and the
amount of the received intrinsic rewards decreases by 0.03 each day.
The simulation is performed using the dedicated tool [2]. Fig. 3a shows how the
motivational force of ag1 to attain the skill S2 changes over time. After the time point
1000, when the amount of tasks of type A diminishes significantly, the force
transgresses the threshold 0.5, and ag1 begins the attainment of S2. After some time
ag1 possesses the skills required to perform the tasks of both types A and B and both
his/her goals g1 and g2 become satisfied (see Fig. 3b).
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Fig. 3. (a) The change of the motivation force (the vertical axis) of agent ag1 for the attainment
of skill S2 over time. (b) The change of the satisfaction of the goals of agent ag1 over time.

4 Conclusion
The paper proposes a formal approach for modeling of agents situated in an (formal)
organization that accentuates the intentional and motivational aspects of agent
behavior. The proposed quantitative motivation model of an agent based on the
expectancy theory allows estimating the agent’s motivational force to attain certain
(organizational or individual) goals. Since the goal expressions are based on
performance measurements, using the proposed approach it is possible to analyze how
different organizational factors that affect the parameters of the motivation model
influence the organizational or agent performance. An example of such analysis is
demonstrated by a simulation case study in this paper.
Based on a large corpus of empirical social studies a great number of dependencies
between organizational and environmental factors and the agent’s motivation have
been identified. In general, to create a feasible and valid model for a complex
organization, a large number of variables and functions representing these factors and
dependencies should be specified. This causes such undesirable properties of a model
as a high complexity and the loss of tractability [7]. Therefore, it is recommended that
an organization analyst depending on the organizational type and the purpose of
analysis should choose only the most relevant organizational and environmental
factors that have a direct impact on the agent behavior in the considered
organizational setting. Such a choice may be based on the results of empirical studies
for organizations of the considered type.
In the future research the behavior of various types of agents situated in
organizations of different types (e.g., mechanistic, organic [17]) will be investigated.
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Different Ways of Modelling Phone Adoption
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Abstract. Systems dynamics and agent-based models are used here to
examine the spread of fixed line phones in Britain over 120 years. Both
models approximately fit the data and it is shown that in this case the
two approaches can be used to complement each other. The SD model
is simpler and produces a better fit while its deterministic nature
facilitates sensitivity analysis. The agent-based model provides greater
explanatory power, which can in turn be used to fine tune the systems
dynamics model. Together, they can be combined to tell a plausible
story about the adoption of telephones.

Keywords. Systems Dynamics. Agent-based modelling. Technology
adoption.

1. Introduction
This paper follows Scholl’s recommendation [1] that system dynamics (SD) and
agent-based (AB) models be compared on identical topics. The relative strengths of
the two models are explored by looking at the adoption of fixed line phones in Britain
from their introduction in 1880 to the end of the twentieth century. The aim of the
paper is to explore methodological issues rather than to provide a robust explanation
of the observed adoption pattern, which will be the subject of later work.
Section 2 provides the historical background to the adoption pattern that the models
are to be tested against. The theory is set out in Section 3. Sections 4 and 5 describe
the SD and AB models respectively. The models are compared in Section 6. Section 7
shows ways in which the two approaches can be used to complement each other and
Section 8 concludes.

2. History
Britain’s first public telephone exchange opened in London in August 1879 to serve
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eight subscribers. By the end of the year the number of subscribers in London totalled
200 and exchanges had been opened in seven other cities. The first phone directory
was issued in 1880 and “contained details of over 250 subscribers” plus details of 16
provincial exchanges [2]. By 1882, there was one phone for every 3,000 people in
London: by 1890, the ratio was up to one in about 800 but it did not reach one per 100
until 1905 [3]. However, these numbers included business as well as private
subscribers and it is likely that the adoption rate for households was very much lower,
even in London, and was lower still outside London. However, the data series for
households only starts in 1964, by which time 21.6% of British households had fixed
line phones. This percentage peaked at 95% in 1999, after which it started to drop as
mobiles were substituted [4].
Thus phones took some 80 years to spread from virtually no households to around
20% and almost 120 years to reach 95%. Perry [3] suggests that this slow take-off
was due to price and poor regulation of the nascent phone industry. Also, there was
limited geographical coverage: London's first trunk line was not opened until 1884
and it was not possible for Londoners to call “the Midland and Northern Counties”
until 1890 even though the first line to Paris opened in 1891 [2]. Rural areas were not
well covered and even by 1913, one third of all telephones were in London [3].
Another complicating factor was that public phones were available from 1886 [2]:
this means that it was not necessary to have a phone at home in order to make a call,
but person-to-person calls using a public system were, of course, difficult to manage.

3. Theory
The models presented in this paper focus on two important factors that underlie the
adoption of phones: the network effect and affordability.
The network effect. In his 1969 seminal paper Bass [5] argued that except for first
adopters, take-up of new “generic classes of products” (as opposed to new models of
older products) is related to the number of previous buyers. If the new product
happens to be a link to a communication network, this effect is particularly important.
Metcalfe’s Law states that “the value of a communications network is proportional to
the square of the number of its users” and “the law is said to be true of any type of
communications network” [6]. Essentially “the idea is that a network is more valuable
the more people you can call” [6]. Fischer [7] noted that when phones were
introduced in the US they were used “to widen and deepen existing social patterns
rather than to alter them”. Valente [8] argued that there are two processes at work:
one reliant on the “entire social system” and the other on “an individual’s personal
network”. The first is a matter of following changes in society in general, such as
opinion leaders who are not personally known, while the other implies that an
important determinant of phone adoption is whether your family and friends, that is,
those in your ‘personal network’, already have phones.
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Affordability. Initially, only the better off could afford phones. In the US “the more
affluent households were the earliest subscribers” [7]. It was the same in Britain.
Phones were expensive: in 1901 “When you could employ a maid for £20 per year,
having unlimited phone use for £17 per year did not seem to be a bargain” [2].

4. A Systems Dynamics Model
The SD model is based on Verhulst’s logistic equation [9]:
dp/dt = rp(1 – p)
where p is the proportion of adopters, t is time and r is a parameter controlling the
speed of adoption. This equation means that the rate of adoption is determined by the
existing proportion of adopters. Thus this SD model can be said to model the network
effect implicitly: the greater proportion of households that have phones, the more
likely any given non-adopting household will adopt.
The adoption curve is therefore determined by two factors, a start point and the
growth rate, r. As explained above, we only know that the telephone service started in
1879 and took some 80 years to reach about a fifth of households. Although by 1882
there was one phone per 3,000 people in London, this ratio is clearly too high for
households because it includes business phones and takes no account of the very few
phones outside London. In the absence of better data, it was therefore assumed that
one household in 10,000 were adopters in 1880. On this basis, a Verhulst equation
with r set at 10.3% provides the best fit (using OLS) for the whole period: but for the
period from 1960 to the mid-1970s setting r at 10% gives a better fit, while for the
later years 10.5% is better. Also, the SD model gives no reason for the take-off of
adoption after 80 years other than a simple network effect i.e. the more people who
have a phone the more attractive it is for others to have one too. Nor does it give any
indication why the growth rate should be around 10%. (The results are shown in Fig.
1 later in the paper alongside the results of the AB model to facilitate comparison.)
5. An Agent-Based Model
In this AB model 10,000 agents are spread randomly across a toroidal grid of just
over 99,000 cells. There are two types of agents: ‘Blues’, who represent the affluent
early subscribers and are all located in one quadrant; and ‘Greens’, who represent the
rest of the population and are spread randomly throughout the whole ‘world’. These
assumptions are designed to reflect both the affordability and the concentration of
adopters both socially and geographically noted above.
To be consistent with the SD model, one of the Blues is designated the first adopter so
that one in 10,000 had a phone. In each time period the adopting Blues ‘persuade’
another Blue within a fixed radius, representing their network of family and friends,
to adopt. It was not presumed necessary for all the Blues to adopt before the Greens
start adopting because, depending on the distribution of Blues, it may be that not all
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Blues would adopt. Instead, it was assumed that once the adoption rate among the
Blues stops rising, adoption spreads to the Greens on the same basis.
The percentage of Blues in the population will, by definition, be small and
information on personal networks suggests that the number of people contacted
frequently is measured in tens (see e.g. [10]). The model was therefore run with the
percentage of Blues at 2.5%, 5%, 7.5%, 10% and 15% and the personal network
radius increasing in increments of 1 from 5 to 10. (Note this is not the size of the
personal network but the radius defining the network.) Each of these 30 combinations
was run 10 times, giving a total of 300 runs, because the output of each run varies due
to the different random distribution of agents across the ‘world’. The average of each
group of 10 runs was taken to facilitate comparisons. Table 1 indicates that only six
combinations produced a curve that approximated the actual series by producing an
adoption rate of 21% by 1960.
Table 1. Predicted adoption rate by 1960 using the AB model (%.)
Personal
network
radius
5
6
7
8
9
10

Percent Blues
2.5

5

7.5

10

15

14
18
19
20
21
19

9
10
10
11
8
21

7
9
7
8
60
95

6
6
8
45
82
100

6
10
46
77
97
100

Closer examination of the results from the six combinations shown in bold in Table 1,
including taking OLS, revealed that only when it was assumed that 5% were Blues
and the agents had a personal network radius of 10 did the curve approximately match
the observed pattern. Typically, this radius implied a personal network of about 30
agents. To confirm this result a further 30 runs were undertaken using these same
assumptions. Fig. 2 shows the results of all 40 runs (grey), with the average (a solid
black line) and one standard deviation (dashed lines) alongside actual take-up (black
squares).
6. Comparing the Models
Figs. 1 and 2 show the results of the models. So which method provides the best
model for phone adoption in Britain? Parunak et al [11] argued that AB modelling “is
most appropriate for domains characterized by a high degree of localization and
distribution and dominated by discrete decisions” and that the choice between the two
approaches should be made on a case-by-case basis. But on what basis should that
choice be made?
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Fig. 1. Household adoption of phones: predictions of the SD model compared to
actual.

% of households with phones
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Fig. 2. Household adoption of phones: 40 predictions (grey), the average (solid black line) and
one standard deviation (dashed lines) of the AB model assuming 5% Blues and a personal
network radius of 10 compared to actual (black squares).
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“A standard modelling principle is that the level and complexity of a model
should be chosen so that it answers the questions and embodies the
theoretical elements we are interested in, but is otherwise as simple as
possible” [12].
How can that principle be applied? I suggest three basic criteria can be used:
goodness-of-fit, fitness-for-purpose and simplicity. These criteria are now applied to
the two models described above: the SD model with r set at 10.3% and the AB model
with Blues set at 5% and the personal network radius set at 10.
Goodness-of-fit. The SD model provides a unique result for each set of parameters.
However, the results for the AB model vary between runs because the distribution of
the agents across the ‘world’ varies and for this reason, the average is used to measure
goodness-of-fit. Fig. 3 shows that in both models it takes some 80 years for adoption
to reach about 20%. But the SD model replicates the rise in the following 40 years
more accurately. Overall, the SD has a much lower OLS, as illustrated in Fig. 3. Thus
the SD model provides the best fit although fine-tuning the parameter values with the
AB model might improve its fit.

% of households with phones

100

80

60

40

20

0
1880 1890 1900 1910 1920 1930 1940 1950 1960 1970 1980 1990

Actual

AB (Average)

SD (r=10.3%)

Fig. 3. Comparison the SD and AB models with the actual data.
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Fitness-for-purpose. As Forrester pointed out long ago [quoted in 13] the validity of
a model should be judged by its suitability for a particular purpose. Many models are
built for forecasting or planning. However, a model that predicts well may not add
much to our understanding. Quite accurate short term economic forecasts can be made
by looking at the time trend of the variable in question and extrapolating it a little way
ahead, with no understanding of what is underlying the forecast changes. Indeed,
Coleman [14] observed that:
“macroeconomic predictions based on leading indicators having known
statistical association with subsequent system performance may give better
predictions than will economic models based on interactions among parts of
the system”.
In this case the SD model simply reflects the network effect. It provides no insight to
understanding the underlying processes whereas the AB model suggests an
explanation, telling “a story” that is consistent with the literature.
Simplicity or Occam’s razor: entia non sunt multiplicanda praeter necessitatem or
“entities are not to be multiplied beyond necessity” [15]. The SD model is
undoubtedly the simpler to describe and simpler to program. It is also runs faster.
To sum up: in this example, SD scores well on goodness-of-fit and simplicity but low
on explanatory power. It is therefore not surprising to see that this is the approach
chosen by UK phone supplier BT to model phone uptake (see [16]). The AB model
scores lower on fit and simplicity but much higher on explanatory power: phone
adoption spread through a geographically and socially close group of affluent early
adopters before reaching a wider population. While the fit of the AB model may be
improved by adding more parameters, too much fine-tuning of this kind could result
in reduction of explanatory power by making interpretation difficult. (Some work was
also done on cellular automata but it is not reported here as measured against these
criteria, the method was no more than a ‘poor man’s’ AB model: it was poorer fit,
offered less explanatory value but was not significantly simpler.)
The models were implemented using NetLogo [17] and can be found at:
www.hamill.co.uk/misc/essa07.zip.
7. Combining the Models
The SD versus AB debate seems often to be presented as an either/or choice, topdown versus bottom-up, macro versus micro. Yet as Fishwick [18] noted, models of
different types can be combined to answer different types of question about a given
process. Möhring and Troitzsch [19] took an SD model and started to break it down,
moving it towards an AB model. How this might work in the case of UK phone
adoption?
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The SD model assumed everyone was identical whereas in the AB model, there were
two types of individuals, the affluent early adopters (Blues) and the rest (Greens), and
each individual had their own unique personal network. While the SD model cannot
readily deal with 10,000 households, it can deal with two types of people: early
adopters and the rest. Now the AB model suggested 5% of the population were
affluent early adopters and it so happens that assuming the growth rate for these early
adopters was 9¼% and then 13% for the others, a better OLS fit to the data can be
obtained using the SD model than simply using a constant rate throughout (see Fig.
4). Thus information from the AB model has been used to improve the SD model.

100

% of households with phones

80

60

40

20

0
1964

1969

1974
Actual

1979

1984

r=9.25%/13%

1989

1994

1999

r=10.3%

Fig. 4. Household adoption of phones: predictions of the improved SD model
compared to the simple SD model and actual.
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In turn, the SD model may be used to improve the AB model. The fact that this SD
model is deterministic facilitates sensitivity analysis. For example, given the adoption
rate of 9¼% for the early adopters and 13% for the rest, varying the percentage of
affluent early adopters from 1% to 15% makes a noticeable difference to the adoption
rate between 1950 and 1990 but little difference in the early years or as the take-up
approaches saturation (see Fig.5). Put another way: the assumed percentage of early
adopters, by definition a small group, did not matter much for 70 out of the 120 years
being studied!

100

% of households with phones

80

60

40

20

0
1880 1890 1900 1910 1920 1930 1940 1950 1960 1970 1980 1990
Blues=1%

Blues=5%

Blues=15%

Fig. 5. Results of varying the percentage of early adopters using the SD model.
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Because each run of the SD model takes seconds rather than minutes as for the AB
model and because using the AB model more runs are needed due to the stochastic
processes, it is possible to do more experimenting, more sensitivity analysis with the
SD model. For example, the SD model can be used to demonstrate that if 5% of the
population were affluent early adopters then unless their growth rate is at least 7% it
is not possible for overall take-up to exceed 90% in 120 years (see Fig. 6). In other
words, a slow initial take-up can have very long-term consequences! These 121 runs
reported in Fig. 6 took under a minute with the SD model: doing the equivalent with
the AB model, which would have required perhaps a thousand runs, would have taken
many hours, even days.
Growth Rates ( r )
Green
Blue
5
6
Under 10%
5
6
7
8
9
10
11
12
13
14
15

7

8

9

10

Under 25%
Under 50%
Under 75%
Under 90%

11

12

94

13

14

15

96

90% and over

100

100

Fig. 6. Results of varying the two growth rates using the SD model.
I suggest that the greater insight provided by the AB model has been used to improve
the SD model and that the SD model has been used to test the sensitivity of the
assumptions in a way that would have been impractical with an AB model because of
its heavy computational demand and its stochastic nature.
8. Conclusion
The main aim of the paper was not to explore in detail the adoption of fixed line
phones in Britain. Nevertheless combining the history, theory and the results of the
two models an interesting story emerges. The slow adoption of phones for the first 80
years followed by a fast rise to saturation can be explained as follows. About 1 in 20
geographically and socially close affluent households were early adopters. These
households had average personal networks of about 30 and they persuaded one
member of their network to adopt each year. Once adoption stopped spreading among
this group, it started to spread in the same way to the rest of the population. This is
consistent with a Verhulst growth rate of about 9¼%, which rises to 13% for the later
adopters. With these growth rates, for the first 70 years the outcome is not sensitive to
the percentage of early adopters assumed, given that by definition it is a small group.
However, if the growth rate for the early adopter group is ‘too low’ – less than 7% on
these assumptions – the product will never ‘take-off’. Further work is needed.
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More importantly, this paper has shown that SD and AB models can, in some cases,
produce similar results and that they appear to complement each other, each having its
own strengths and weaknesses. So I suggest that rather than choose between SD and
AB models, in some cases, both can usefully be used. Further work will explore the
use of SD models to assist formulating and verifying AB models.
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Abstract. This paper introduces a new framework for market analysis, and
discusses essential micro interactions among economic entities described in the
framework. Finally we observe market emergent phenomena in simulations
using a model supported by the framework, and emphasize the importance of
describing micro interactions. Since various descriptions of interactions on
agent-based modeling have directly adopted existing simulation technologies
based on computer science and artificial intelligence etc., it is difficult for
modelers to describe the essential interactions on a model that correspond to
intentions of actions in real markets. So we need to propose novel simulation
technologies.

Keywords: Essential micro interaction; Emergent phenomenon; Genetic
operation; M arket analysis

1 Introduction
Some conventional studies of market analysis have focused on market characteristics
concerning product diffusion and standard competitions[7].The Innovator’s
Dilemma[1] and User-innovation[2] that form novel trends of market studies have
shown various influence of innovation on a market. Since these studies are ex post
case analysis, they seem unable to analyze future market conditions that will change
rapidly through globalization and technological innovation.
On the other hand, recent studies try to analyze market phenomena with virtual
experiments of computer simulation. Agent-based modeling has been applied to
various fields such as society, economy, or organization. The progress of social
simulation has been able to simulate some phenomena in a real world.
Some studies with agent-based modeling have focused attention on market
dynamics. Deguchi[3] has formalized a lock-in model that different two populations
interact each other in various markets with technological innovation, and analyzed a
learning process, which is called social learning dynamics. Struben[4] has focused on
decisions of consumers and firms, and proposed a transitions model of technologies.
Most of models for analyzing market dynamics, however, have supposed the premise
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of economics, and considered only population level learning. These models were not
able to describe various emergent phenomena observed in a real world.
In this paper, we introduce a new framework for market analysis that can explain
various phenomena in real markets. The framework represents essential micro
interactions among economic entities and evolutionary learning processes. Finally we
discuss the possibilities of these representations and the observation of emergent
phenomena.

2

Framework

In this chapter we describe the new market framework using a model of
coevolutionary processes of firms ’ technologies and consumers’ preferences[8]. The
framework has the following features: 1) economic entities as firms or consumers are
regarded as autonomous agents , 2) essential interactions among these agents in a
market are described, 3) consumers’ preferences and firms’ technologies co-affect
their evolutionary behavior.
This framework considers the bounded rationality and heterogeneity of economic
entities. Each consumer recognizes a product space as an environment, and then
he/she chooses and purchases a product for maximizing his/her utilit ies. Each firm
develops their technologies for gaining higher market share. Consumers and firms
affect each other through the launching or choice of products. We call this framework
CAMCaT (Coevolutionary Agent-based Model for Consumers and Technologies)
(see Fig.1). In the subsequent sections, we describe internal model (2.1), activity
model (2.2), and evolutionary learning process (2.3).
consumer population
consumer

firm population
firm

consumer
interaction

Internal Model

firm

product
access

access

entry
interlinking

product space
consumer

firm

Internal Model

product
evaluate
consumer

evaluate
technology

genetic
operations

genetic
operations

Fig. 1. CAMCaT framework.

2.1 Internal Model
An agent has an internal model consisting of the chromosomes that describe market
situations and the agent’s characteristics in his /her mind. Each economic entity, based
on its internal model, makes decisions of economic actions that are the choice or
launch of products in a market that has high uncertainty.

380

Each consumer has some chromosomes that are rules for selecting products. The
chromosomes of a consumer are consisted of Preference, Consumption Propensity,
Possessed Technology, and Market Situation (see Fig.2).
internal model
gene
chromosome
Consumption
Propensity

Preference

Possessed
Technology

Market
Situation

consumer

Fig. 2. Internal model of a consumer.

Each firm also has some chromosomes that are rules for developing a new product,
and gaining higher market share. The chromosomes of a firm are consisted of
Management Strategy, Technology Strategy, Possessed Technology, and Market
Situation.
We selected these chromosomes by considering various decisions in firms or
consumers in real markets. Modelers do not have to adopt all chromosomes, and can
set parameters of partial chromosomes depending on the problem situations or target
of modeling in detail. This framework, therefore, has no restriction on building the
internal model.
2.2 Activity Model
Consumers and firms , based on their internal models, make their decisions in a
market. Each consumer evaluates products and chooses a product in the product space
(see Fig.3). Each firm decides whether to develop and launch products. These
decision makings are considered as micro level activities in a market.

2.3 Evolutionary Learning
After micro level activities, each consumer evaluates his/her own choice and internal
model by using a fitness function. Similarly, each firm evaluates its own
development, launching, and internal model by using a fitness function. The fitness
function defines how desirable each economic entity is in a market. This is formulated
depending on problem situations. As for examples, the consumer’s fitness function
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consists of preference values and sensibilities to trend etc. The firm’s one consists of
technology values and market share etc.
Based on the self-evaluation results, various genetic operations realize a series of
learning of economic entities. Recent studies have considered the necessity of
learning mechanism, and adopted genetic algorithm (GA) or reinforcement learning
etc. We will uphold the GA , since the reinforcement learning dose not guarantee that
population level learning converge.
To take an example of consumers, bandwagon-effect, information exchange and
gathering information correspond with the selection, crossover, and mutation in
GA [5], respectively. We call a series of operations “evolutionary learning process.”
The long term result by evolutionary learning processes achieves the coevolution of
consumers and firms through the choice and development of products.
internal model
Preference?
tion?
Situa Pro
pensity?

1.evaluation

2.choice

Fig.3. Activities of a consumer.

3 Micro Interaction and Micro-macro Link
The primary feature of CAMCaT framework is to realize the essential micro
interactions among economic entities. The micro interactions represent neither a two
player game nor a change of decisions depending on macro information like
interactions described in conventional studies. We represent the micro interactions as
essential individual economic actions that are described as the revision of internal
model as rules for an agent’s action (see Fig.4). So the micro interactions do not
change the agent’s action itself directly.
action

micro interactions

reaction
revised internal model

internal model

genetic operations

Fig. 4. Micro interactions in CAMCaT framework.
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Some internal models in a population that are revised by the micro interactions
change some agent’s actions. This change results in a macro level behavior, then the
macro level behavior affects the mic ro interactions and decisions. Therefore, this
process represents a micro-macro link that corresponds to the change of economic
actions and behaviors in real markets.
3.1 Micro Interactions
In this section we discuss evolutionary learning of consumers’ pre ferences as micro
interactions. Our framework applies the analogy of evolution not to the population
level learning but to the individual level one. The population level learning can be
achieved as a result of the individual level one. We have originally reinterpreted and
proposed genetic operations as technologies for the learning in the framework[8][9].
The economic actions represented by the operations can be essentially effective in
market analysis since we were successful in explaining the micro interactions and
macro phenomena on the analogy of evolution in our previous studies. In following
subsections we explain intention-driven genetic operations in our previous studies
(3.1.1), and discuss the genetic operations on evolutionary learning process (3.1.2)
and necessity of novel genetic operations (3.1.3).
3.1.1 Correspondence between Intentions and Genetic Operations
The micro interactions are composed of three phases using genetic operations. First, a
consumer population initially set out in the model selects the consumers’ preferences
that realize higher evaluation values. This implies a kind of bandwagon effect.
Second, a pair of consumers is combined at random in the consumer population, then
they uniformly crossover each partial gene in their chromosome . This implies the
information exchanging between two consumers. The crossover process has an effect
to spread various preferences over the consumer population. Finally, each consumer
mutates partial genes in his /her chromosome. This implies gathering information
through advertising media (see Fig.5).
bandwagon
effect

consumer A

selection
A
copy

copy
transcribe
B

C

consumer B consumer C
crossover

mutation
gathering
Information

information
exchange

Fig. 5. Implications of genetic operations.
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3.1.2 Evolutionary Process by Genetic Operation
We here point how the evolution of a consumer population has achieved in our
previous studies with CAMCaT framework. The evolutionary learning was performed
with roulette selection, uniform crossover of a random pair in GA , and mutation. The
uniform crossover could temporarily decrease genes values in the chromosome of
preferences (see Fig.6). Supposing that the genes values show the preferences values ,
the decrease seems to prevent the evolution. It nevertheless did not fail from the
viewpoint of the evolution by combining the selection and the uniform crossover.
Though genes values were temporarily decreased by the uniform crossover, varieties
of the consumer population increased. And consumers who had a higher evaluation
value were selected with the roulette method. Finally, evolution was achieved in the
consumer population (see Fig.7).
uniform crossover

decrease of genes values

evaluation
0.9

A

preference 3 4 3 4 4 4
mask

0.6

B

A

0.8

110101

preference 3 4 2 4 2 4
mask

preference 2 2 2 1 2 4

B

0.7

110101

preference 2 2 3 1 4 4

Fig. 6. Decrease of genes values caused by uniform crossover.

crossover and mutation

selection

crossover and mutation

…

…
increase of variety

decrease of variety

evolution

Fig. 7. Change of variety in evolutionary learning process.
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increase of variety

3.1.3 Necessity of novel intention-driven simulation technologies
As has been noted the genetic operations are capable of corresponding to intention of
economic actions. Since our previous studies[8][9] has described some market
characteristics observed in real markets, the analogy of evolution using genetic
operations achieved essential individual level learning of economic entities. However
we here should notice that the existing genetic operations based on classical GA
cannot be promised to succeed in future analysis by using a model built in different
types of problem situations.
We will assume that a market model has a network structure. A recent study with
an agent-oriented model has adopted the viewpoint of social network that a market
structure determines the activities of economic entities[10]. A model with a network
structure describes links among economic entities, which define feasible interactions.
In this case selection based on classical GA cannot imply economic actions directly,
since it operates two consumers who are not linked(see Fig.8). Copy(1) expresses that
a consumer affects linked another one, and can imply spread of information by
bandwagon effect. However copy(2) cannot imply in real markets, since a consumer
is affected by not linked another one directly. We therefore have to develop a genetic
operation improved for achievement of economic entities’ learning.
Selection

Selected consumer

copy(2)
Not selected consumer

copy(1)

Not selected consumer

Fig. 8. Non-correspondence between bandwagon effect in network structure and selection
based on GA.

Let us consider an example of a novel genetic operation that is helpful to learning
in a market network structure. The operation is a fusion of selection and uniform
crossover, and can imply the bandwagon effect in real markets (see Fig.9). Though
the operation is based on the uniform crossover, it does not perform exchange of the
genes between linked two consumers. The genes values of consumerB who has lower
evaluation values copy from the genes values of consumerA who has higher ones.
The operation, without adopting selection, will achieve evolution in population by
selecting the high evaluation chromosomes and gain high variety. Therefore the
operation will achieve learning of consumers in real markets.

385

In the preceding argument we have insisted that agent-based modelers have to
develop novel simulation technologies when they would like to build the model that
has restraints on agent activities like the network structure. In particular we expect
genetic operations as the simulation technologies to incorporate learning mechanism.
The operations will enable us to build an intention-driven model. It is not, however,
enough to consider only intention when we build a new model. As Allen[6] has
discussed modeling, we also need to consider other related theoretical studies which
are economics and marketing science etc.
evaluation
0.9

evaluation
A

preference 3 4 3 4 4 4
mask

0.6

B

0.9

A

110101

preference 3 4 3 4 4 4
mask

preference 2 2 2 1 2 4

0.7

B

110101

preference 2 2 3 1 4 4

Fig. 9. An example of a novel genetic operation

3.2 Micro-macro Link
Micro interactions described as evolutionary learning revise agents’ internal models
in populations. The revision should imply economic actions in real markets (see
Section 3.1), and change agent’s decisions as choice and launch. The change in
populations affects market products, market share, and a trend product in a product
space. The whole market results in different behavior with which are compared a few
generations ago. This macro market behavior affects economic actions in the next
generation. So micro-macro link is described.

4

Modeling and Emergent Phenomena in Simulations

In this chapter, we provide a market model by using CAMCaT framework and show
the macro phenomena emerged on a market simulation. The target of the provided
model is competitions among some standards.

4.1 Model
According to the CAMCaT framework, the market model consists of a consumer
population, a firm population and a product space. The size of the consumer and firm
population is 100 and 20, respectively. The number of product standards is 5.
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4.1.1 Model of Product
In the product space there are a lot of products that firms launched. We describe the
attributes of the product that are consisted of specs a ik and standard s i defined
by A = (aik , s i ) where a ik ∈ {1,2, K ,100} , si ∈ {1, 2, K ,5} k = 1, 2, L ,5 , i identifies an
individual product, k is the spec number of a product.
4.1.2 Model of Consumer
1. Internal Model
The internal model of a consumer i consists of the sensibilities to other consumers
d i , a favorite standard si , cutoff value cik , and purchasing weight for product
attributes wik , defined by

IM = ( di , s i , cik , wik ) where d i ∈ {x | 0 ≤ x ≤ 1} 㧘

si ∈ {1,2,K ,5} 㧘 cik ∈ {1, 2, K,100} 㧘

∑w

ik

= 1 , i = 1,2 , L,100 , k = 1, 2, L ,5 , i is a

k

consumer index, k is an attribute index.
2. Activity Model
Each consumer evaluates products by the evaluation rule of products and chooses one
having the maximum utility bigger than the cutoff values. The evaluation rule is
defined by the utility function uij of consumer i for product (1).
u ij = (

∑b

k

k

0
where c j = 
1

* a ijk * d i +

∑w

ik

* a ijk * (1 − d i )) * c j * s j

(1)

k

if consumer i cutoff product j
otherwise

 0 if si ≠ s j
,
, sj = 
1 otherwise

bk represents the attributes of the trend product.
3. Evolutionary Learning Process
After choice of a product, each consumer i evaluates his /her own decision and
internal model by using the fitness function fc i (2).

fci = wa ∗ (1− ncut) + wb ∗ sumcut + wc ∗ (1 / maxcut) + w d * ( network)

(2)

ncut is the number of non cutoff products, sumcut is the sum of cutoff values,
maxcut is the maximum cutoff value, network is the number of consumers who adopt
the same standard with consumer i . The weight parameters are set to
wa = 0. 50, wb = 0. 40, wc = 0. 05, wd = 0. 05 . The fitness function represents that a
consumer has higher evaluation can reduce recognition effort of products, and can
gain advantage by network effect.
We adopt GA (roulette selection, uniform crossover, and mutation) in this model.
According to the evaluation of consumers, internal models of consumers are selected
with roulette selection. And the revision of the internal model is performed with
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uniform crossover and mutation. Crossover and mutation rate is 0.6 and 0.05,
respectively.
4.1.3 Model of Firm
1. Internal Model
The internal model of a firm i consists of the standard to adopt si , technological
concept cik , and possessed technology tik defined by IM = ( si , cik , tik ) where

si ∈ {1,2,K ,5} 㧘

∑c

ik

= 1 㧘 tik ∈ {1,2,K ,100} , i = 1, 2, L, 20 , k = 1,2 ,L, 5 , i is a

k

firm index, k is an attribute index.
2. Activity Model
Each firm i launches a new product, according to the launching rate that is 0.05. The
attribute A of launch product j is set by calculating from the possessed technology
T of the firm.
3. Evolutionary Learning Process
After launching the product, each firm i evaluates its own decision using the fitness
function ff i (3).

ff i = wa ∗ share + wb ∗ othervalue + wc * selfvalue + wd * network
where othervalue =

∑c

ik

∗ t jk , selfvalue =

k

∑c

ik

(3)

∗t ik

k

j is a firm index, which the firm interlinked with firm i.
share is the share of the products firm i launches, othervalue and selfvalue(3)
shows the fitness of other firms’ and own technology with its own technological
concept, and network is the number of firms that adopt the same standard with firm i .
The weight parameters are set to wa = 0.25, wb = 0.05, wc = 0. 65, wd = 0. 05 .
The internal models of firms are selected with Baker’s linear ranking selection
after the evaluation. This implies licensing or M&A. The revision of internal model is
performed with crossover and mutation. This implies cross license and R&D.
Crossover and mutation rate is 0.6 and 0.05, respectively.

4.2 Simulation results
In this section, we simulate competitions between five standards in a market using the
model (see Section 4.1) and show emergent phenomena in the market. Fig.10 shows
two market share transitions of the standards in simulations using the same parameter.
As the simulation result in Fig.10-(a), the market share of standard5 reaches about
100% at about 50 generation, and keeps high share. This state is called “lock-in” and
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is also observed in simulation in conventional studies. As for the simulation result
Fig.10-(b), de facto standard5 switches to a new de facto standard2.
The two points that require clarification are that 1) why did the simulation result in
Fig.10-(a) differ from one in Fig.10-(b) ?, 2) why did de facto standard switch to
another in Fig.10-(b)? It should be clear that the evolutionary learning affects the two
points. Agent-based modelers who have ever built a model that had been equipped
with learning mechanics do not doubt as to the first point. However, as for the second
point, many agent-based modelers must wonder about the market phenomenon. The
market phenomenon is one of emergence, and is caused by the essential interactions
among economic entities. We call the phenomenon in Fig.10-(b) “lock-in wave”. The
reasons for this are technological innovations and evolution of preferences. This can
be observed in real markets, like home -video market and game market etc.
We will show an example of mechanism of lock-in wave caused by the evolution
of preferences. The consumers’ preferences are affected by the opinion leaders’ ones,
when they adopt a standard whose market share is low. The chromosomes in the
consumer population drastically change, then the change generates a new trend
standard in the product space.
The most important point in this simulation is that this framework can show the
lock-in wave that cannot be observed in conventional studies. Although we recognize
the importance of corresponding to real market case, the present stage of this study
cannot fit the real market data. This framework, however, can represent the various
emergent phenomena can been seen in real markets, and has a high potential to
explain more interesting phenomena.
(b) Lock-in wave
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standard1
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(a) Lock-in
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standard1
standard2
standard3
standard4
standard5

1

generation

51 101 151 201 251 301 351 401 451
generation

Fig. 10. Emergent phenomena in simulations.

5.

Conclusions

In this paper we propose a new framework, called CAMCaT, for market analysis, and
suggest that the simulation technologies are required to describe essential micro
interactions that correspond to economic actions in real markets.
We should note that the framework has most of essential elements in real markets,
the elements which are the micro interactions among economic entities, the decision
making of economic entities, the interaction between a firm population and a
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consumer population, and macro phenomena in the whole market. The market model
using the framework can show lock-in wave as an example of emergent phenomena.
This observation strongly results from the description of the micro interaction. Thus
this framework has ability to understand market phenomena, though it cannot yet
explain real market cases. We expect that models using this framework can explain
various phenomena in real markets and analyze various market situations.
Finally we should emphasize that agent-based modelers will have to develop
simulation technologies for describing interactions in order to develop agent-based
modeling. Existing simulation technologies often restricted the modeling of agent
activities and learning. In such case some modelers have tended to ignore the partial
characteristics of problem situations that they would explain . In addition to this ,
simplification of modeling has inclined to assist the ignorance. So we will develop the
intention-driven simulation technologies to prevent the elimination of important
characteristics.
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Abstract. We present a model of opinion and attitude dynamics that
incorporates multi-dimensionality of a single attitude, i.e. attitudes are
composed of evaluations of several features. We include selective exposure that is modeled as a hierarchical version of the bounded confidence
model. Individuals adapt their feature evaluations if their attitudes and
the respective feature evaluation are sufficiently close. We show that this
model can explain a balancing principle, such that features associated
with the same object tend to be evaluated similarly. We also show that
such individuals can get more extreme despite they might even interact
only with agents that have less extreme attitudes.

1

Introduction

An ’attitude is a psychological tendency that is expressed by evaluating a particular entity with some degree of favor or disfavor’ (Eagle & Chaiken, 1993). If
the ’entity’ is a behavior, then an attitude can be considered as an individual’s
tendency to engage in a specific behavior. Thus, attitudes have been at the heart
of models that predict behavior of people. Behaviors of interest are, e.g., buying
decisions by consumers, voting behavior, or the adoption of new technologies by
firms. Hence, there are many models that describe and explore processes of attitude formation. While some models focus on how single individuals form their
opinions in response to specific stimuli, other models focus on social processes
of opinion formation. This article focuses on how attitudes evolve in groups of
interacting individuals.
Simple models on interacting individuals and resulting changes in attitudes
were studied by Festinger (1950), French (1956), Latané et al. (1994), Deffuant
et al. (2000), Hegselmann and Krause (2002), Galam (2002), and others. A basic
assumption is that interacting and especially communicating individuals mutually affect their attitudes. Regarding communicating individuals there has also
been some work on explaining why individuals do not tell others their true attitudes (e.g., Kuran, 1987). Thus, there might be a gap between an individual’s
attitude, as the mental state, and his expressed opinion as element of communication. As Urbig (2003) argues such differences might also be caused by
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limitations inherent in languages or mechanisms used for communication. Because we are not concerned with biases of the attitude–opinion relation we use
the terms opinion and attitude as synonyms throughout this text. Furthermore,
these communication processes are moderated by selective exposure, which describes a mechanism where people tend to maintain their beliefs by exposing
themselves to information supporting their beliefs.
Models of attitude and opinion dynamics as introduced by Nowak et al.
(1990), Hegselmann and Krause (2002), and Deffuant et al. (2000) represent
some of the more simplistic approaches; but they allow for a clear analysis and
understanding of the fundamental dynamics. A more complex model of consumer behavior involving attitudes has been introduced by Jager (2000). From
my point of view, taking the simple models as starting point and increasing
complexity step by step enables us to keep track of the sources of complexity
and of specific dynamics and thus allow to include only those elements that have
large effects (see Hegselmann, 2004). Most simple models of opinion dynamics
in groups of interacting individuals consider an individual’s opinion as a onedimensional value, either binary as good or bad opinion, or with a finite number
of stages between the extremes, or as a continuum between extreme values (see
Hegselmann & Krause, 2002, Weisbuch et al., 2002). Sometimes such models also
include uncertainty about the opinion (see for example Amblard et al., 2003).
The idea of selective exposure is included in these models as bounded confidence
or relative agreement, i.e. individuals only others if their attitudes towards the
object under consideration are sufficiently close.
One-dimensional approaches to attitudes and opinions are beneficial for understanding basic dynamics, but it is questionable whether they can capture
the complex dynamics displayed by opinion dynamics in real settings. For instance, when analyzing the diffusion of innovative products or the acceptance
of complex programs of political parties it is somewhat heroic to assume that
people either agree on all aspects or on no aspect, as it would be implied by
one-dimensional approaches. According to consumer theory and psychological
attitude theory a one-dimensional approach seems to be inappropriate. According to this research stream an attitude is composed of different impressions that
themselves are composed of two elements: beliefs (also called cognitions) about
the presence of some attributes and evaluations of these attributes (Ajzen, 1991).
In fact, we end up with a qualitative distinction between knowledge and evaluations and a multidimensionality regarding a set of attributes related to an entity.
This multidimensionality is at the core of most of the reliable approaches to attitude measurement (Ajzen, 2002). While the distinction between beliefs and
evaluations might be questioned, even competing approaches to measurement of
attitudes keep the multidimensional nature (see Trommsdorff, 1998). Measuring
attitudes gets important when linking simulations to real measured data. Altogether, multidimensionality, but also – to a smaller extend – the distinction
between evaluations and cognitions seem to be very general though relevant concepts. Although such a compositional approach to attitudes finally results in a
one-dimensional attitude, we will see that an explicit modeling of the different
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dimensions enables a modeling of a more differentiated and from our point of
view more realistic communication process.
There are several attempts to include multi-dimensionality into simple models of opinion dynamics. But unfortunately the multi-dimensionality is then interpreted as a set of opinions instead of several elements of the same opinion
or attitude. Deffuant et al. (2000), Weisbuch et al. (2002), as well as Fortunato
et al. (2005) consider a vectors of binary values as a set of opinions toward different objects. Lorenz (2003) investigates a model of n-dimensional vectors of
real values, where the real values represent the amount of money allocated to n
projects. In Lorenz’s model agents interact and adapt their opinions if the Euclidian distance of these opinions is smaller than a constant, which is a possible
extension of the Bounded confidence concept by Hegselmann and Krause (2002)
and similarly by Fortunato et al. (2005). These models assume an all-or-nothing
strategy for adapting to other’s opinions, which means that either all dimensions
are adapted or no dimension. This is not plausible from my point of view because
individuals might be willing to adapt in one dimension while at the same time
they strongly resist any adaptation in another dimension.
Furthermore, for determining the condition for an effective interaction agents
evaluate their whole vectors of opinions and not only their own but also the
whole vector of their current communication partner. From my point of view this
extensive comparison of all elements is a strong weakness of these models because
it requires an extensive interaction even with those partners that differ extremely;
one needs this extensive comparison just to figure out that they actually differ
to such a large degree. It seems more plausible that there is some comparable
aggregate or placeholder (aggregated evaluation or signal for group membership
in cultural models) that finally determines if individuals get involved into a
deeper discussion or reject any discussion and therefore get away being unaffected
by each other without having had a deep interaction on the mutual differences.
In this article we want to incrementally develop a model of dynamics of
structured attitudes that gets closer to psychological attitude theory, i.e. to the
model of Fishbein and Ajzen (Ajzen, 1991). Still we are aware that this will
only be an inspiration by psychological theory but not an implementation of
the theory on attitudes, given that a consistent theory exists at all. Our general
approach, which can be labeled as hierarchical selective exposure or hierarchical
bounded confidence approach, can be described as follows:
Having first just a general interaction about the attitude regarding an
object under consideration an interaction continues only in case of a
sufficient closeness. If they continue they may talk about the different
attributes related to the object. At this level they may again be bounded
in their predisposition to consider their peer’s opinion seriously.
All together, there are different interpretations of vectors of opinions, but as
far as we know there are only two interpretations that refer to structured attitudes or opinions, where the attitude is an aggregate of multiple dimensions that
might be adapted independently, namely Urbig and Malitz (2005) and Deffuant
and Huet (2007). The first paper is on an agent-based simulation of a preliminary
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version of the model presented here. The latter article introduces a model that
assumes that a ’filter’ selects only important features with a higher threshold of
importance when the attitude about the feature is incongruent with the global
attitude about the object. Furthermore, individuals transmit only features that
are congruent with their global attitude. It turns out that in such cases the sequence of perceiving information is highly significant for the overall evolution of
attitudes. However, this model deviates in it basic structure significantly from
the idea of continuous opinion dynamics.

2

Model

Let ai,t ∈ R[0,1] be the attitude of agent i ∈ {1..N } regarding a focal object at
time t. The attitude is composed of a set of impressions ei,k,t ∈ R[0,1] , which
are in fact evaluated features comprising an evaluative component and a belief
component about the presence of some feature. The attitude is a summary evaluation of all features. We normalize the attitude by dividing it by the number
of features.
K

ai,t

1X
ei,k,t
=
n

(1)

k=1

In every step t an agent i interacts with a randomly chosen agent j. If they both
adapt their attitudes and thus adapt on at least one feature evaluation, then they
are considered as interacting effectively. The condition of interacting effectively
on feature k is indicated by efk (i, j) ∈ {0, 1}, which gives 1 for effective interaction and 0 otherwise. This function is symmetric, efk (i, j) = efk (j, i), such
that if one adapts also the other adapts. A convergence parameter 0 < µk ≤ 0.5
describes how much agents adapt . For now let it be specific for the different
features k. If µk = 0.5 then agents’ effective interaction on a feature leads to
an agreement in the respective feature evaluations. The smaller µk is, the less
quickly they converge in their feature evaluations. Given two randomly chosen
agents i and j, equation 2 defines how agent i updates her feature evaluations
and thus indirectly her attitude. The rule is symmetric for agent j. Note that an
agent’s attitude only changes if the two agents’ attitudes are sufficiently close
and if their feature evaluations are sufficiently close.
ei,k,t+1 = ei,k,t − efk (i, j) · µk · (ei,k,t − ej,k,t )

1 if |ai,t − aj,t | < εa ∧
with efk (i, j) =
0 if |ai,t − aj,t | ≥ εa ∨

3

(2)
|ei,k,t − ej,k,t | < εf
|ei,k,t − ej,k,t | ≥ εf

Get different by getting more alike

A first analysis of this model in an agent-based simulation has shown that there
seems to be tendency that agents can get more extreme attitudes although they
communicate with agents that have on average less extreme attitudes (Urbig &
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Malitz, 2005). However, there was no systematic analysis of this effect. Therefore,
we now show that the process described in our model converges, keeps average
attitudes and average feature evaluations constant, but attitudes may get more
distant through an interaction.
Consider two interacting agents, agent 1 with attitude a1,t and agent 2 with
attitude a2,t . Without loss of generality let agent 2 have the more optimistic
attitude, i.e. a1,t < a2,t . Let C contain those features, on which the two agents
adapt, i.e. ∀1 ≤ k ≤ K : |e1,k,t − e2,k,t | < εf .
Because both agents’ updating processes are characterized by the same convergence parameter µk , the mean of the corresponding impressions keep constant, i.e. 21 (e1,k,t+1 + e2,k,t+1 ) equals 21 (e1,k,t+1 + µk · (e2,k,t − e1,k,t ) + e1,k,t+1 +
µk · (e1,k,t − e2,k,t )), which finally translates into 21 (e1,k,t + e2,k,t ). Because the
attitude is the average of impressions also the average of all agents’ attitudes
keeps constant. Although agents can get closer and can get more distant, these
dynamics stabilize, which means that they do not move back and forwards for
ever.3
The distance of two agents’ corresponding impressions never increases due to
our definition of updating. However, the distance in attitudes can increase. This
is not surprising if the updating process was not symmetric for two interacting
agents, but in our model it is. One can easily show that the changes in attitudes
of two interacting agents have the opposite sign (proof available on request). An
increasing distance thus implies that the change in one agents attitude needs
to have the opposite sign of the difference between own and the other agent’s
attitude.
P The change in attitude of agent i interacting with agent j is given
1
asP
k∈C µk (ej,k,t − ei,k,t ). Because we assume that a1,t < a2,t , we need 0 >
n
1
µk (e2,k,t − e1,k,t ) for having opposite signs. This implies that the two
k∈C
n
agents adapt on a feature where the order of their respective impressions is
inversed compared to the order of their attitudes. Thus, the move of agent 1
has to have a different sign that the difference between the own and the other
agent’s attitude.
Our further analysis will focus on a special case. For this we assume that
the convergence parameter is equal for all features, i.e. µk = µ. We also look at
the case of two features since it is much easier to illustrate than case with more
features. For these two instantiations we can derive more precise criteria when
agents get more distant while they interact: If the convergence parameter µ is
equal for all features, i.e. µk = µ, then agents can only get more extreme if they
do not compromise on at least one feature. This is easily show by contradiction:
3

If agents adapt their feature evaluation towards another agent’s evaluation, then
they assign the weight 1 − µk to their own and µk to the other’s feature evaluation.
Since agents are defined symmetrically, either both interaction partners adapt their
evaluations or none of them. Therefore, (1) every agent always assign his own evaluation
a weight larger than zero, (2) if an agent assigns a positive weight to another agent’s
evaluations then this happen vice versa, and (3) all positive weights are always above
or equal to 1 − µk . Hence, according to the stabilization theorem by Lorenz (2005) the
process stabilizes in the feature evaluation space. Because the attitude space is just a
mapping it stabilizes there as well.
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Without loss of generality we assume that the second agent’s attitude is larger
the first agent’s attitude, i.e. a2,t > a1,t . Let the convergence parameter be
equal for all features, i.e. µk = µ. If all feature evaluations
P are affected, then we
can rewrite the above stated condition as follows 0 < − k∈C (e2,k,t − e1,k,t ) =
PK
PK
PK
− k=1 (e2,k,t − e1,k,t ) = − k=1 e2,k,t + k=1 e1,k,t . This leads to a1,t > a2,t ,
which contradicts our assumption about the initial relation between these two
agents’ attitudes. From our analysis so far we can also conclude that if there are
only two features, then two agents can only get more distant if they adapt on
only one of the two features and this displays an inverse order compared to the
attitudes.

4

Drifting to more extreme though balanced attitudes

Getting more distant by compromising is just a possibility and this effect might
be wiped out in a population of interacting agents. Therefore we now look at
the population level.
For analyzing our model in groups of interacting individuals there are several methods that could be applied. One is agent-based simulation that simulates
populations of single agents, i.e. in every step one knows the attitudes of every
single agent. We already did agent-based simulation on a similar model as introduced here and have recognized that exploring the full parameter space requires
huge computational efforts (see Urbig & Malitz, 2005). Therefore we decided
to numerically solve rate equations for analyzing the dynamics (Lorenz, 2006,
calls this approach Interactive Markov Chains). Thus, we indirectly assume a
population of infinite many agents, i.e. N = ∞, and in every step every agent
gets a randomly chosen interaction partner and all could adapt in every step.
The deviations have an impact, but it is rather small (see for instance for other
models of the same class Deffuant & Huet, 2007 and compare Deffuant et al.,
2000 with Ben-Naim et al., 2003).
We focus on a two-dimensional model. We define a discrete space of equidistant impressions or feature evaluations. They are labeled from 1 to R. The initial
probability mass located in the two-dimensional feature evaluation space at point
i, j is given by F0 (i, j) with 1 ≤ i, j ≤ R. The two-dimensional feature evaluation
space is mapped into the one-dimensional attitude space. Because the feature
evaluations are discrete, also the attitude space is discrete with 2 · R − 1 levels.
The probability mass in this space is given by A0 (i) with 1 ≤ i ≤ 2R − 1. The
mapping from the feature evaluation space onto the attitude space is given by
(3). It represents an averaging of the feature evaluations.
(P
i
x=1 Ft (x, i − x + 1) if i ≤ R
At (i) = PR
(3)
x=i Ft (x, R − x + 1) if i > R

The left part of Figure 1 illustrates the mapping. For a better understanding
we plot the isoquants for the attitudes; along these lines agents have the same
attitude. The attitude increases the more one gets to the upper right corner.
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Fig. 1. Left: equally distributed feature evaluations, Center: equally distributed attitudes, Right: an agent’s tendency to get more extreme

On can easily see that there are more agents, i.e. a larger probability mass, for
intermediate attitudes. The equally distributed feature evaluations translate into
a triangular distribution in attitudes.
If we want to compare our model with one-dimensional models that assume
initially equally distributed attitudes, then we have to make an equivalent assumption on our initial distribution. We thus manipulate the initial distribution
in the feature evaluation space such that at the attitude level agents are equally
distributed. The required distribution is illustrated in the middle plot of Figure
1. We need a distribution that emphasizes those areas that imply more extreme
attitudes. Our analysis first considers equally distributed feature evaluations to
be compatible with traditional models of multidimensional opinions and later
compares it with the second case of equally distributed attitudes.
We now define the rate equation for our model. Remember, we assume two
dimensions and agreement on all features where agents interact effectively, i.e
K = 2 and µk = µ = 0.5. We assumed that feature evaluations are discrete.
Thus, if two agents compromise they might want to compromise on a value that
is exactly in between of two or four of the available values. In such cases we
assume that they assign randomly to the respective values. Due to the geometry
of the space, only three cases can happen: (1) agents’ new feature evaluations
can be located at a single cell; (2) they are located on a border between two
cells; (3) they are located at a corner, where four cells meet. In the first case
we assume that the probability is 1.0 to move into this cell. If it is on a border,
then the probability is 0.5 to get into either of two corresponding two cells. For
cases when agents would be located at corners the probability is 0.25 to get
into one of the four cells. Given this rule let us define two additional functions.
Function d+ (i, j, x1 , y1 , x2 , y2 ) ∈ {0.25, 0.5, 1.0} gives the probability that an
agent maintains feature evaluations according to the cell (x1 , y1 ) and moves to
cell (i, j) due to an interaction with an agent from cell (x2 , y2 ). Furthermore,
function d− (i, j, x, y) ∈ {0.0, 1.0} gives the probability that an agent from cell
(i, j) moves somewhere due to an interaction with an agent from cell (x, y).
Based on these two functions we now define a rate equation that describes how
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the distribution of agents within the space of feature evaluations changes from
one step to another.
ft+1 (i, j) = ft (i, j) + Dt+ (i, j) − Dt− (i, j)
Dt− (i, j) =

R
R X
X

with

(4)

Ft (x, y) · Ft (i, j) · d− (i, j, x, y)

x=1 y=1

Dt+ (i, j) =

R
R X
R X
R X
X

Ft (x1 , y1 ) · Ft (x2 , y2 ) · d+ (i, j, x1 , y1 , x2 , y2 )

x1 =1 y1 =1 x2 =1 y2 =1

The sequential calculation of the rate equation is implemented in Java. It either
stops after 500 steps or if the sum of all changes is smaller than 10−6 . We also
calculated arrows that roughly indicate the drifts within the multidimensional
space. Figures 2 and 3 illustrate the results of our analysis.
Figure 2 illustrates the distribution in the feature evaluation space for three
steps and three different settings. We look at the second setting, where there is
in fact no selective exposure at the attitude level. It gets closest to previously
analyzed multidimensional dynamics. Because the condition at the attitude level
is not restricting the dynamics at all, the dynamics are almost equal to those
of two combined one-dimensional dynamics, see for instance the discussion by
Fortunato et al. (2005). As Fortunato et al. (2005), we also observe the formation
of four equally sized major clusters. Interesting to note, in this scenario agents
might get more extreme, but on the population level this effect is wiped out.
If we look at the setting where the selective exposure is restricting the dynamics at both levels, we can indeed observe a drift to feature evaluations, where
both features tend to be evaluated similarly and to more extreme attitudes. The
difference to the previous case gets obvious in Figure 2. Obviously the selective
exposure at the attitude level makes a difference. Right part of Figure 1 illustrates the reason. Agents from the dotted, squared, and striped areas succeed
with respect to selective exposure at the attitude level. These restrictions together with the general limits at zero and one create the situation that there is
a larger probability to be affected by a more extreme agent at a specific feature
evaluation than to be affected by a more moderate agent.
In case that the selective exposure is not restricting the dynamics at the
feature evaluation level, we end up with a dynamics that is close to a onedimensional dynamics. Due to the selective exposure of 0.25 we might expect two
clusters, but because the initial distribution is a triangular distribution there is
a stronger tendency to form only one large central cluster. However, we observe
two small minorities.
While Figure 2 only looks at the distribution in the feature evaluation space
and only considers equally distributed initial feature evaluations, Figure 3 plots
the evolution of distributions in the attitude space and additionally plots the
results for settings, where the initial distribution of attribute evaluations are
adjusted such that the initial attitudes are equally distributed.
For the case without a binding restriction at the feature evaluation level we
observe a typical evolution of the attitude given that the initial attitudes are
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Fig. 2. Evolution of the distribution of attitudes in different scenarios: A: εa = εf =
0.25, B: εa = 1.0, εf = 0.25, and C: εa = 0.25, εf = 1.0

equally distributed. For the case of no binding restriction on the attitude level
we hypothesize that if equally distributed attitudes are assumed, we always end
up with equally sized majorities.
In our last analysis (see Figure 4) we take a closer look at the case that
the selective exposure is equal on both levels, at the attitude level and at the
feature evaluation level, i.e. εa = εf = ε. We vary ε between 0.1 and 0.8. This
gives us a much better insight regarding the range of the parameter for selective
exposure, where polarization or consensus can be expected. For creating the plot
we did some transformations. For each distribution we normalized the values by
dividing all cells by the maximum value of all cells. From Ben-Naim et al. (2003)
we know that minorities are typically 3 · 10−4 , while majorities are much larger.
We use the threshold 0.001 to discriminate between majorities and minorities.
Doing this one should keep in mind that majorities can be rather small. And in
fact, in some scenarios they get rather small, e.g. the central cluster or majorities
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Fig. 3. Evolution of the distribution of attitudes in different scenarios. Left column
represents cases where initial evaluations of features are equally distributed and thus
attitudes follow a triangular distribution, while second column represents cases with
equally distributed initial attitudes.

that are close to the extremes, where already at the beginning of the dynamics
there are only small probability masses due to he triangular distribution. Since
Figure 4 marks every majority with a dot, these very small majorities look like
large majorities. In Figure 4 we observe that for the scenario where selective
exposure works on all levels, polarization indeed appears for larger parameter
values, ε > 0.25. If we consider equally distributed initial attitudes we even get
polarization for some ε > 0.35.

5

Conclusion

In this paper we extended simple models of the social formation of attitude by
the aspect of multidimensionality of single attitudes. We introduced the idea
of hierarchical selective exposure, which means that when selecting interaction
partners and issues first select at a rather general level and in case of selection
they step-wise go down in the hierarchy to more specific partners or issues. This
model removes a rather heroic assumption of previous models of multidimensional opinion dynamic models, which assume that before selecting a partner
both partners have perfect knowledge about all of the other’s beliefs and atti-
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Fig. 4. Bifurcation diagrams for varying εa = εf from 0.1 to 0.8. Left: initially equally
distributed feature evaluation, Right: initially equally distributed attitudes

tudes. We have demonstrated that our extension can explain a systematic drift to
more extreme attitudes. Polarization that was previously usually not expected
for parameter of selective exposure beyond 0.25 can occur systematically for
values way beyond this threshold.
For future work one could split the concept of impressions regarding features
into beliefs about the presence of features and evaluations of these features.
Agents might interact regarding both of these aspects. Agents could affect their
beliefs without necessarily affecting their values assigned to specific attributes.
Furthermore, applying this idea to more complex interaction rules, e.g. relative
agreement model, would probably be of interest.
Acknowledgments. Many thanks to Sylvie Huet and Guillaume Deffuant for their
very helpful suggestions regarding the model and its analysis.
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Effects of Mass Media and Opinion Exchange on
Extremist Group Formation
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Abstract. Contemporary communication technologies are thought to facilitate
the growth of the small autonomous terrorist groups indicative of ‘modern’ terrorism. In this study, the Animal Liberation Front provides an example of a culturally distinct organisation from which an extremist force—the Animal Rights
Militia—emerges to pose the threat of violence. Agent-based modelling is used
to simulate this emergence, and subsequent dynamics, under a variety of conditions. The simulation model not only implements local opinion exchange within
a population, but also the polarising effect of mass media. Results show the significance of mass media, of limits on the cell size that are independent of the
policing efforts, and the impact of societies with rapid population turn over, such
as are found near universities.
Keywords. Agent-based simulation of social phenomena, cultural dynamics, opinion dynamics.

1 Introduction
The autonomous nature of small, terrorist networks or cells is indicative of ‘modern’
terrorism—a terrorist movement that does not need a hierarchical command structure,
but instead simply the dissemination of goals, guidelines and ideologies. Modern communication technologies, the Internet in particular, easily facilitate such cultural transactions. This is a trend that can only become more widespread, and so it is important
for us to understand how these cells may develop and the factors that may aid or hinder
their growth.
In this study, we attempt to provide an insight into the proliferation of extremist violence from within a culturally distinct group. We create a model, the TerrorPlex, which
simulates the emergence of terrorist groups and the subsequent population interaction
dynamics on the individual and group level. A range of factors are explored within the
model, including the impact of mass media, the nature of cell structures (particularly
size limits) and the impact of population turnover, such as is found around universities.
The group chosen for this study is the Animal Liberation Front (ALF), a trans-global
collective of individuals largely united by an opposition to animal testing. The ALF is
not in itself a violent movement, but the assumption can be made that the Animal Rights
Militia (ARM), which has claimed responsibility for numerous acts of violence, consists of extremist ALF members intent on recruiting into secretive groups other ALF
members who exhibit an extremist bent. This arrangement is thought to be typical of
terrorist organisations, many of which might be seen as a more significant threat than
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the ARM. However, the ALF/ARM are relatively accessible for study, and the ARM do
meet technical definitions of a terrorist group. The aims and rules of the ALF are readily available1 , enabling individuals and small groups to follow the ALF agenda whilst
retaining autonomy. Guidelines even recommended size limits for activist groups.
This degree of transparency can be logically credited to the relative mildness of
ARM actions. In Great Britain, Animal Rights activists are not responsible for attacks
involving high-grade explosives and resulting in the death of targeted persons. From
a sociological perspective, this is unlikely to change (see Taylor [10]) due largely to
the emotional values that usually provide the impetus for involvement with the animal
rights movement or similar issues.
Although one may face opposition when attempting to label the ARM as ‘terrorist’,
their modus operandi is similar to that of the autonomous networks that are indicative
of modern terrorism. We may define any sub-national group as terrorist if it performs
premeditated actions that are:
a)
b)
c)
d)

Politically or ideologically motivated,
Targeted against non-combatants,
Violent or destructive, and
Executed in a clandestine manner.

The ARM is clearly encapsulated by this definition and it is hoped that the results of
this study may be extended to other groups which—while operationally similar—have
a tendency for more extreme violence.
Another culturally distinguishable group modelled in the TerrorPlex simulation is
Pro-Test. This is the pro-animal-testing movement which emerged during 2006 in response to the campaigns waged by the ALF. In our model, any agent ‘in favour’ of
animal testing is identified as Pro-Test, broadly reflecting the similar autonomy to be
found within the ALF.
To better understand the dynamics underlying the growth of terrorist organisations,
we chose to build an Agent-Based Model (ABM). After a review of ABM frameworks
available, the Java distribution of RePast [9] was selected. The basic principles for the
agent interaction were derived from the published ALF guidelines and other externally
documented factors pertaining to clandestine and terrorist groups.
This paper provides a brief description of the simulation model, comprising of a
simply definable environment and agent attributes. We shall then cover functionality of
the particularly pertinent features of opinion exchange and recruitment, before detailing
how a mass media influence is implemented. We then review key results, including
circumstances in which the ALF ‘self annihilates’. Readers at any time seeking further
clarity and a more broad range of recorded experiments are directed to Butler [3]. Code
for the TerrorPlex is available on demand from the web or by request from the authors.
1

The Animal Liberation Primer by Animal Liberation Front Information Services is available from: http://www.animalliberationfront.com/ALFront/ALFPrime.htm [Accessed 21 June
2007].
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2 The TerrorPlex Model
We present an ABM by first specifying the environment, then the agents’ characteristics
or state, and finally the agents’ behaviour [2].
2.1 Environment
During runtime, the model is viewed as a two-dimensional grid, but is in fact a threedimensional torus, or ‘doughnut’ shape. The world inhabited by the agents is not the
conventional physical-proximity model used to such great effect by pioneers such as Epstein and Axtell [5]; it is a metaphysical domain intended to acknowledge the pervasiveness of modern communication technologies. The metaphysical arrangement represents
an environment where each agent has a number of neighbours with which it communicates regularly. The proximity is not necessarily representative of a physical closeness,
but rather a psychological familiarity. In this way, the simple model accommodates a
range of social interactions, with neighbouring agents potentially representing school
friends, work colleagues, family and household members, as well as Internet chat room
or notice board associates.
The effect of the Internet in particular is highly contested as either a moderating or
polarising force. It was noted that, whilst it would be difficult to identify cases where
the Internet has resulted in an individual turning to violence, it would be impossible to
gauge how many have been turned from violence by the same medium. We handle the
impact of mass media differently from the social network, as will be discussed below
under “agent behaviour”.
2.2 Agent Characteristics
Agents within the simulation are objects. As such, they are endowed with a number
of attributes which constitute something akin to a ‘personality’, plus other attributes
used for housekeeping functions. Personality attributes are randomly generated numeric
values that fall between 1 and 100. These are identified as Law; an agent’s inherent
respect for law and order, and Pacifist, which represents the agent’s pacifism. We may
call these fixed parameters, since once set, these values remain constant for the duration
of an agent’s lifespan. Law and Pacifist play an important role when used in conjunction
with a measure of personal isolation for discerning an agent’s suitability for recruitment
into an extremist group. Broadly then, an agent’s tendency towards violent action can
be calculated like so:
Isolation
(1)
T endency =
Law × P acif ism
What we refer to as ‘housekeeping’ attributes are necessary for controlling the simulation and include, for example, those which identify whether an agent is an ALF
member, describe an agent’s location, and maintain a record of any groups to which an
agent belongs. In this model, an agent’s position is another example of a fixed parameter, whereas details of membership can be classed as dynamic, since these may vary
throughout the course of a simulation.
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Table 1. Agent attributes
Attribute
x
y
law
pacifist
isolation
myGroup
lifetime
myDuration
isProTest
isALF
isActive
CIS

Type
integer
integer
integer
integer
integer
integer
integer
integer
boolean
boolean
boolean
int array

Table 2. Cultural thresholds
No. of 1s Cultural Type Colour
<2
2-7
>7

Pro–Test
Neutral
ALF

Blue
Green
Red

Cultural Identity To describe the views of an agent in relation to animal testing, we
employed a Cultural Identity String, or CIS. The CIS is an integer array consisting of
a binary pattern, which is at the core of opinion exchange within the model. For each
agent, this array is randomly generated when the agent first enters the simulation. Three
conditions may arise from the content of this full dynamic parameter. With respect to the
animal testing debate, an agent which has a large majority of 0s in its CIS is designated
as Pro-Test, a large majority of 1s means ALF, and a mixture of values within upper
and lower bounds indicate that an agent is Neutral.
2.3 Agent Behaviour
On each cycle of the TerrorPlex simulation, agents engage on a course of behaviour dependent on their cultural identity. Behaviour includes the exchange of opinion and, for
some agents, recruitment. For example, ALF agents maintain their cultural identity by
not updating their own opinion in accordance with their neighbours. However, if their
tendency towards violent action increases to a pre-defined threshold then they become
activist agents. Agents undergo an increased propensity for violence if they become
more isolated or if the terror gradient increases. The terror gradient is calculated periodically and is a measure of the difference in the prevalence of terrorist activity between
two points in time. Neutral agents possess a more substantial behaviour repertoire. They
may assimilate the cultural identity of neighbours, incorporate mass media opinion and
potentially develop an affiliation with Pro-Test or the ALF.
Opinion Exchange Opinion exchange within the model is achieved on a local basis
with net effects propagated—where applicable—throughout the agent population. The
mechanism for these exchanges is known as tag-flipping, described by Epstein and Axtell [5]. An agent eligible for interaction compares the value held at a randomly selected
location within its CIS with the corresponding value in each eligible neighbour’s CIS.
If the majority of neighbouring agents share the same value, then no change is made.
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However, if most neighbours have a different value for the particular CIS location, then
the agent flips its own value to match the neighbouring majority.
Deffuant et al. [4] provide a model for opinion exchange between agents in which
a threshold governs whether an exchange is made. If two agents have an opinion that
differs by a margin exceeding the threshold, then no exchange of opinion is possible.
They call this ‘bounded confidence’. A threshold, per se, is not used here but rather
the social divisions or cultural thresholds that are implied by the makeup of agent’s
CIS string. These divisions are essential aspects of our model. Further to dictating an
agent’s behaviour, they may act as barriers to communication, so that neutral agents
may—given certain parameters—identify ALF and Pro-Test agents as beyond the scope
of their cultural interactions. Similarly, ARM agents are always omitted from opinion
exchanges as the secrecy of such individuals would be closely guarded.
Recruitment Gould [6] states that the process whereby individuals become involved in
movements through people whom they know, is one of the “most frequently cited facts
about social ties and activism”. It will come as no surprise then, that the recruitment of
ALF agents into activist groups by ARM agents plays a pivotal role in our simulation.
A very small proportion of activist agents come to exist in the model under their own
volition (see above). ALF agents whose tendency towards violent action reaches a predefined ‘conversion’ threshold become ARM agents. These individuals are responsible
for recruiting ALF agents into their clandestine groups, and in turn the recruited become
the recruiters. A more complete model could provide mechanisms for group norms and
polarisation, but that is beyond the scope of the present work2 .It should be noted at
this point, that although ARM agents must actively recruit ALF agents, there is no
such requirement for an agent to become culturally Pro-Test or ALF. This is justifiable
since Pro-Test members and (non-ARM) ALF sympathisers do not operate illegally,
and so are not obliged to exercise the degree of secrecy that the ARM must do to avoid
prosecution.
For an agent to be recruited into an ARM group, several conditions must be met:
1. There must be communication (physical or virtual) between both parties.
2. There must exist mutual trust between these two, although not necessarily between
the new member and all existing group members.
3. The person being recruited must be known to share the same ideologies as those of
the group.
4. Based upon the person’s ideologies and other attributes, it should be deemed likely
that they would wish to become part of the group.
5. The group must want a new recruit.
These rules are met within the simulation as follows:
Communication may exist between agents who are classed as ‘neighbouring’ in the
radial catchment area within the social space defined by the environment and described
2

Berry et al. [1] present an interesting paper in which entire cliques are eligible for conversion
to terror when their ‘disgruntlement’—calculated as an average over all members—exceeds
some threshold.
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earlier. Parameters for the catchment—either von Neumann or Moore neighbourhood
methods (see below) and the length of the radius—are controlled through the interface.
Mutual trust is established between two agents after having been neighbours for a
pre-defined number of simulation cycles. This may appear to be a rather crude approach
to a very complex notion, but one must recall the nature of the simulation space; agent
proximity represents an emotional connection. Therefore, it should not be too unreasonable to assume that a prolonged period of emotional familiarity may engender a degree
of trust between two parties.
As human beings are adept at assessing others’ values through contextual, conversational and visual clues, ARM agents are able to identify those neighbours who share
ALF ideologies by direct access to the variable state.
The likelihood that an agent could be recruited is represented by their tendency
towards violent action. This is a personal attribute, but if we have already said that
mutual trust exists, then we can suppose that such knowledge has been accumulated
by the recruiting party. An existing ARM agent will access the ‘tendency’ value of a
potential recruit and if it falls below a set threshold then the ALF agent is eligible for
recruiting.
ARM agents accept suitable recruits until the membership quota of their cell (if any)
is met.
2.4 Mass Media
With careful definition of the agent space, we have implicitly managed of one aspect
of modernity—communication technologies—by not restricting ourselves to an environment of physical proximity. Also to be considered is another phenomenon unique
to recent history; mass media. The effects of mass media cannot be handled as conveniently as modern communication devices, but demand an explicit solution. Indeed,
without such an approach, we would be unable to exercise any convenient control over
the behaviour of mass media within our model and thus analyse recorded variations.
Mckeown and Sheehy [8] build upon the bounded confidence model [4] by introducing a second mechanism for mass communication. This mechanism involves the
interaction of a fixed opinion, representing a media source.
Because our study concerns the two opposing forces of ALF and Pro-Test, it is
sensible that we incorporate two corresponding media opinion sources. These are essentially two CIS elements, but deliberately and statically biased in opposite directions.
The TerrorPlex simulation by default asserts a probability of 0.7 that the binary values
will be 0 for one media source, and a probability of 0.3 for the other source. Wherever
possible, randomising functions are used. When the mass media functions are enabled,
an agent will incorporate one of these media sources into the tag-flipping exercise as
though it were a neighbouring agent. Whilst a neutral agent will liberally select at random a media source to assimilate, ALF and Pro-Test agents will not be so indiscriminate. These agents will ignore the media source which does not represent their cultural
identity, thus facilitating the reinforcement of ideologies that is found to act within
groups.
To add realism to our model, we have employed an innovative approach to mass media representation by harnessing the power of feedback. To paraphrase Wardlaw [11],
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when terrorism becomes institutionalised, the perceived significance of terrorist acts
is reduced. Therefore, it may follow that the effect of media bias upon an individual
will be less if violent acts are routinely reported. Indeed, if violence becomes commonplace, it may not be reported at all. With this in mind, a ‘terror gradient’ has been
implemented whereby the media presence in an agent’s tag-flipping routine is weighted
in accordance with the relative change in terrorist activity from one period to another.
A significant change in activity will herald a more significant effect upon the routine.
For our purposes, we shall say that there is a direct correlation between the number of
activist agents and the prevalence of terrorist acts.
2.5 Simulation Execution
At run-time, an initial representation of the model is created. Data channels are defined
for both real-time graphical output and the recording of simulation data for analysis.
These channels are updated upon each cycle. Elements recorded to disk are the number
of ARM, ALF, Pro-Test and Neutral agents, plus tag-flipping activity, the number of
ARM groups and the terror gradient.
Every aspect of the model has a default value within the code. However, the majority of these may be changed through the user interface. Before execution then, the user
can easily change parameters which include environment size, population size, whether
mass media is present, and the range of an agent’s view. One may also express a preference for either a von Neumann or Moore neighbourhood method [7]. The von Neumann
method searches for neighbouring agents in the North, South, East and West directions
only, so that given a range of one, the maximum number of neighbours would be four.
Moore, however, includes the diagonal directions North-East, South-East, South-West
and North-West, potentially yielding eight neighbours when given the same range.
Table 3. TerrorPlex simulation parameters
Parameter

Type

Entry

Population
GridSize
RestrictGroupSize
MassMedia
NeighbourMethod
Range
IgnoreOtherCultures
Respawn
StepLimit

Integer
Integer
Boolean
Boolean
Integer
Integer
Boolean
Boolean
Integer

Direct
Direct
Check–box
Check–box
Drop–down List
Direct
Check–box
Check–box
Direct

The three-dimensional torus environment is generated and projected onto the screen
as a grid, and this is populated with a randomly positioned agent population. Each agent
object is instantiated with its attributes as described earlier.
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A schedule is defined which asserts that each agent shall undergo one of several
behavioural routines (also described earlier) once every cycle. Which routine is selected
will depend upon the cultural identity of an agent and any relevant parameters. The
program does not iterate through a sequential list of agents, but rather a list that is
randomised at the beginning of each cycle. The schedule also ensures that the terror
gradient is calculated at regular intervals.

3 Results
The experiments we conduct provide a substantial dataset supporting interesting realtime observations. The most noteworthy results can be seen in tests for which the
Respawn option is active. Respawn regularly replenishes the agent population by removing those who have reached their assigned lifespan and reintroducing to the simulation an equal number of new agents. Respawned agents are created with their attributes being randomly-assigned under the same rules as at simulation startup. When
this option is not in use, the population stagnates after relatively few iterations of the
simulation and does not allow us to enjoy the dynamics of changeable social interactions (see Figure 1(d)). Notably, in human societies we also see more social change and
sometimes radicalism come from areas such as university towns where there is a steady
but not overly rapid turn over of population. If turn over is too rapid, trust cannot be
established.
Some expected simulation behaviours were recorded, that include an excellent example of clustering. This occurs where neutral agents are free to interact with ALF and
Pro-Test agents, but the ‘respawn’ option is disengaged. Under these conditions and an
absence of mass media presence, we see that the three cultures achieve a similar abundance within the population in distinctive clusters. In examples where the mass media
mechanism is applied, clustering is still evident, but the number of neutral agents will
dwindle until none remain.
Tests also provided a few surprises. It was shown that placing limits on the size
of activist groups was absolutely necessary for avoiding a saturation of activist agents
within the ALF community. Emergent terror cells in the clustering examples mentioned
above are very sparse when the default group size restriction of 5 is imposed. If the
restriction is lifted however, ARM membership increases to include nearly the entire
ALF contingent. We had originally assumed that the terror cells would be limited in size
by the inherent difficulties involved in recruiting suitable candidates. In real societies,
cell size is also limited by policing, since the larger the number of members, the higher
the probability that the cell is discovered. Adding this probability of discovery into the
TerrorPlex would be interesting further work.
The polarising effect of mass media can be observed throughout the tests as expected. Polarisation of opinion is evident without mass media, but at a much-reduced
rate. An unforeseen phenomenon though, is that of a self-annihilating ALF. What we
witness is the initial growth of both ALF and Pro-Test groups. This may also be accompanied —in the case of unrestricted group size—by a proportional increase in ARM activity or, as we see with low-value size restrictions, a steady increase in ARM numbers.
In either situation, and for other restriction values between these two extremes, there
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(a) mass media, respawn, cell limit of 5

(b) no mass media, respawn, cell limit
of 5

(c) mass media, respawn, no cell limit

(d) mass media, no respawn, no cell
limit

Fig. 1. Plots showing means for 15 runs in each condition. Anti here represents Pro-Test. Mass
media determines whether the two mass media influences are available to agents (see main text.)
In the Respawn condition, each agent is randomly assigned a lifespan of between 0-200 cycles,
otherwise agents enter the simulation only at its beginning. Cell limit indicates the size at which
terrorist cells no longer recruit even if compatible agents are found.
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is a clearly observable phenomenon (see Figure 1). After the initial polarisation into
ALF and Pro-Test groups, there is a period of ‘power sharing’ between the two cultural
identities. This gives way to a divergence of fortunes however, where ALF membership
diminishes suddenly, with Pro-Test agents increasing in number at an equal rate to gain
almost complete consensus. This reduction in ALF members is closely related to ARM
membership and, in fact, is easily explainable by the stipulations that we have made
with respect to the transfer of cultural identity.
For reasons of personal security, ARM activists exist outside of the normal social
context. As such, they are omitted from the cultural view of other agents. A ‘neutral’
agent, when assimilating its neighbours’ culture, will not involve an ARM activist, but
will involve an ALF member. If there is a situation where the ARM population has
increased to a majority of the ALF population, then an agent involved in cultural exchange will have mostly other neutral agents and Pro-Test agents to engage with. This
imbalance quickly leads to a simulation space dominated by Pro-Test agents. The proliferation of ARM activists has effectively led to the annihilation of the entire ALF
movement.
As mentioned, tests have also demonstrated the importance of size restrictions upon
ARM groups, showing that they have a tendency to balloon in size where restrictions
are not in place. Herein lies a surprising and interesting relationship: The sustainability
of the ALF population actually increases with the application of more stringent restrictions on ARM group size. Far from aiding the growth of the ALF, the presence
of ARM agents causes a decline by increasing the probability of media attention, but
concurrently removing culturally influential ALF members (those that have now turned
to activism). In the TerrorPlex simulation, the ALF population is only able to compete
with Pro-Test if the number of activist agents is kept low.

4 Conclusion
Beginning with just a simple definition of agent behaviour, we have been able to create
a fertile simulation environment which enables us to explore emerging culturally complex scenarios for modelling terrorist recruitment and other sorts of ideological social
affiliative behaviour.
Local opinion exchange—enhanced with the concept of bounded confidence—has
been developed with the addition of polarised mass media sources. This mass media influence has been further advanced with a dynamic terror gradient which enables cultural
changes within the agent population to be fed back into the model.
The element of feedback has, in turn, led to some fascinating results that include an
example of how autonomous terrorist networks can, through their own prosperity, cause
a cultural imbalance which leads to the eventual demise of not just the terrorist faction
but the entire movement.
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Abstract. We study the effects of different forms of information feedback associated with mass media on an agent-agent based model of
the dynamics of cultural dissemination. Two mechanisms of information
feedback are investigated: (i) direct mass media influence, where local
or global mass media act as an additional element in the network of interactions of each agent, and (ii) indirect mass media influence, where
global media acts as a filter of the influence of the existing network
of interactions of each agent. Our results substantiate previous findings
showing that cultural diversity builds-up by increasing the strength of
the mass media influence. We find that this occurs independently of the
mechanisms of action (direct or indirect) of the mass media message.
However, through an analysis of the full range of parameters measuring
cultural diversity, we establish that the enhancement of cultural diversity
produced by interaction with mass media only occurs for strong enough
mass media messages. A main different result is that weak mass media
messages, in combination with agent-agent interaction, are efficient in
producing cultural homogeneity. Moreover, the homogenizing effect of
weak mass media messages are more efficient for direct local mass media
messages than for global mass media messages or indirect global mass
media influences.1

1

Introduction

In an influential paper, Robert Axelrod [1] addressed the question
if people tend to become more alike in their beliefs, attitudes, and behavior when they interact, why do not all differences eventually disappear?.
To investigate this problem, Axelrod introduced an agent-based model to explore
mechanisms of competition between the tendency towards globalization and the
1

This article was published in the Journal of Artificial Societies and Social Simulation:
http://jasss.soc.surrey.ac.uk/10/3/9.html
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persistence of cultural diversity (see the applet http://ifisc.uib.es/research topics
/socio/culture.html). Culture in this model is defined as a set of individual attributes subject to social influence. The state of an agent is described by a set
of F cultural features, each with q possible values or traits. The parameter q
gives a measure of initial culture diversity for a random distribution of trait
values. The local interaction between neighboring agents follows two basic social principles. The probability of interaction is determined by a principle of
homophily: it is proportional to the cultural overlap between the agents, that is
to the amount of cultural similarities (number of features) that they share. The
result of the interaction is determined by a principle of social influence, so that
similarity is enhanced when interaction occurs. In a typical dynamical evolution, the system freezes in a multicultural state with coexisting spatial domains
of different cultures, illustrating how a simple mechanism of local convergence
can lead to global polarization. Later systematic studies of Axelrod’s model have
identified a globalization-polarization transition depending on the value of q for
a fixed F [2–6]. There is a threshold value qc such that for q < qc globalization
(cultural homogeneity) occurs, while for q > qc a persistent multicultural state
(polarization or cultural diversity) is reached.
Several extensions of this model have been investigated, some of them already suggested in Axelrod’s paper. For example, it has been shown that frozen
polarized configurations are not robust against cultural drift modelled as random
perturbations [3]. Other extensions include the consideration of quantitative instead of qualitative values for the cultural traits [7], the extension of the model
to continuous values of the cultural traits and the inclusion of heterophobic interactions [8], the simulation of technology assimilation [9], the consideration of
specific historical contexts [10], or the effect of a fixed external cultural influence
[11]. A number of works have addressed the issue of the role of the social network of interactions. The existence of long range links of interaction in a social
network with a small world structure naturally promotes cultural globalization
[12]. However, a study of the increase in the range of interaction [13] suggests
that an increase in communication promotes the emergence of a global culture,
but it can also function to maintain areas of cultural uniqueness. A related question is the co-evolution of the social network of interaction and the dynamics of
cultural changes, so that possible social interaction are not fixed from the outset
[14]. Within this general context of the studies of the effects of different forms
of social interactions, Shibanai et al.[15] considered the process of information
feedback into the social system. Such feedback mechanism is one of the functions
of mass media. From a general perspective, this question can be addressed as
the competition of local agent interactions with mechanisms of global coupling
[16]. Shibanai et al. concluded that
mass media, contrary to lay beliefs of their strong uniforming power,
would rather contribute to creating differences in the long run.
This result is certainly surprising since mass media are believed to be powerful
instruments to influence people’s attitudes and opinions to homogenize society.
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Conclusions in reference [15] are based on the analysis for a single value of the
parameter q. In this paper we consider the full range of values of q when addressing the general question of the effects of different forms of information feedback
on cultural dynamics in the framework of Axelrod’s model. We consider information feedback mechanisms as different types of mass media influences acting
on a social system. This extension of Axelrod’s model was referred to as “public
education and broadcasting” [1]. Our aim is to explore mechanisms, and their
efficiency, by which mass media modifies processes of cultural dynamics based on
local agent interactions. We investigate two main mechanisms that differ on how
the information feedback affects the agents [15]: (i) direct mass media influence,
and (ii) indirect mass media influence. In the first case, mass media acts as an
additional element in the network of interactions of each agent. As applications
of direct mass media influence we study models of global and local mass media
and compare their effects on the system. In the second feedback mechanism,
mass media acts as a moderator or filter of the influence of the existing network
of interactions of each agent. The assumption of this second model is that mass
media have indirect influential power which reinforces the effect of personal networks. In particular, we focus on a model of indirect influence of global mass
media.
We deal with states of the agents and mass media influences described by
vectors whose components can take discrete values. We consider mass media
influences that originate endogenously but can act either directly or indirectly
on the system. In the first case, the agent-agent interaction and the interaction
of the agents with the mass media are two independent processes and both are
based on the same homophily and social influence principles of Axelrod’s model.
This scheme constitutes a model for a social system interacting with global
or local mass media that represent endogenous cultural influences or plurality
information feedback at different levels. In the case of indirect action, agentagent interactions is not independent of the state of global mass media, the
interaction being reinforced when the states of the agent and mass media message
are connected.
Our results support those of Shibanai et al. [15] showing that cultural diversity builds-up by increasing the probability of interaction of the agents with the
mass media. This occurs independently of the form of action (either direct or
indirect) of the mass media message. However, we find that cultural diversity is
only promoted by strong enough mass media messages, while weak mass media
messages, in combination with agent-agent interaction, are efficient in producing cultural homogenization. Moreover, this homogenizing effect in the way to
globalization turns out to be much more efficiently implemented by direct local
mass media messages, as for example local or regional TV (narrowcast) than by
direct global mass media messages as worldwide TV channels (broadcast), or
by an indirect influence of global mass media as in a filtering process of local
interactions.
The model of direct mass media influence, including the description of the
local and global mass media, is presented in Section II. This section shows the
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effects of the direct action of these two types of mass media. We describe different
effects occurring in the culturally homogeneous state of the system (q < qc )
as well as in the multicultural state (q > qc ). Section III describes the model
of indirect global mass media influence and the effects of this mechanism in
the collective states of the agents. Section IV contains the conclusions of our
work, including a comparison of the effects of the different models of information
feedback that we have considered.

2

Models of direct mass media influence

We consider a system of N agents at the nodes of a two-dimensional regular
lattice. The state ci of agent i is defined by a vector of F components σi =
(σi1 , σi2 , . . . , σiF ). In Axelrod’s model, the F components of ci correspond to the
cultural features (language, religion, etc.) describing the F -dimensional culture of
agent i. Each component σif can take any of the q values in the set {0, 1, . . . , q−1}
(called cultural traits in Axelrod’s model). As an initial condition, each agent
is randomly and independently assigned one of the q F possible state vectors
with uniform probability. We introduce a vector M representing the mass media
message, with components (µi1 , µi2 , . . . , µiF ). We distinguish two types of direct
mass media influences, schematically shown in Fig. 1.

B

B

M
a)

M
b)

Fig. 1. Diagrams representing two types of direct, endogenous mass media influences
acting on the system. a) Global mass media. b) Local mass media.

(i) The global mass media is spatially uniform and may vary in time. Each µif
is assigned the most abundant value exhibited by the f -th component of the state
vectors of al the agents, which we denote by µf . If the maximally abundant value
is not unique, one of the possibilities is chosen at random with equal probability.
In this type of influence the same global information is feedback to each agent at
any given time. The components of M may change as the system evolves. In the
context of cultural models, this represents a global mass media influence shared

470

1

1

0.8
0.8

g

g

0.6
0.6

0.4
0.2
0

0.4

0

20000

40000

time

0

20000

40000

time

Fig. 2. Evolution of g in a system subject to a global mass media message for different
values of the probability B, with fixed F = 5. Time is measured in number of events
per site. System size N = 50 × 50. Left: q = 10; B = 0 (crosses); B = 0.0005 (squares);
B = 0.15 (diamonds); B = 0.6 (circles). Right: q = 30; B = 0 (crosses); B = 0.0005
(squares); B = 0.005 (circles); B = 0.1 (diamonds).

identically by all the agents and containing the most predominant trait in each
cultural feature present in a society (a “global cultural trend”) [15].
(ii) The local mass media, is spatially non-uniform and non-constant on time.
Here the component µif is assigned the most frequent value of the f -th component of the state vectors of the agents belonging to the von Neumann neighborhood of agent i. If there are two or more maximally abundant values of component f one of these is chosen at random with equal probability. This type of
influence can be interpreted as a local mass media conveying the “local cultural
trend” of its neighborhood to each agent in a social system.
Systems subject to either local or global mass media describe social systems
with endogenous cultural influences. Cultural influences generated endogenously
represent a plurality information feedback, which is one of the functions of mass
media [15], but this can occur at a global (”broadcast”) or at a local (”narrowcast”) level.
The strength of the coupling to the mass media is controlled by a parameter
B ∈ [0, 1] that measures the probability of interaction of the agents with the
mass media message. We shall assume that B is uniform, i.e., the mass media
influence reaches all the agents with the same probability. The parameter B
can be interpreted as the probability that the mass media message attracts the
attention of the agents in the social system. The parameter B takes into account
factors of the mass media influence that can be varied, such as its amplitude,
frequency, attractiveness, etc. At any given time, we assume that any agent can
either interact with the mass media message or with other agents in the system.
Each agent in the network possesses a probability B of interacting with the
message M and a probability (1 − B) of interacting with its neighbors.
Formally, we treat the mass media acting on each agent i as an additional
neighbor of i with whom an interaction is possible. The mass media message is
represented as an additional agent φ(i) such that σφ(i)f = µif in the following
definition of the dynamics. The dynamical evolution proceeds iterating the fol-
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lowing steps:
(1) Select at random an agent i on the lattice (called active agent).
(2) Select the source of interaction j. With probability B set j = φ(i) as an
interaction with the mass media vector. Otherwise, choose agent j at random
among the four nearest neighbors of i on the network.
PF
(3) Calculate the cultural overlap (number of shared features) l(i, j) = f =1 δσif ,σjf .
If 0 < l(i, j) < F , sites i and j interact with probability l(i, j)/F . In case of interaction, choose h randomly such that σih "= σjh and set σih = σjh .
(4) Update the mass media vector M if required. Resume at (1).
The role of mass media can be seen as an additional neighbor of each agent
i with whom an interaction can take place. This “fifth” neighbor competes with
the other four neighbors to influence an active agent i. B is the probability of
capturing the attention of any agent to interact with either the global or the local
mass media message M . The effect of that interaction on each agent depends on
the specific cultural overlap between the agent and the message M . The total
probability to interact with the mass media is BpiM , where piM = l(i, M )/F , and
l(i, M ) is the overlap between agent i and the message. On the other hand, the
active agent i has a probability 41 (1 − B)pij to interact with a randomly chosen
neighbor j. Therefore, the parameter B weights the influence of the mass media
with respect to the influence of the neighbors on an agent i. This dynamics is
based on the same principles of Axelrod’s model, namely homophily or similarity
and social influence. But now the agents interact either between them or with
M. The competition of these interactions in measured by B.
To characterize the collective final state reached by the dynamics, we calculate the average fraction of cultural domains g = #Ng $/N . A cultural domain
is a set of contiguous sites with identical cultural traits. Ng is the number of
cultural domains formed in the final state of the dynamics for a given realization
of initial conditions. A culturally homogeneous state is characterized by values
g → 0. When the system settles into a culturally diverse state we have #Ng $ ≫ 1.
Our numerical results in this work are based on averages over 50 realizations for
systems of size N = 50 × 50, and F = 5.
Figure 2 shows the average fraction of cultural domains g as a function of
time under the direct action of global mass media, for two values of the number
of traits q with F = 5, and for different values of the probability B. Fig. 2
(left): for small values of q the system reaches a culturally homogeneous state in
absence of mass media influence (B = 0) and also for small values of B. When
the probability B increases, we see that global mass media is able to induce
cultural diversity in the system. This result agrees with the results obtained by
Shibanai et al. [15] about the ability of global mass media to induce cultural
diversity in the system (g "= 0). However we observe in Fig. 2 (right) that, for
larger values of q, where the system would be in a culturally polarized state
with no mass media influence (B = 0), small values of the probability B can
reduce the number of cultural groups. Effects similar to those shown in Fig. 2
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Fig. 3. Asymptotic value of the fraction of cultural domains g as a function of q, for
different values of the probability B and for different types of mass media influences.
B = 0 (diamonds); B = 0.0005 (solid squares, direct global mass media); B = 0.6
(empty squares, direct global mass media); B = 0.0005 (solid circles, direct local mass
media); B = 0.1 (empty circles, direct local mass media).

are observed when a local mass media message interacts with the system. We
therefore conclude that mass media can increase or decrease cultural diversity
depending on the value of the parameter q.
A global picture of direct mass media influences is provided by Figure 3,
which shows the asymptotic value of g for long time as a function of q, with
F = 5, for different values of the probability B. In absence of any mass media
influences (B = 0) there is a threshold value of the number traits qc ≈ 25,
such that for q < qc dynamical evolution always leads to one of the possible
q F homogeneous states (g → 0). On the other hand, for values of q > qc , the
behavior of the system changes and it settles into a multicultural state when
B = 0. When the probability B is increased, the threshold value of q decreases.
There is a value qc (B) below which the system still reaches in its evolution a
homogeneous cultural state (g → 0) under the action of any of these mass media
messages.
Figure 4 shows the spatial configurations of the final states of the system
subject to a global mass media message, when q < qc . In the absence of mass
media influence, i.e. B = 0, the system settles into any of the possible q F homogeneous cultural states. When the probability B is increased, the system is
driven towards a homogeneous cultural state that depends on the evolution of
the global mass media from the initial conditions. Thus, for small values of B,
global mass media contributes to maintain a globalized state in the system, as
one may expect. However, there is a value of the strength B above which there is
no convergence to a homogeneous state, but a state of cultural diversity emerges
in the system. A similar behavior is observed when the system is under the influence of local mass media. These results describe for q < qc a transition at a
threshold value of B from a culturally homogeneous state to a state of cultural
diversity characterized by an increasing number of cultural domains as B is in-
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Fig. 4. Asymptotic cultural configurations for different values of the probability B for
a direct global mass media influence, for F = 5, q = 10, and N = 50 × 50. Top left:
B = 0; top right: B = 0.01; bottom left: B = 0.1; bottom right: B = 0.9.

creased. Thus, we find the counterintuitive result that for q < qc , above some
threshold value of the probability of interaction, mass media induces cultural
diversity in a situation in which the system would be culturally homogeneous
under the effect alone of local interactions among the agents.
Figure 5 shows qc as a function of B. The threshold value qc for each type of
media decreases with increasing q for q < qc . In each case, the threshold curve qc
versus B in Fig. 4 separates the region of cultural diversity from the region where
homogeneous, monocultural states occur on the space of parameters (B, q). For
values of B above this curve, the interaction with the mass media dominates over
the local interactions among the individual agents in the system. Consequently,
agents whose states exhibit a greater overlap with the state of the mass media
have more probability to converge to that state. This process contributes to
the differentiation of states between neighboring agents and to the formation of
multiple cultural domains in the system for large enough values of the probability
B.
When there are no mass media influences (B = 0), the system always freezes
into culturally polarized states for q > qc . Figure 3 shows that the effect of
mass media for q > qc depends on the magnitude of B. For the two types of
mass media messages that we consider, small values of B produce a drop in g to
values below the reference line corresponding to its value when B = 0. Thus, the
limit B → 0 does not recover the behavior of the model with only local agentagent interactions. The fact that for small values of B the interaction with mass
media promotes cultural homogeneity is related to the non-stable nature of the
inhomogeneous states in Axelrod’s model. When the probability of interaction B
is very small, the action of mass media can be seen as a sufficient perturbation
that allows the system to escape from polarized states with frozen dynamics.
The role of mass media in this situation is similar to that of cultural drift [3].
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Fig. 5. Threshold boundaries qc (B) vs. B for q < qc corresponding to the global and
mass media. Each line separates the region of cultural diversity (above the line, in grey)
from the region of a global culture (below the line) for direct global (circles) and local
(triangles) mass media influences.

The drop in the asymptotic values of g for small values of B from the reference
value (B = 0) that is observed for the local mass media in Fig. 3 is much
more pronounced than the corresponding drops for global mass media. This can
be understood in terms of a greater efficiency of a local mass media influence
as a nonuniform perturbation that allows the system to escape from a frozen
inhomogeneous configuration. Increasing the value of B results, in both types
of mass media, in an enhancement of cultural polarization in the system, but
the local mass media always keeps the amount of cultural diversity, as measured
by g, below the value obtained for B = 0. Information feedback at the regional
level is more efficient in promoting cultural homogenization. Figure 6 shows
configurations reached under the influence of the direct local and global mass
media in the multicultural region q > qc . A smaller number of cultural domains
(smaller g) that for B = 0 are observed for global mass media field. But this
number in much smaller under the action of local mass media field. In addition,
the time to reach the final state is much longer for a local than for a global field
(see Movie 1). Local mass media does not lead to an early frozen state, leaving
room for agent-agent interactions that result in a culturally homogenized state.

3

Model of indirect global mass media influence: the
filtering of local interactions

In this section we analyze a model of global information feedback where the
global mass media acts as a moderator or filter of the local influence of neighbors,
as proposed by Shibanai et al. [15]. In the original Axelrod’s model one feature
with different traits for two neighboring agents is chosen, and the trait of the
active agent is changed to that of the neighbor. This is modified in the model
of indirect global mass media influence analyzed here, taking into account the
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agreement of the chosen trait of the neighbor and that of the global mass media
or the plurality of the population. If the trait of the neighbor is concordant with
the dominant one, that is, the same as that of the global mass media message M ,
the feature of the active agent will be changed to that of the neighbor. But if the
feature of the neighbor is different from that of the global mass media message
M , then, with probability R the active agent will not change. Thus, this model
assumes that agents are more likely to adopt a trait from those neighbors that
are concordant with the plurality.

Fig. 6. Cultural configurations for different values of the probability B for different
mass media influences in the multicultural region, for F = 5, q = 30, and N = 50 × 50.
Left: no mass media B = 0; center: Global mass media with B = 0.0005; right: Local
mass media with B = 0.0005.

We use the definition of a uniform global mass media as in Section II,
M = (µi1 , µi2 , . . . , µiF ). The dynamical evolution of the filter model can be
described in terms of the following iterative steps:
(1) Select at random an agent i on the lattice (active agent).
(2) Select at random one agent j among the four neighbors of i.
(3) Calculate the overlap l(i, j). If 0 < l(i, j) < F , sites i and j interact with
probability pij = l(i, j)/F . In case of interaction, choose h randomly such that
σih "= σjh . If σjh = µh , then set σih = σjh ; otherwise with probability R the
state of agent i does not change and with probability 1 − R set σih = σjh
(4) Update the global mass media vector M if required. Resume at (1).
Figure 7 shows a diagram of the filter model. The parameter R describes the
intensity of the filtering effect of the global mass media on the local interactions.
The case R = 0 corresponds to the original Axelrod’s model, while R = 1 implies
that cultural interaction only causes a change if the chosen trait of the neighbor
was equal to that of the global mass media. The overall probability of interaction
between an active agent i and a chosen neighbor j is pij (1 − R) if the chosen
trait of j is different from that corresponding to M , and pij if the chosen trait
is equal to that corresponding to M .
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Fig. 7. Diagram representing the filter model.

Figure 8 shows the average fraction of cultural domains g as a function of
time in the global mass media filter model, for two values of q with F = 5, and
for different values of the filtering probability R. In Fig. 8 (left), when q < qc the
system reaches a homogeneous state for R = 0 and also for small values of R.
However, when the probability R increases, the filtering influence of the global
mass media can induce cultural diversity. Our results for q < qc support the
results obtained by Shibanai et al. [15] about the ability of the filtering process to
induce cultural diversity in the same fashion as the model with direct global mass
media influence. But comparison with Fig. 2 (left) shows that direct interaction
with global mass media is more efficient in promoting cultural diversity than
the filtering mechanism of agreement with the global plurality. The analysis of
reference [15] was restricted to a single value of q < qc . We have also explored
values of q > qc , where the system would be in a heterogeneous cultural state
in absence of any filtering (R = 0). For these values of q we find (Fig. 8, right)
that the filtering mechanism has no appreciable effects for small R, in contrast
with the case of direct global mass media influence where for small values of
the probability of interaction B with the media message, the number of cultural
groups is reduced as a consequence of this interaction.
A systematic analysis of the filtering effect for different values of q is summarized in Figure 9 which shows the asymptotic value for long times of the average
fraction of cultural domains g as a function of q, with F = 5, for different values
of the filtering probability R. When no filtering acts on the system (R = 0)
the behavior is that of the original Axelrod’s model and also coincides with the
direct mass media models for B = 0.
The effects of the filtering process in the culturally homogeneous region, i.e.,
for parameter values q < qc , is similar to that of a direct influence of endogenous mass media. When the probability R is increased, the threshold value of
q decreases. There is a value qc (R) below which the system still reaches a homogeneous cultural state under the influence of the filter. An increase in R for
parameters q < qc (R) leads to cultural diversity. Thus, both mechanisms of feedback information, either direct or indirect, promote multiculturality in the region
of parameters where globalization prevails in the absence of any feedback. The
similar behavior found for the three types of mass media influences considered
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here suggests that the phenomenon of mass media-induced diversity should be
robust in this region of parameters, regardless of the type of feedback mechanism
at work.
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Fig. 8. Time evolution of the average fraction of cultural domains g in the filter model
for different values of the probability R, with fixed F = 5. Time is measured in number
of events per site. System size N = 50 × 50. Left: q = 10; R = 0 (crosses); R = 0.0005
(squares); R = 0.15 (diamonds); R = 0.6 (circles). Right: q = 30; R = 0 (crosses);
R = 0.0005 (squares); R = 0.005 (circles); R = 0.1 (diamonds).

However, in the region of parameters q > qc where multiculturality occurs for
R = 0 or B = 0, the behavior of the filter model differs from those of the direct
mass media influence. The filtering mechanism has little effect for values of the
probability R < 1. As R → 1 there is a small decrease in the number of cultural
groups formed in the system. But at R = 1 a discontinuity appears: the fraction
of cultural groups g jumps from a value close to the one for R = 0 to a value close
to g = 1 corresponding to maximum multiculturality (number of cultural groups
equal to the number of agents in the system). The case R = 1 corresponds to
an extreme restriction on the dynamics, when no adoption of cultural features
from neighbors is allowed unless the state of the neighbor coincides with the one
of the global mass media. Since we are considering random initial conditions,
when q is large enough, the probability that the features of any agent coincide
with those of the global mass media message M is quite small, making the
convergence to globalization, i.e., a common state with the media, very unlikely.
As a consequence, the random multicultural state subsists in the system and
manifests itself as a maximum value of g. The small probability of interaction
with the global mass media for large values of q when R = 1 is also reflected in
the very long convergence time needed to reach the final multicultural state as
compared with the convergence time for R < 1.
We note that the case B = 1 in the model of direct global mass media
influence is less restrictive than the condition R = 1 in the filter model. Although
local agent-agent interactions produce negligible effects in both cases, in the
model of direct influence, an agent can still interact with the global mass media
when there is some cultural overlap between the agent and the mass media
message.
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4

Conclusions

We have studied the effects of different forms of information feedback on a social system in the framework of Axelrod’s model for cultural dissemination. Two
basic mechanisms of information feedback have been interpreted as models of
direct or indirect mass media influence on the system [15]. For the direct information feedback mechanism we have considered the cases of global mass media
and local mass media influences [16]. The dynamics of direct interaction with
the mass media is based on the similarity or overlap between vector states. Although their origin is different, at the local level the direct global and local mass
media influences act in the same manner, as a “fifth” effective neighbor whose
specific source is not essential. Consequently they produce similar effects in the
system. First, we find the nontrivial result that direct mass media can enhance
cultural diversity, in agreement with the results of [15]: for parameter values for
which the system reaches a global culture due to the local interaction among
the agents, there is a threshold value of the probability of interaction B with
mass media. For values of B above this threshold cultural diversity emerges. This
happens because there is a competition between the consequences of the similarity rule applied to the agent-agent interactions, and applied to the agent-mass
media interaction. This competition leads to the formation of cultural domains
and to polarized states. Secondly, we find another surprising effect: for parameter values for which the dynamics based on the local interaction among the
agents produces a frozen multicultural configuration, very weak directly interacting mass media produces cultural homogeneity. This range of parameters was
not explored in Ref. [15], ad we find here that mass media interaction for q > qc
produces the opposite effect of the one described before. That is, it favors cultural homogenization.The limit B → 0 is discontinuous and the homogenizing
effect for B << 1 occurs because the interaction with the mass media acts as a
perturbation on the non stable multicultural configurations with frozen dynamics that appear for B = 0. As a general result for any value of q, we find that for
small values of B, the interaction with mass media promotes cultural homogenization: for q < qc this interaction preserves homogeneity, while for q > qc it
causes a drop in the degree of cultural diversity in the system as measured by
the average fraction of cultural domain g. We have calculated, for the two types
of direct mass media influences considered, the corresponding boundary in the
space of parameters (B, q) that separates globalization and polarization states.
The spatially nonuniform local mass media has a greater ordering effect than
the uniform global mass media in the regime q > qc . The range of values of B
for which globalization occurs for q < qc is also larger for the nonuniform local
mass media.
The effect of the indirect global mass media influence as a filtering process in
the culturally homogeneous region, i.e., for q < qc , is similar to that caused by a
direct influence of mass media. For small values of the filtering probability R the
system reaches a culturally homogeneous state. For values of R greater than a
threshold value the system converges to a state of cultural diversity. Thus, both
mechanisms of feedback information, either direct or indirect, promote multicul-
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Fig. 9. Average fraction of cultural domains g as a function of q, for different values
of the probability R for the filter model. R = 0 (circles); R = 0.01 (squares); R = 0.1
(triangles down); R = 0.5 (diamonds); R = 0.9 (triangles up); R = 0.99 (stars); R = 1.0
(plus signs)

turality in a region of parameters where it would not be present in the absence of
any feedback. In the region of parameters q > qc where multiculturality occurs
for either B = 0 or R = 0, the filtering mechanism has, for values of the probability R < 1, a very weak effect in comparison to the one caused by a direct mass
media influences: there is only a small decrease in the number of cultural groups
formed. However, when the extreme restriction R = 1 is imposed, the number
of cultural groups jumps discontinuously to a value corresponding to maximum
multiculturality.
The similarity of the behaviors of the different types of mass media influences
considered here suggests that the phenomenon of mass media-induced diversity
should be robust, regardless of the type of feedback mechanism. In spite of the
differences mentioned between direct and indirect information feedback processes
as well as between uniform and nonuniform mass media influences, it is remarkable that the collective behavior of the agents displays analogous phenomenology
for the three types of mass media considered.
Generally speaking, our analysis unveils the delicate compromise between direct agent-agent interactions and feedback processes. Mass media reflects local
or global cultural trends created by local agent-agent interaction, but mass media information is processed by agent interactions, while the agent-mass media
interaction is conditioned by the overlap of the cultural features of the agent
and the mass media message. We have analyzed the effect of different forms of
mass media for the full range of the parameter q that measure an initial cultural
diversity. Our results indicate qualitatively different effects when globalization
(q < qc ) or polarization (q > qc ) would prevail when no mass media feedback
is taken in account. In summary, we find that, when the probability of interacting with the mass media is sufficiently large, mass media actually contribute to
cultural diversity in a social system, independently of the nature of the media.
But direct mass media influences are found to be efficient in promoting cultural
homogeneity in conditions of weak broadcast of a message, so that local interactions among individuals can be still effective in constructing some cultural
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overlap with the mass media message. Strong media messages do not lead to cultural homogenization because agent-agent interaction becomes inefficient. These
results identify the power of being subtle in mass media massages. In addition,
direct local mass media appear to be more effective in promoting uniformity in
comparison to direct global broadcasts, which identifies the importance of local
media (feedback at regional levels) in the cultural globalization path.
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Abstract. In multi-agent-based social simulations the connections between agents are usually represented in a simple network structure. This
is done either for the purpose of simplifying the huge complexity of the
social world, or because of the features of available tools. Facing the
rich complex set of social relations an agent engages in, we propose to
go a step further in the modelling by considering a multitude of concomitant social relations. This setting can be seen in a simulation as a
n-dimensional scenario where each (n-1)-dimension surface represents a
different social relation.
Agents belong to distinct contexts in these multiple relations. So, in models defined over this new social structure, besides interactions between
agents, it is possible to define interactions between different contexts,
allowing information to flow between them. In this paper, we propose
the concept of “context permeability” in a social topology; illustrate the
concept with a simple example; then elaborate on various alternatives for
materialising this concept; and finally present some comparative results
of simulations of a typical case: social consensus.

1

Introduction

In some multi-agent-based simulations (MABSs), agents are located in virtual
spaces where dimensionality is irrelevant. Typically, all agents can participate in
interactions with all other agents, and the notion of physical space plays no role
in the simulation. In other MABSs (e.g. the study of innovation in technological parks [14]), the notion of geographic place is important to establish relevant
notions (neighbour, distance, obstacle, etc.) that provide a filter to what kind of
actions and interactions the agents can engage in. Usually, simulation environments provide bi-dimensional grids (more recently tri-) that represent the target
environment in such a way that can be visualised in a computer screen. It is a
thought courtesy made for the eyes and the mind of the observer/analist of the
simulation, who can easily and readily capture phenomena with his/her own eyes,
that would otherwise be difficult to define formally and detect analytically [1].
The problem is that most times the kind of social relations being studied is
not really adapted to this representational support: a continuous grid, marked
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by an array of discrete slots. Many times, this simple relation representation is
used as a simplifying metaphor of the entire complex set of social relations the
agent is involved in. In the real social world, agents belong simultaneously to
several relations with other agents and/or institutions, and these relations may
be of different kind and quality. To expect the complexity of social relations to
be collapsed into a single relation depicted in a bi-dimensional space is overly
simplistic and may jeopardise the quality of simulation results and undermine
the confidence in the derived conclusions and their applicability.
So, we propose to take one step further, and consider multiple concomitant
social relations, which provide the agents with the possibility of entering different
social contexts. A context is something like your family, your work colleagues,
etc. Naturally, these contexts will have points in common, which provide what
we call context permeability. Our conjecture is that this feature of the social
world is of extreme importance for the dissemination of phenomena, and societal
adaptiveness.
In the rest of this paper, we explore the ideas of multiple social relations,
and elaborate on possible representations for this concept. We discuss the base
structure of the topological notion to support multiple relations and contexts.
We then illustrate our ideas with a simple example, social consensus, and present
the results of simulations that show how context permeability can quantitatively
and qualitatively change the achievement of consensus in a socially structured
society.

2

Multiple Social Relations

Obviously, humans and other social agents engage in several relations simultaneously, and many of those relations carry with it a context of intervention that
cannot be neglected in most social phenomena, much less in social simulation.
One interesting theme that has arisen in the literature is the application of
multiple social networks (so called ‘multi-plex relations’) to uses in the Semantic
Web. Matsuo et al [10] explain how the knowledge about multiple social relations can be elicited from several sources to generate an intricate and complex
picture of the sociality of a group of agents. In this paper, three different social
relations are presented, taken from a set of real data collected over four different
conferences: knows, collaborates, and meets. Each of those relations is unveiled
by using distinct methods, but for our present purposes, we will focus on the
structures these relations show (cf. figure 1). Besides, the authors do not really
say how the integration of those three relations could be done for purposeful use
in the Semantic Web.
These multiple social relations illustrate the kind of potential we can expect
from endowing our simulations with a similar schema. However, we must be
aware that added complexity can arise from such representations. While we
want to emphasise the infra-structure and not focus on specific applications, let
us examine some examples.
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Fig. 1. Multiple social relations: knows, collaborates, and meets. From [10].

The structures found in the real world are often far from theoretical predictions and even unsupported assumptions used in MABS. For instance, the
‘small-world’ type of network connections is often adopted for the mathematical
properties it exhibits and the theoretical and practical tools it allows. Nevertheless, as argued in [13], that structure may be more difficult to find in reality
that practitioners suspect, as the conditions and constraints that end up yielding it may be rather atypical. In a case such as the one depicted in figure 1c
(relation meets), we find several small clusters of agents which are isolated from
the main group. Should this relation be used to allow contacts among agents,
those isolated groups would never be reached (something that seldom occurs
in small-world networks, where a path exists between any given two agents).
Our proposal of considering simultaneously several contexts may allow for those
groups to be accessed, since the nature of the other contexts will provide increased opportunities for liaisons.
Another reason for considering multiple contexts in separate planes is the
unbalanced nature of some relations. Consider relation knows in figure 1. While
it can be expected that I know the President of the Portuguese Republic (PPR),
it can hardly be reasonable that he knows me. So, this relation knows is, for
certain applications, assymetrical, and can be decomposed in two other relations,
that could be called knows and is-known-by. Again, when considering explicitly
the representation for these relations, we deepen the realism adopted in our
simulations, which can be useful for the simulation purposes. This approach is
adopted in [8], where the authors emphasise the need for using multiple social
relations, and describe several techniques for their representation.
The PPR example also gives us another example of the need to maintain
representations of multiple simultaneous relations: drawing a paralell with the
notorious Erdős number 3 . Imagine that I want to obtain the telephone number
of the PPR. Assuming benevolence from all involved, I would call my father, who
3

Hungarian Paul Erdős was a travelled and prolific mathematician who wrote hundreds of scientific papers with hundreds of co-authors. His Erdős number is 0, whereas
the Erdős number of his co-authors is 1. The Erdős number of his co-authors’ coauthors is 2 and so on and so forth. An analogue concept was defined for cinema
and is known as the Bacon number. Both have been used to exemplify the notion of
small-world network structure.
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knows someone that surely has the number of the former PPR, which certainly
has the number of the present PPR. Let’s say I am a PPR4. While the co-author
relation used to calculate the Erdős number is well defined and objective, in the
PPR example the problem is far more complex. Not only the PPR would have
far more trouble to uncover my phone number, due to the assymetry of relations,
but we use a multitude of different relations and, moreover, of knowledge about
those relations.
A similar point can be made in a network of social actors when you try to
establish founded trustworthiness [10], a very important concept in the applications of Multi-Agent Systems in the industry [3, 5]. When information starts
being gossiped away in a epidemic manner, its spreading can be greatly enhanced by starting focuses at a distance, due to the simultaneous presence of a
defamating agent in several contexts. A repeated lie can so easily be transformed
in truth for all relevant purposes, because the targeted agent is helpless to fight
the snowball effect.

3

Two Models of Multiple Contexts

We can look at the topologies used in social simulation from two different perspectives. On one hand, we can focus on the problem at hand (target phenomenon) and observe which kind of structure emerges from the problem description and corresponding simulation. This is the kind of approach used in [13],
where the authors concentrate on the individual reasons and collective conditions that can bring about several topological structures already found in an
important collection of typical situations(for instance [16, 4]).
In this paper we take the alternative view. What we are interested is in
knowing which kind of representational infra-structure can provide the adequate
setting for those complex topological structures to appear, and which kind of
restrictions are imposed by the chosen infra-structure. In particular, we want to
know how the simulation “geography” can influence the propagation of social
concepts through the simulation.
In this first take on the problem, we will focus our attention in two special
types of such topological representations: multiple contexts with separate sets
of agents and possibility of agent transference; and multiple contexts with common agents but different connections (social networks). Our conjecture is that
phenomena will be significantly qualitatively different in both these approaches.
3.1

“Beam Me Up, Scottie.”

One important category of topological context permeability in a setting where
agents live in separate worlds, and there is the possibility of transference from
one world to another. These worlds can represent different relations: an agent
can belong to social relations, but possibly not simultaneously. In the simulations, it is as if an agent has focus on one particular relation he is engaged
in, and then for whatever reason it can change focus. In figure 2 we represent
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this scenario. (Hyper-)planes on this (hyper-)cube represent different settings in
which relations are placed. Agents can move from one plane to another, and this
represents the shift from one context to another.
The features to model in this category are:
– The number of relevant worlds to consider;
– The connectedness of agents in each of the worlds;
– The geographical/social/etc. obstacles to connections between agents and
how these are modelled;
– How/when/where/why/to-where transferences of agents occur;
– Which transformations agents undergo during transference.
At his point of our research, we will claim the importance of this view by
considering a simplistic version of such a setting. We consider two worlds, in
which all agents are placed in an unrestricted uniform grid. Agents can move
anywhere on this grid. In each of the worlds there is one special square part of
the grid such that when an agent steps inside the square it will get transported
to a corresponding place in the other world. See figure 2.

Fig. 2. Separate sets of agents in parallel worlds.

The framework we have just described is not unlike the one in [6], if we
correspond our planes to their concept of groups. We can even consider that
when an agent changes from one plane to another, it can fulfil a different role.
However, in our case we have an augmented dynamism, as our model emphasises
explicitly the policies of transfer between planes. Additionally, their concept of
world can be corresponded reasonably to our context. Ferber et al. consider
two types of worlds: organisations and physical worlds, which in our case would
correspond to classes of different relevant contexts. In the different planes we can
consider mutually exclusive (but not incommunicable) sets of agents, so allowing
us to represent a wide range of complex social situations.
Arguably, another important infra-structural feature of the simulations is the
update regime of the agents. This is usually left for the simulation scheduler to
decide, and has been subject to long debate. Approaches such as Swarm [11]
have left that issue to the discretion of the developer, whereas others such as
NetLogo [17] or RePast [12] provide default update and scheduler regimes. In the
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case of NetLogo, it is difficult to envisage a way of changing the default scheduler,
but this drawback is easily overtaken by the advantages of quick prototyping it
offers. For the moment, we will leave this discussion as it is, and we concentrate
on how the static features of the topological solution influence the dynamism of
the simulation.
3.2

“Who Told You That?!”

In most interesting applications, an agent in immersed in a complex social world
where it engages in a multitude of relations with other agents (and even aggregate agents such as institutions or informal groups). In this section we consider
another category of context permeability, in which agents can belong simultaneously to several relations. As can be seen in figure 3, now the planes in the
cube represent different relational settings, and the agents can engage in those
relations with different partners in different settings.

d
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Fig. 3. Different relations for the same agents.

The same agents populate the several views on social reality that are included
in the simulation. So, in the course of the simulation, agents will have to face
several contexts constantly, either simultaneously, or at rhythms imposed by the
different settings. The key features to model in this category are:
– The number of relevant worlds to consider;
– The connectedness of agents in each of the worlds;
– The geographical/social/etc. obstacles to connections between agents and
how these are modelled;
– The pace at which each world evolves;
– The kind of interactions agents can undergo in each world.
In this case, the main objective of the framework is to include the possibility
of finer grained modelling. For instance, we can use this multiple-planed composition only to provide one of the planes of the previous section, as we depict in
figure 4.
Our move from simple to multiple social relations is similar to the one that
Flache and Hegselmann made when considering irregular grids in cellular automata approaches [7]. In their case, they were concerned with the shape of
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Fig. 4. Composition of modelling approaches.

neighbourhoods, accurately pointing that neighbourhoods such as von Neuman’s
or Moore’s imposed a far too restrictive constraint on the modeller. Flache and
Hegselmann’s analysis is focused on the robustness of results when changing
neighbourhood shapes, whereas in our case we are concerned with the expressiveness of the modelling effort by considering multiple simultaneous relations.

4

Representation and Visualisation

In Multi-Agent-Based Social Simulation it is important not to unbalance the
trade-off between representation and visualisation. A problem can be so rich
that the required representation paraphernalia is extremely complex. However,
especially due to the exploratory character of many simulations, it is important
that results can be manageable by the experimenter and provoke interesting insights. It is frequent that the simulation run takes a few minutes and then the
analysis of results several weeks (see for instance [2]). An important feature of
manageability is visualisation. As we argued before, many concepts in a simulation can only be ‘discovered’ a posteriori, and due to the fuzziness of its nature
can hardly be defined and automatically detected. A visual probe of the experiment can be most useful for the experimenter to capture such phenomena and
to think about them.
The danger of balancing simulations towards visualisation is that it can constrain the representation and make the designer use overly simplistic concepts.
What can be visualised in necessarily much simpler than what can be represented, since it must all be adapted for screen observation (cf. for instance [8]).
This is especially important when choosing the simulation geographical space
and geometrical laws. Visualisation can help analysis, and the role of the exper-
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imenter/observer cannot be neglected [1], but we mustn’t constrain our designs
by the features we predict we can observe.
We propose to use the 3D features of modern platforms (e.g. NetLogo [17])
and visualise the multitude of social relations as a cube, such as depicted in figures 2 and 3. Even if the visualisation needs can still drive us towards simplistic
representations (as can, for instance, the management of complexity in representations, or else we run the risk of making a model too complex to provide
any enlightenment on the problem at stake), we can have each plan in this cube
with different topologies, geographies, rules, geometries, constraints, etc.
For the example we built for illustration, we use a sliced 3D cube. In every slice (square piece of plan) we have a uniform geography with Euclidean
geometry.

5

Example: Consensus Formation

The formation of consensus has been studied in communities of artificial agents [9,
15]. To illustrate the notion of context permeability we run a set of experiments
related to this example.
The first series of experiments were concerned with a simple consensus game
where agents have to make a collective (but essentially arbitrary) choice. Examples of similar choices are the side of the street you drive on, or the particular
word you assign to a given meaning. It is important to have consensus, but the
actual content of the consensual choice is irrelevant. So, as the subject to be
agreed on we picked just the ‘colour’ attribute of the agent.
In our game, randomly selected pairs of agents would interact until total consensus was achieved, that is, all agents have the same colour. In each interaction,
one of the two agents would choose to adopt the colour of the other. While in
the description any two agents can be selected, for the NetLogo simulation we
let the agents walk randomly in the grid and consider that a selection of a pair
coincides with two agents walking into the same patch. We made several tests to
ensure that this is by no means different from selecting randomly the two agents
from a common pool.
We then proceeded to repeat this experiment with the multiple context approach (same agents, different planes, translated easily into squares at different
heights in a 3D NetLogo cube). We executed 1000 runs of each simulation, and
recorded the number of individual meetings necessary to achieve total consensus.
Our findings are summarised in table 1.
It seems apparent that there is no significant difference between the onedimensional and the multi-dimensional approaches, even when the number of
agents (n) grows. Now, this game can be seen as a multiple particle Brownian
movement game, and when n grows, the time until consensus increases quadratically. This fact is due to the arbitrary nature of each of the decisions. And
this also explains why the multiple-plane approach renders small or no improvements. We are arguing in favour of context in a setting where apparently context
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Table 1. Average number of meetings necessary to achieve total consensus.
No. Agents
1 plane
2 planes
3 planes
4 planes
5 planes

100
7295
6996
6918
6913
6839

200
26845
25885
25355
26569
28137

is absolutely irrelevant. The game is too simple, and too staccato for context to
be useful.
Hence, in the next series of experiments, we explored a slightly more complex
game, in which agents do not change sides arbitrarily, but rather remember the
total of meetings they had with each side, and adopt the side that has the highest
frequency. This is called the ‘majority’ game. When deployed in a single surface,
this game typically shows the following behaviour: after a random initialisation,
for some time both sides keep quite similar proportions. Then suddenly, one of
the sides becomes decisively stronger, and proceeds quickly towards colouring
all the agents.
When n grows, the total number of meetings to achieve global consensus
grows logarithmically (O(n log n)), and so does the the initial period of instability. Table 2 shows what happens when we run the game in a multiple-plane
setting. We defined this notion of instability by the bounding of the proportions
between both sides of the choice in a 20% band. That is, we consider that the
instability period is over as soon as the difference between the proportion of
sides is higher than 20%. The winning side by that time is invariably the final
winner of the game.
Table 2. Majority game: averages (over 5000 simulation runs) of the number of meetings necessary to achieve total consensus, the number of such meetings that took place
after the instability phase, and the percentage duration of the instability phase over
total time.
50
Meetings After inst.
1 pl.
1680
1222
2 pl.
1924
1266
3 pl.
2569
1590
Agts.

100
Inst. Meetings After inst.
27%
4910
3510
34%
4933
3383
38%
6314
4170

200
Inst. Meetings After inst.
29% 13666
9479
31% 11857
8261
34% 14132
9844

Inst.
30%
30%
30%

When we pass from one plane to two planes, we see that the total number
of meetings required to achieve consensus is of the same magnitude (worsens
slightly when we have 50 or 100 agents, and sensibly improves when we consider
200 agents). When we pass to three planes, we find that the total number of
meetings is quite higher. Further experiments with four and five planes showed
that this tendency is kept. It is interesting to note, however, that convergence
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to consensus after the initial instability period is quite faster when we consider
multiple planes. This can be seen in absolute numbers, as the pace of growth
of the number of meetings after instability ends is very small, and significantly
smaller than the growth in total number of meetings. To reinforce this, we can
look at figure 5. In less populated worlds, the weight of the instability in the
total number of meetings can be quite high. But as the number of agents grows,
the instability phase tends to keep a constant proportion.

50%

40%
Ratio

Low density
Medium density
High density

30%

20%
1

2

3

4

5

Num ber of planes

Fig. 5. Evolution, for different number of planes, of the ratio convergence period over
total time, with different agent densities.

While admitting that more experimentation will be required, our simulations
show us that the multiple context approach yields results that are qualitatively
different from the ones obtained by considering a single context. Some of the
numbers still need further analysis, and more parameter exploration. All these
experiments were conducted a very simple setting, where the key notions for
connectedness are based on geographical space and Euclidean geometry. After
we set the basics of the multiple context framework, we will need to further
explore the structure of social relations and its consequences for the simulation.

6

Conclusions and Prospective Work

Agents engage in a simultaneous multitude of social relations, all of which can
be relevant for a given problem. Current literature focus on this issue from the
standpoint of the origin (and respective conditions) of such relations. In this
paper we proposed to expand this focus by tackling the use of such multiple relations in social simulation. For that purpose, we need to contemplate a balance
between representation and visualisation. Two categories of environments were
considered, one with the same agents in multiple relations, and another with
distinct physical environments where agents can be placed. Our experiments
considered only the first of these categories. It is clear that multiple contexts
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will provide solutions that were impossible in a single one, for instance, to access
agents in communities that are isolated for some given connection (e.g. computers inside a firewall), but can be addressed through other connections (in the
same e.g., secure protocols). Our preliminary results show that the benefits from
this approach can also come either from enlarging the problem space search
phase (enhancing exploration of solutions before a premature convergence) or
from using preliminary search to reduce the weight of subsequent solution approximations.
Future work will concentrate first on completing the exploration of the present
set of experiments, in order to obtain more solid results, as some of the numbers
remain still unexplained. Then we will proceed to propose a more general framework to consider multiple social relations and respective contexts in a social
simulation setting. In particular, we will survey the literature to build an ontology of simple social relations and their representations, to propose then a more
complex ontology that encompasses multiple simultaneous relations. For each of
these relations and combinations of relations we will then describe the most common and useful notions of context (neighbourhoods, distances, connectedness,
and other properties).
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Abstract. Agents producing and exchanging knowledge are forming as a whole
a socio-semantic complex system. We argue that several significant aspects of the
structure of a knowledge community are primarily produced by the co-evolution
between agents and concepts, i.e. the evolution of an epistemic network. Focusing on a particular community of scientists working on a well-defined topic, we
micro-found various stylized facts regarding its structure by exhibiting processes
at the level of agents accounting for the emergence of epistemic community structure. After assessing the empirical interaction and growth processes, and assuming that agents and concepts are co-evolving, we successfully propose a morphogenesis model rebuilding relevant high-level stylized facts.

Introduction
Agents producing, manipulating, exchanging knowledge are forming as a whole a sociosemantic complex system: they are fully immerged in flows of information on which
they can have an impact and leave their footprints at the same time. The massive availability of informational content and the potential for extensive interactivity has recently
made the focus slip from single “groups of knowledge” to the entire “society of knowledge”, in a networked fashion, calling for the use of new methods and the characterization of new phenomena, with knowledge being distributed and appraised on a more
horizontal basis.
Understanding the structural aspects of these communities relate more broadly to
a recent issue in social science, social network formation modeling, involving several
disciplines from graph theory (computer science and statistical physics), mathematical
sociology to economics [1–3]. Most of the recent interest has stemmed from the empirical observation that real social network structure strongly differs from that of uniform
random graphs a la Erdős-Rényi (ER) [4], suggesting that agents interact non-randomly
with respect to heterogenous preferences for interacting with other agents. While this
fact was already well-documented in social science [5, 6], general network models had
been limited for long to ER-like random graphs [7–9]. Subsequently, much work has
been devoted to determining novel non-uniform interaction and growth mechanisms reconstructing complex network structures consistent with the real world, through a rich
set of statistical parameters [10]. On the whole, this amounts to find the solution of a
reverse problem: given such an evolving system, what kind of (possibly minimal) dynamics rebuild its structure? In other words, we look for a valid network morphogenesis
model for the real-world structure.
We focus here on a particular socio-semantic complex system, a scientific community working on a well-defined topic, and we make the following assumption: modeling
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interactions at the level of agents who co-evolve with the concepts they manipulate
is sufficient to carry the micro-founded reconstruction of this complex system. More
precisely, we will rebuild several aspects of the structure of such a community by introducing a co-evolutionary framework based on a social network, a semantic network
and a socio-semantic network; as such an epistemic network made of agents, concepts,
and relationships between all of them. We will then show that dynamics at the level
of this epistemic network are sufficient to reproduce several stylized facts of interest.
To achieve such a morphogenesis model, we first build tools enabling the estimation
of interaction and growth mechanisms from past empirical data. Then, assuming that
agents and concepts are co-evolving, we successfully reconstruct a real-world scientific
community structure for a relevant selection of features.

1 Networks
(Social) network morphogenesis models. Networks (or graphs) are omnipresent in
the real world: from the lowest levels of physical interaction to higher levels of description such as biology, sociology, economics and linguistics. For long however, network
appraisal had been restricted to theoretical approaches in graph theory and small scale
empirical studies on a case-by-case basis; while network models were mostly limited to
the seminal work of Erdős-Rényi [4] (ER), which was assumed to be realistic for most
purposes. In this respect, the recent availability of increasingly larger computational capabilities has made possible the use of quantitative methods on large networks, which
yielded surprising results, often contradictory with those provided by ER models. This
consequently precipited an unprecedented interest in networks [10–12]. Three statistical parameters in particular appeared to provide an enormous insight on the topological
structure of networks: (i) clustering coefficient (the proportion of neighbors of a node
who are also connected to each other, averaged over the whole network), (ii) average
distance (i.e. the length of the shortest path between two nodes, averaged over all pairs
of nodes), (iii) degree distribution (the degree (or the connectivity) of a node is basically
the number of nodes this node is connected to).
Several recent works suggested morphogenesis models matching empirical data on
these statistical parameters, contradicting and eventually replacing the ER model [13–
16]. More specifically, Barabasi & Albert (BA) [16] insisted on the point that such
topology could be due to two very particular phenomena that models were so far unable to take into account: network growth, and preferential attachment of nodes to other
nodes. They thus pioneered the use of these two features to successfully rebuild a scalefree degree distribution. In their network formation model, new nodes arrive at a constant rate and attach to already-existing nodes with a likeliness linearly proportional to
their degree. This model was a great success and has been widely spread and reused. As
a consequence, the term “preferential attachment” has been often understood as degreerelated preferential attachment only, in reference to BA’s work. Since then, many other
authors introduced network morphogenesis models with diverse modes of preferential link creation depending on various node properties (attractiveness [17], common
neighbors [18], fitness [19], centrality [20], hidden variables and “types” [21], bipartite
structure [22], etc.) and various linking mechanisms (stochastic copying of links [23],
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competitive trade-off and optimization heuristics [20, 24], payoff-biased network reconfiguration [25], group formation [26], to cite a few). On the other side, growth processes
(if any) were often reduced to the regular addition of nodes which attach to older nodes
— sometimes growth is absent and studies are focused on the evolution of links only.
The idea is usually to exhibit high-level statistical parameters and suggest low-level
network processes, in order to deduce the former from the latter. Obviously, after selecting a set of relevant stylized facts to be explained, model design consists of two
subtasks: defining the way agents are bound to interact with each other, as well as
specifying how the network grows. However, even in recent papers, hypotheses on such
mechanisms are often arbitrary and rarely empirically checked. This attitude is still convenient for normative models but is rather questionable for descriptive models. Here,
we therefore endeavor to (i) exhibit high-level stylized facts characteristic of epistemic
networks, (ii) point out relevant low-level features that may account for these high-level
facts, (iii) design measurement tools to appraise these low-level features, and (iv) design
a reconstruction model based on the observed low-level dynamics.

s’

C

c’
c

s
s"

c"

S
Fig. 1. Sample epistemic network with S = {s, s′ , s′′ }, C = {c, c′ , c′′ }, and relations RS , RC
(solid lines) and R (dashed lines).

Epistemic networks and empirical setting. We first introduce the objects we deal
with: we distinguish a social network (linking agents), a semantic network (linking concepts) and a socio-semantic network (linking agents to concepts). Nodes in the social
network S are agents, and links represent co-occurrence of two agents in an event. Thus
S = (S, RS ), S is the set of agents and RS the set of undirected links. The semantic
network C = (C, RC ) is the network of co-occurrences of concepts within events: C
denotes the concept set, RC denotes links between concepts. The socio-semantic network GSC is made of agents of S, concepts of C, and links between them, RSC = R,
denoting usage of concepts by agents (undirected links for co-occurrence of agents and
concepts). An epistemic network is thus given by these three networks, key for providing an account of the reciprocal influence and co-evolution of authors and concepts
(Fig. 1). This is not to be confused with a bipartite network and its various projections:
while the socio-semantic graph is indeed bipartite, social and semantic networks are not
projections of the latter.
Translated in this framework, events are articles, agents are their authors, and concepts are made of expert-selected abstract words. We considered the community of
embryologists working on the model animal “zebrafish,” during the period 1997–2004.
Our main source of data is MedLine, a US National Library of Medicine reference
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database. The dataset contains around 10, 000 authors, 6, 000 articles and 70 concepts,
adopting a weak linguistic assumptions by assuming that a lemmatized term corresponds to a concept. We restrict the dictionary to the 70 most used and significant words
in the community selected with the help of a domain expert, in order to avoid rhetorical
and neutral terms (“stop-words”). These concepts are given a priori: in the semantic
network, only links appear, not nodes.

2 High-level features
We first endeavor to describe a few high-level statistical parameters particularly appropriate for epistemic networks. While we could have looked at many single-network
parameters (such as assortativity [27], giant component size [28], single-network communities [29, 30], etc.), we focused instead on features specific to this epistemic network
(thus, mostly bipartite parameters) — many results and models are already available for
most traditional statistical features.
Degree distributions. In an epistemic network, ties appear in the social, semantic, and
socio-semantic networks; hence, four degree distributions are of interest (Fig. 5):
1. degrees k for the social network: this distribution has been extensively studied in
the literature [31, 32], and is traditionally said to follow a power-law, although only
the tail actually does; some may suggest that this distribution follows a log-normal
[33] or q-exponential law [34].
2. degrees kc for the semantic network: since there are only 70 concepts the data are
very sparse, we considered cumulated distributions (see exact definitions on Fig. 5)
— all concepts are being progressively connected to each other.
3. degrees from agents to concepts (ka→c ): following a power-law; few agents use
many concepts, many agents use few concepts.
4. degrees from concepts to agents (kc→a ): few concepts being used by a lot of agents,
and most concepts being used by an average number of agents.
Clustering. The clustering coefficient is another valuable parameter [13]. It is basically a measure of the transitivity in one-mode networks, expressing how neighbors of
a given node are connected to each other (“friends of friends are friends”). This coefficient is usually found to be very high in empirical social networks when compared to
typical random networks such as those produced by ER, BA models. Along with degree
distribution, this stylized fact has been the target of many more recent models [18, 35].
We use the local clustering coefficient, c3 (i), measuring the proportion of neighof connected neighbors]
with
bors of node i who are connected together: c3 (i) = [number of pairs
ki ·(ki −1)/2
ki degree of i. This coefficient is close to 1 here and decreases rather slowly with node
degree (Fig. 6). Yet, networks built with an underlying event structure are bound to
exhibit a high coefficient [36, 37], thus a poorly informative criterion. By contrast, a
bipartite clustering coefficient counting the proportion of diamonds [38] is a meaningful measure of how two agents connected to a same concept are likely to be connected
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to other concepts (as such a very local kind of structural equivalence): c4 is the proportion of common neighbors among the neighbors of a node — in other words, are
two agents connected to a same concept likely to be connected to other concepts? This
coefficient appears to be one order of magnitude larger compared to that measured in
scale-free random networks: pairs of agents linking together to certain concepts share
other concepts abnormally often (Fig. 6).
Epistemic community structure. A key high-level stylized fact characteristic of epistemic networks is the particular distribution of epistemic communities (ECs) as groups
of agents using jointly the same concepts, or maximal bipartite cliques in the sociosemantic network [39, 40]. An adequate epistemic network model should ultimately
yield the same EC profile as in the real-world, which shows a significantly larger proportion of high-size ECs — see Fig. 7.
Besides, just as we observed the bipartite clustering between agents and concepts,
we may want to know whether agents in the network are semantically close to each
other. Likewise, and more specifically, in which manner are they semantically close to
their social neighborhood? To this end, we need to introduce a semantic distance, i.e.
a function of a dyad of agents which (i) decreases with the number of shared concepts, (ii) increases with the number of distinct concepts, (iii) equals 1 when there
is no concept in common, 0 when all concepts are identical. Given (s, s′ ) ∈ S2 ,
and s∧ the set of concepts s is linked to, we suggest the following metric semantic
distance δ(s, s′ ) ∈ [0; 1], based on the classical Jaccard coefficient [41], such that
∧
′∧
′∧
\s∧ )|
. As δ takes real values in [0, 1] we discretize δ, using
δ(s, s′ ) = |(s \s|s∧)∪(s
∪s′∧ |
a uniform partition of [0, 1[ in I − 1 intervals, to which we add the singleton {1}. We
thus define a new discrete distance d taking values in D = {d1 , d2 , ..., dI } such that:
1
2
1
[, [ I−1
, I−1
[, ...[ I−2
D = {[0, I−1
I−1 , 1[, {1}}. Then, we look at the distribution of semantic distances in the network, both on a global scale (by computing the distribution
for all pairs of agents) and on a more local scale (by carrying the computation for pairs
of already-connected agents only). Results on Fig. 7 suggest that while similar nodes
are usually rare in the network, the picture is radically different when considering the
social neighborhood: acquaintances are at a strongly closer distance.

3 Low-level dynamics
3.1 Measuring interaction behavior
Designing a credible social network morphogenesis model requires to understand both
low-level interaction and growing mechanisms. We therefore first show how to design
such low-level dynamics from empirical data. If the observed empirical structure diverges from the ER uniform random model, this suggests that interactions are not occurring totally at random but, rather, are directed by preferences on agents. In other
words, there is prefential attachment from some agents to some other kinds of agents.
Formally, preferential attachment (PA) is the likeliness for a node to be involved in
an interaction with another node with respect to node properties. Existing quantitative
estimations of PA and subsequent validations of modeling assumptions are quite rare,
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and are often either related to the classical degree-related PA [32, 33], or considering PA
as a scalar quantity, using direct mean calculation, econometric estimation approaches
or Markovian models [28, 42, 43]. We here use a unified framework where properties
are neither strictly based on social network topology nor reduced to single scalar quantities, while appraising how distinct properties correlatively influence PA.
We distinguish (i) single node properties, or monadic properties (such as degree,
age, etc.) from (ii) dyadic properties (social distance, dissimilarity, etc.). When dealing with monadic properties indeed, we seek to know the propension of some kinds
of nodes to be involved in an interaction. On the contrary when dealing with dyads,
we seek to know the propension for an interaction to occur preferentially with some
kinds of couples. We assume the influence on PA of a given monadic property m can
be described by a function f of m, the interaction propension, independent of the distribution of agents of kind m: f (m) is simply the conditional probability P (L|m) that
an agent of kind m receives a link L. Thus, it is f (m) times more probable that an
agent of kind m is involved into an interaction. For instance, the classical degree-based
PA used in BA and subsequent models is an assumption on f equivalent to f (k) ∝ k.
We may estimate f through fˆ(m) = Pν(m)
(m) if P (m) > 0, 0 otherwise, where ν(m) is
the expectancy of new link extremities attached to nodes of property m along a period,
and P (m) typically denotes the distribution of nodes of type m. We adopt a dyadic
viewpoint whenever a property has no meaning for a single node, such as proximity,
similarity — or distances in general. Similarly, we assume the existence of an essential
dyadic interaction behavior embedded into g(d) for a given dyadic property d defined
on couples of agents, corresponding to the conditional probability P (L|d). Again, g is
estimated with ĝ(d) = Pν(d)
(d) .
The PA behavior embedded in fˆ (or ĝ) can be used to shape modeling hypotheses,
either by taking the empirically estimated function, or by stylizing the trend of fˆ (or
ĝ) to allow analytic solutions. When considering a property which enjoys an underlying natural order, it is also useful to examine the cumulative propension F̂ (mi ) =
Pmi
ˆ ′
m′ =m1 f (m ) as an estimation of the integral of f , especially with noisy data. Besides, when considering a collection of properties one must make sure that they are
uncorrelated: for instance, node degrees may depend on age. If two distinct properties
p and p′ are independent, the distribution of nodes of kind p in the subset of nodes of
′
)
kind p′ does not depend on p′ , i.e. the quantity PP(p|p
(p) theoretically equals 1.
3.2 Empirical PA
Using these tools, we examine PA based on (i) a monadic property (node degree) and
(ii) on a dyadic property (semantic distance d, rendering homophily). We first consider
the node degree k as property m: we compute the real slope fˆ(k) of the degree-related
PA and empirically roughly verify the classical assumption “f (k) ∝ k” (Fig. 2). This
precise result is not new and tallies with existing studies on degree-related PA [44, 45].
We also assess the extent to which agents are “homophilic” (they prefer to interact
with similar agents) by using the semantic distance introduced in Sec. 2. Empirical
results on Fig. 2 show that while agents favor interactions with slightly different agents,
they still very strongly prefer similar agents. Besides, the exponential trend of ĝ suggests
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Fig. 2. Left: Cumulated propension F̂ . Dots represent empirical values, the solid line is the best
non-linear fit for F̂ ∼ k1.83 (i.e. fˆ ∼ k0.83 ), and the gray area is the confidence interval. Right:
Homophilic interaction propension ĝ with respect to a semantic distance d ∈ {0, ..., 15} (thick
solid line) and confidence interval for p < .05 (thin lines).

that homophily is even more influent than connectedness. This fiercely advocates the
use of semantic content for modeling such networks, while showing that simple nonstructural properties may strongly shape interaction behavior in some networks. As
underlined above, we check if the two properties are independent, i.e. whether or not
a node of low degree is more or less likely to be at a larger semantic distance of other
nodes. Here, there is no correlation between degree and semantic distance.
We finally examine if concepts are preferentially chosen: are well-connected concepts used more often, thus ‘interacting’ with even more authors? It turns out that concepts appear proportionally to their socio-semantic degree (i.e. the number of agents
who use them) which reflects their popularity.
3.3 Growth- and event-related parameters
These features yield an essential insight on how local interactions occur. Now, in order
to complete the description of the way the network grows, studying how events are
structured in terms of both authors and concepts is also a crucial information. Regularly,
new articles are produced, involving on one side a certain number of authors who have
already authored a paper (old nodes) and possibly a fraction of new authors (new nodes),
and on the other side, concepts that the authors bring in as well as new concepts.
Network growth. The first step is to determine the raw network growth, in terms of
new nodes. How many new events appear, how many new articles are written during
each period? Articles gather existing authors as well as new authors around concepts.
Since we consider the set of concepts to be fixed a priori, new nodes appear in the
social network only. The evolution of the size of the social network Nt depends on the
number of new nodes per period ∆N t , with Nt+1 = Nt + ∆N t . In turn, there is a
strong link between ∆N t and the number of articles nt , depending on the fraction of
new authors per article. The growth of both ∆N t and nt is roughly linear with time:
we can approximate the evolution of n by nt+1 = nt + n+ , for a given arithmetic
growth rate of n+ ; every period the number of new articles increases by n+ . In our
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case, n+ ≃ 96 (σ ≃ 28). ∆N and n seem to be linearly correlated, suggesting that the
proportion of new authors in all articles is stable across periods.

Size of events. This leads us to study how articles are structured: in particular, how
many agents are gathered in an event, and how many of them are new nodes? As shown
on Fig. 3, the distribution of the number of agents per article appears to follow roughly
a geometric distribution. On the other hand, the weight of new authors within articles
obeys a distribution centered around three modes {0, 0.5, 1}, suggesting that in most
cases either (i) authors are all new, (ii) they are all old, or (iii) half are new & half are old.
Since this proportion is stable across periods, nt is a good indicator of network growth:
new articles appear and pull new authors into the network — on average, articles gather
4.4 authors, among which 55% are new, thus .55 × 4.4 = 2.42 new authors, which is
close to the coefficient of the best linear fit of ∆N with respect to n: ∆N ∼ 2.25n.
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Fig. 3. Top, left: Distribution of the size of events, averaged on 8 periods 97-04, with confidence
intervals for p < .05. The mean number of authors is 4.4 (σ = 3.1), and the best non-linear fit is
∝ exp−µn with µ = .36±.06 (straight line). The inset shows the mean number of coauthors with
respect to degree k, relatively to the global mean number of co-authors: in case of independence,
this ratio equals 1. Top, right: Proportion of new authors with respect to total authors, averaged
on 7 periods (98–04) — the mean proportion is 0.55, but σ = .33 because of the tri-modal
distribution. Bottom, left: Distributions of concepts per article — mean: 6.5, σ = 3.6. In the
inset, the solid line represent the best exponential fit, ∝ e−µn with µ = 0.29. Bottom, right:
Distribution of the proportion of new concepts that none of the agents anteriorly used — only for
articles where there is at least one old agent. The mean is .32, with σ = .28.
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Since the size of the network is increased by ∆N in a period, and ∆N here shows a
linear behavior, N exhibits a quadratic growth. The fact that the number of articles per
period linearly increases is however proper to the evolution of this empirical situation.
The evolution of n and N is a consequence of this — this is obviously not the case for
all networks: if for instance this field of research were to be abandoned, we would have
a decrease of articles, not a linear growth.
Exchange of concepts. Knowing the structure of articles, and how authors are gathered, we now investigate how concepts are used. The distribution of the number of
concepts is plotted on Fig. 3, and could be accurately approximated by a geometric distribution. Besides, while old authors bring a certain proportion of their concepts, some
concepts are used for the first time: they do not belong to the intension of authors. The
distribution of the proportion of new concepts — new to the authors — also shown on
Fig. 3, makes it possible to distinguish concepts chosen within the intension of authors,
from new, unused ones. It has a single mode 0, but is on the whole relatively flat.

4 Epistemic network morphogenesis model
Design. Using empirically-measured low-level parameters (article composition, interaction preferences) we design a model that rebuilds a high-level structure compatible
with real-world stylized facts (degree and semantic distance distributions, bipartite clustering, EC structure). Three key modeling features are implemented: (i) event-based
network growth, (ii) co-evolution between agents and concepts, and (iii) realistic lowlevel descriptions, especially for interactions. Events are articles, made of agents (more
or less active depending on their degree k, and gathering preferentially with respect to
their interests) and concepts (more or less popular, depending on their degree kc→a ).
Our low-level dynamics, or model of a coevolving epistemic network, consists in:
1. Creating and defining events. nt articles are created at each period: nt+1 = nt +n+ .
Author set and concept set sizes follow geometric laws, with observed means.
2. Choosing authors. Because of the tri-modal distribution articles feature either only
new authors, either only old authors, or equally old and new authors, all equiprobably. If there is at least one old agent, an ‘initiator’ is randomly chosen proportionally
to her social network degree k; then, other old agents of degree k ′ are picked according to P (L|k ′ , d) = P (L|k ′ )P (L|d), d is the semantic distance to the initiator.
Finally new nodes are created.
3. Choosing concepts. New concepts (i.e. such that no old agent uses) are a fixed
proportion of the article concept set. Other concepts are chosen from the concept
set of authors. All are chosen randomly proportionally to their degree kc→a .
4. Updating the network, once author and concept sets are defined (Fig. 4).
Results. We ran the model for 8 periods t ∈ {1, · · · , 8}, starting with an empty epistemic network — in other words, the morphogenesis starts from scratch. Obviously,
periods correspond to years. One hundred new articles were to appear during the first
period, with a growth rate of 100 articles per period per period: n1 = 100, n+ = 100.
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At (i)

1
St(i)
2

Ct (i)

new agents

new concepts

initiator (~P(k))

St(i)

recruitment of
other agents ~P(k,d)

concept set of old agents

3

selection ~P(k concepts−>agents)

St(i)

Ct (i)

4

Fig. 4. Modeling an event by specifying contents of article i, At (i) = (St (i), Ct (i)), author and
concept sets. The numbered steps indicated here follow those of the model description in Sec. 4.

We focus on networks obtained after simulations are completed for 8 periods, and we
have a satisfying adequation for every stylized fact, both in shape and in magnitude:
– Rebuilding network size. Simulated networks contain 10982 agents on average (σ =
215, for fifteen runs), agreeing with empirical data.
– Rebuilding degree distributions. Results for all four degree distributions are shown
on Fig. 5, indicating a very good fit — in particular, power-law tails have a similar
exponent, with a shape which fits a log-normal distribution similar to that of the
empirical case.
– Rebuilding clustering coefficients. Clustering coefficients are accurately reproduced,
as shown on Fig. 6.
– Rebuilding epistemic community structure. ECs have been computed (see Fig. 7)
and distributions of EC sizes are close to those of the real network. Semantic distances are also correctly rebuilt, see Fig. 7.
Discussion. Hence, epistemic communities are produced by the co-evolution of agents
and concepts. Not only is the high-level structure accurately reconstructed by our model,
but low-level dynamics are consistent as well — this is a not a minor point: rebuilding
high-level phenomena remains dubious if the low-level dynamics is incorrect. Truthfulness of descriptions must reach the higher level as well as the lower level. In any case,
we may still wonder what weight some of our hypotheses bear towards the apparition
of high-level phenomena: is our model a minimal model as regards the stylized facts
we selected? In particular, consider basic event-based models for social networks —
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Fig. 6. c3 (k) (left) and c4 (k), simulated (dots) vs. empirical values (solid line). See Sec. 2 for
details on these coefficients.

which have become popular very recently among a few other authors as well [22, 26,
28] — that simply rest on n-adic events instead of dyadic interactions and that do not
even specify any kind of PA. Yet, these models lead to scale-free distributions and high
one-mode clustering coefficients. These results suggest that PA is not required to rebuild degree distributions and c3 , by contrast to dyadic-interaction-based models (such
as BA model).
Recall that our model features (i) event-based modeling, (ii-a) degree-related preferential attachment (or activity) for the choice of agents and (ii-b) for concepts, and
(iii) homophily of agents. Are the high-level stylized facts still reproduced if we loosen
some of these hypotheses? Since many combinations of simplified models are envisageable, we only examine what happens when relaxing one hypothesis at a time. Yet,
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Fig. 7. Top: Number of ECs with respect to agent set sizes, in GLs computed for samples of 250
agents. Simulation results (thick black line, above) fit the empirical data (thin blue line, above),
compared to a random “rewired” cases where degree distributions on from agents to concepts and
from concepts to agents are conserved: as expected, they contain significantly less ECs, by one
order of magnitude (thin red line, below). Bottom, left: Simulated mean distribution of semantic
distances on the whole graph (dots) compared to original empirical data (line). Bottom, right:
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solid line, representing simulations not using homophily.

at least one high-level fact is not accurately reproduced when relaxing any feature of
our model (event-based modeling, degree-related preferential attachment (or activity)
for the choice of agents and for concepts, or homophily of agents).1

Conclusion
We investigated the formation of the emerging “zebrafish” scientific community and
assumed that we could micro-found the evolution of the structure of this social complex
system by modeling agents co-evolving with concepts. Therefore, we introduced tools
to estimate low-level interaction and growth processes from past data. Only thereafter
could we hope for a realistic, descriptive model. The final success of the reconstruction
1

Comprehensive details about these results are omitted because of length restrictions.
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gives credit to our hypothesis that the structure of knowledge communities is at least
produced by the co-evolution of agents and concepts. In fine, we argued for an empirical
stance when designing models: even if the model reproduces the desired stylized facts,
it is essential to know whether the alleged low-level dynamics is empirically grounded.
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Abstract. This paper presents a model of learning in a context of a relatively
large population interacting through random bilateral matching to play a
bilateral game in strategic form. While the theory of learning in games
commonly assumes that the players can observe only the strategies chosen by
their opponents, in this paper is introduced the additional assumption that the
players are characterized by phenotypic traits observable by the other players
with whom they interact. The extension of the traditional framework allows to
introduce a more sophisticated and cognitively plausible expectations’
formation model than the ones proposed so far. In particular, this paper
introduces a new model of the induction process through which the agents build
mental models that take the form of lexicographically structured decision trees.
Keywords: Theory of Learning in Games, Categorization, Social Stereotyping,
Fast and Frugal Heuristic Theory, Self-Organization, Data Mining.

1 Introduction
Any dynamic or repeated game is characterized by a particular information structure
that defines what the players know before the game starts and what they can observe
during the stages, or periods, of the game. Moreover, any game is, implicitly or
explicitly, characterized by a certain information processing algorithm that defines
and represents the players’ cognitive skills. The equilibria reached, as well as the
dynamics that leads to them, depend on the information structure of the game and on
the decision process through which the players compute the information at their
disposal.
It is commonly assumed that the players know the payoff matrix of the game, can
observe in every period the action of their opponent and, moreover, that all the
players know that the other players have the same prior knowledge and observational
skills, that all the players know that the other players know and so on. These are the
so-called prefect and common knowledge assumptions that come from the traditional
static game theory, whose formal application to the structure of the game can lead to
technical and philosophical problems (Binmore, 1997).
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While the information available to the players has been considered by the means of
formal assumptions, less attention has been paid to the explicit formal definition of
the cognitive process through which this information is computed by the players to
reach a decision in order to the action to undertake. However, as behavioural game
theory shows, the differences between the outcomes of experiments and the
predictions of game theory are often due to the unrealistic computational power and
rationality assumptions of the latter (Camerer, 2003).
The theory of learning in games is the branch of the literature that introduced
models of players less than perfectly rational and that explicitly formalized, together
with the information structure of the game, the decision process that underlies the
player’s action. While game theory tells us which Nash equilibria a particular game
has, the theory of learning in games gives us models that determine the path through
which a certain equilibrium is reached. In these models, the equilibrium is the
outcome of a process in which less than fully rational players grope for optimality
over time (Fudenberg and Levine, 1999).
The approaches to learning in games can be divided in two big classes: reinforcing
and forecasting learning models. The first class includes models where the players
choose a strategy on the basis of its past performance. The imitation models belong to
this class: the players are endowed with the skill to asses their neighbours’ success
and to associate this performance to a particular strategy, unsophisticated but not
trivial cognitive skills. The second class is represented by models where the players
are endowed with the cognitive skills to develop a forecasting model of the behaviour
of other players and, so, to choose the strategy that is the best reply to their
opponent’s expected action.
The fictitious play models belong to this last class. In general, in these models
players are endowed with the basic skill to observe and memorize their opponent’s
action. This cognitive skill allows the agents to keep track of the relative frequencies
with which each strategy is played. These relative frequencies represent the players’
expectation about the strategies’ distribution of the population.
In the model proposed in this paper the information structure of the game is
extended to include the players’ skill to observe their opponent’s phenotype,
represented by a string of three binary attributes. Given the information processing
skills that characterize the fictitious play models, this extension would allow the
players to develop expectations conditional on their opponents’ phenotypes.
Of course, this extension is not new in the field of the theory of learning in games.
Previous papers have introduced models where the agents are endowed with a visible
tag composed by one binary attribute (Axtell, Epstein and Peyton Young, 1999) or by
three binary attributes (Hoffmann, 2006). These works demonstrated that the agents’
capacity to develop expectations conditional on their opponents’ type leads to the
formation of social classes. In other words, in these models we can observe the
endogenous emergence of social stereotyping.
The main difference between the papers mentioned above and this one is the
cognitive process through which the information at the agent’s disposal is processed.
While in the former papers the agents develop conditional probabilities over
opponents’ play conditional on the particular type they are playing against, according
to the classical fictitious play algorithm, in this paper is proposed a model of
information processing algorithm inspired by a recently introduced decision process
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theory: the Fast and Frugal Heuristic Theory (FFHT). The FFHT proposes a
lexicographic decision process, that is, a process through which the attributes are
looked up in a particular order of validity by the means of a decision tree. Figure 1
shows a lexicographic decision tree with which is possible to classify instances,
identified by three binary attributes, in the two classes A and B. In front of the
situation 0-1-1, the agent would classify it as A: the third attribute (identified with the
number 2) has value 1, so it has to consider the second node, containing the first
attribute (identified with the number 0). Its decision process does not need to proceed
further because, being this attribute’s value equal to 0, the decision tree ends with a
leaf, containing in this case the class A. The model presented in this paper is based on
the assumption that the agent’s mental model is structured as a decision tree.

Figure 1
The FFHT is based on the bounded rationality paradigm: because of mind’s
limitations, real decision makers have to use approximate methods to handle most
tasks (Simon, 1955). The function of these methods, that we will call heuristics, is to
make reasonable, adaptive inferences about the social and physical world given
limited time and knowledge. In this situations, indeed, real agents cannot perform the
cognitively demanding multiple linear regression, but, more plausibly, they look up
only few available cues in a fixed order of validity (Gigerenzer and Goldstain, 1996).
The cues relevant in the decision-making process and the order in which they have
to be considered can be learned in three main ways: they could be genetically coded,
they can be learned through cultural transmission or they can be learned from the
agent’s experience. In the model presented in this paper, the number and the kind of
cues the agents can detect are genetically determined but the decision tree by which
they are hierarchically ordered to form their mental model is the result of an induction
process that the agents perform on their experiences’ database.
According to FFHT, in an evolutionary context, decision-making strategies are
selected for their accuracy, frugality and speed, measures that relate the decision
process to the environment in which the decision has to be taken. In fact, the FFHT
introduces a new concept of rationality called ecological rationality: a heuristics, or
mental model, is rational from an ecological point of view if it allows the agents to
take effective decisions in the environment in which the agents live. This means that
in order for a given heuristics to be rational it has to match the information structure
of the environment in which that particular heuristics is used.
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In a social context, however, the environment of each agent is represented by other
agents. So, the mental model of each agent is rational from an ecological point of
view if it matches the mental model of the other agents with whom it interacts. The
main aim of this paper is to find out if a social system formed by agents that make
heuristic inferences about their opponent’s behaviour can reach an equilibrium, that
is, a situation where the mental model that each agent develops through its
experiences allows it to make ecologically rational decisions given the mental models
developed by the other agents with whom it interacts. The model presented in this
paper is a model of co-adaptation of mental models with which we try to find out if
the system ever reaches the steady state in which each agent’s mental model is
confirmed by, and because of, the other agents’ mental models.

2 The Model
Being this an agent-based model, it has to be described at two levels: the population
and the agent level. The former specifies the kind of interaction that takes place
among the agents who compose the population, while the latter specifies the decision
process that take place inside each single agent. The model presented in this paper
considers a population of N agents that are in each period randomly paired to play the
Stag Hunt Game, whose payoff matrix is shown in Figure 2. This game has two Nash
equilibria: the socially optimal equilibrium S – S and the risk-dominant equilibrium H
– H. While in the evolutionary game theory the agent has no choice but to play the
strategy to which it is genetically or culturally associated, in this model the agent has
to take in each period a decision about which strategy to play. Of course, this decision
is based on the expectation the agent has about its opponent’s action: it will play S if
it expects its opponent to play S, it will play H otherwise.
Table 1: the Stag Hunt Game

To understand how expectations form and evolve, we have to describe the model at
the level of the agent. Regarding the prior knowledge of the agents, this model adopt
the limited knowledge paradigm that characterizes the models adopted by the theory
of learning in games: the agent knows only its own payoff matrix and does not know
what its opponent gets from the interaction.
Each agent is characterized by phenotypic traits represented by three binary
attributes. This means that the population is composed by eight different phenotypes:
000, 001, 010, 011, 100, 101, 110, 111. Moreover, each agent can observe the
phenotypic traits of its opponent, together with the action its opponent performs. So,
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after each game, the phenotypic traits and the action of the opponent is stored in the
agent’s memory M, its size being a parameter of the model. An example of an agent’s
experiences database could be the matrix shown in Figure 3. This matrix shows that in
its last game, the agent met an opponent whose phenotype was 001 and who played
strategy S. Of course its own phenotype and action have been stored at the same time
in the experiences database of its opponent.
We call s the agents’ memory size, that is, the number of experiences the agent can
store in its memory. When the number of periods p = s, the agent’s memory is full,
new experiences are stored according to the FIFO system: the oldest experience in the
database is discarded to make room for the last experience.
Having defined the agent’s gathering and storing cognitive skills, we come to the
information processing algorithm that underlies the agent’s decision. We call l the
number of periods that constitutes the agent’s learning period, its length being
another parameter of the model. For the first l periods the agent has not yet developed
a mental model that allows it to forecast its opponent’s move so it makes a random
forecast and chooses the action that is the best response to this forecast.
Table 2: an agent’s experiences database

At the end of the learning period the agent builds, through an induction process
performed on its experiences database, a mental model that allows it to forecast, from
its opponent’s phenotype, the strategy its opponent will play. An example of an
agent’s mental model can be the decision tree of Figure 1, interpreting the letters A
and B in the rectangles as, respectively, the two strategies S and H. If an agent with
this mental model meets an opponent whose phenotype is, for example, 011, the
agent’s forecast of its opponent’s move would be S. The mental model represents, in
fact, a set of hierarchically organized behavioural rules of the kind If/Then that maps
each phenotype to a strategy to be chosen when meeting an agent with that phenotype.
From the cognitive point of view, we have to distinguish two different processes:
the induction process through which the agent develops its mental model on the basis
of its experiences, and the decision process, that takes place when the agent forecasts,
with its mental model, its opponent’s move. In other words, with the induction
process the agent makes the mental model, with the decision process it puts it into
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use. While the decision process takes place in each match, the induction process can
also be performed once every given number of periods r, this number being another
parameter of the model.
While the decision process is quite straightforward, it is necessary to specify in a
detailed way the induction process through which the agent develops its mental
model from the database of its experiences. In this model, this cognitive process is
modelled by the means of data mining techniques. The best way to describe the
information processing algorithm that represents the agent’s induction process is to
look closely at an example. Let’s consider the database of Table 4, containing 20
instances. The database is formed by three independent variables that define each
instance (V1, V2, V3) and one dependent variable representing the class to which the
instance belongs (C). The first and the third independent variables are binary
variables: they can have either value 0 or 1. The second independent variable can
have three values: 0, 1 or 2. The instances can belong either to class 0 or to class 1.
Table 3: a database

The first step of the data mining process is to find out the first independent variable of
the decision tree. In order to do so, we have to compute the average information value
for each independent variable. According to the information theory, the information
value of a database is 1 minus the entropy of the database. The database’s entropy is
defined as the number of bits required to specify the class of an instance given that it
belongs to the database. The entropy value can go from 0, if we the information that
an instance belongs to the database is all we need to classify the instance, to 1, if the
fact that the instance belongs to the database do not gives us any useful information
about its class. If we call N the total number of instances in a database composed by a
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variable that can be classified in r classes and ni the number of instances belonging to
class i, the entropy E of a database is given by (1):

E=-

n0
n
n
n
n
n
n
n
logr 0 - 1 logr 1 -…- i logr i -… - r logr r
N
N N
N
N
N
N
N

(1)

The entropy of the dependent variable column C is 0.971. It represents the additional
number of bits we need in order to classify an instance given that it belongs to the
database. Therefore, the information value of column C, info(C), is 0.029 (1 – 0.971).
If column C was composed by the same number of 0’s and 1’s, the database’s
entropy would be 1 and the its information value 0. This makes sense because,
intuitively, the fact that an instance belongs to the database, in this case, would not
give us any useful information regarding its class. Conversely, if the C column was
composed, for example, entirely by 1’s, the database’s entropy would be 0 and its
information value 1: the fact that an instance belongs to the database would give us all
the information we need to classify the instance as an instance of class 1.
With these basic information theory concepts we are now able to compute the average
information value of each independent variable. Let’s suppose that the most
informative variable is variable V1. The next step is to find out the variable with the
highest average information value for each branch, excluding variable V1 that has
been already chosen as root of the decision tree. This means building from the
original database, a subset for each branch: a subset of instances where V1 has value
0 (right branch) and a subset where V1 has value 1 (left branch).
For each of them we will compute the average information value of V2 and V3,
choosing for each node the variable with the highest average information value
(Figure 2).

Figure 2
The decision tree we get at the end of this data mining algorithm will be the decision
tree that maximizes the number of instances that are correctly classified or, in other
words, that minimizes the number of the exceptions. This decision tree can also be
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defined as the theory that best describes the database or, alternatively, the most likely
theory given the database.
From a general point of view, the model described above is a feed-back process:
the agents’ experiences determine the agents’ mental model which determine the
agents’ behaviour which determines the agents’ experiences and so on. The main aim
of the simulations, whose results will be presented in the following section, is to find
out if this process ever reaches the steady state where the agents’ behaviour produces
experiences that confirm the agents’ mental model.

3 Simulations’ Results
In this section are presented the results of a particular simulation that will serve us as
example, results that are, however, representative of the outcome of simulations based
on the social and cognitive model presented above. In fact, making the agents in their
learning period random forecasts, different simulations will produce results that are
different in their details, but, nevertheless, we can see that they share general
statistical features.
In the simulation below, the population is formed by 1000 agents who, in each
period, are randomly paired to form 500 couples to play a one-shot stag hunt game. At
their birth the agents are assigned a randomly generated phenotype and a memory,
which is randomly drawn from a normal density function having average 40 and
variance 4. The learning period for each agent is ¼ of her memory. This means that
each agent will form a mental model after its memory has been filled for ¼ of its size.
Then, the mental model will then be updated after every game (r = 1).
The graph in Figure 3 shows the forecasting performance of the population of
agents, measured as the number of agents that, in each period, forecast correctly their
opponent’s choice.

Figure 3: forecasting performance
From the beginning of the game till the end of the learning period this performance
will be around 50%, that means that half of the population has a correct expectation
about the opponent’s behaviour, because of the random guess the agents make during
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the learning period. Then, as the agents develop and update their mental model, we
expect this performance to increase until it reaches, eventually, the equilibrium, a
state where 100% of the agents have correct expectations about their opponent’s
strategy. The graph of Figure 2 shows the path of the average forecasting performance
in the particular simulation we are considering: as we can see, at around period 50, the
forecasting ability of the agents begins to grow at increasing speed until period 180
when about 90% of the agents guess correctly their opponent’s choice. Then, the
performance growth tends to slow down, until it reaches 100% around period 350.
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Figure 4: the mental models of eight randomly chosen agents
Even if the exact timing of the forecasting performance growth changes from one
simulation to the other, the common feature of all simulations is that it always reaches
100%. This means that the system always reaches the mental model equilibrium,
where the expectations of each agent of the population consistently match the other
agents’ expectations. After period 350, the experiences the agents make are consistent
with their mental model and, consequently, the evolution of their mental models
reaches a steady state. At this point, for each agent its mental model is the ‘true’
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mental model because it allows it to forecast perfectly its opponent’s behaviour in
every game.
The mental models that characterize the equilibrium are a peculiar character of
each simulation because they depend on stochastic fluctuations that take place during
the learning period, when each agent makes random forecasts. The eight decision
trees shown in Figure 4 represent the mental models of a sample of eight agents, one
for each phenotype, after the system has reached the mental model equilibrium.
To see how these mental models determine the agents’ behaviour, let’s consider
the decision tree of the agent whose phenotype is 000. It tells us that the fist thing this
agent looks at is the third phenotypic trait (P3) of its opponent. If the value of this
phenotypic trait is 0, then it looks to the second phenotypic trait (P2) and, if it is 0, the
decision process terminates: the agent will forecast that its opponent will play H. If
the value of P3 is 1, this agent only needs to look at the first phenotypic trait of its
opponent (P1): if it is 0 then the forecast will be H, otherwise the forecast will be S. If
the agent 000 meets the agent 001, we can see that the outcome will be H – H, so, in
this case, we can say that the players’ expectations confirm each other, as we should
expect at the equilibrium.
With the mental models shown above, the outcome of the 36 possible matches is
shown in Table 4.
000 – 000  H - H
000 – 001  H - H
000 – 010  S - S
000 – 011  H - H
000 – 100  H -H
000 – 101  S - S
000 – 110  H - H
000 – 111  S - S
001 – 001  S - S
001 – 010  S - S
001 – 011  H - H
001 – 100  H - H
001 – 101  S - S
001 – 110  H - H
001 – 111  S - S
010 – 010  S - S
010 – 011  H - H
010 – 100  S - S

010 – 101  H - H
010 – 110  H - H
010 – 111  S - S
011 – 011  S - S
011 – 100  H - H
011 – 101  S - S
011 – 110  S - S
011 – 111  S - S
100 – 100  S - S
100 – 101  S - S
100 – 110  H - H
100 – 111  H - H
101 – 101  S - S
101 – 110  H - H
101 – 111  H - H
110 – 110  H - H
110 – 111  S - S
111 – 111  S - S
Table 4

First of all, we can notice that all the matches show a perfect correspondence that
characterizes, in every match, the two players’ expectations. In other words, all the
mental models are consistently confirmed by the outcome of the interaction: we have
reached the mental model equilibrium. Secondly, 19 of the 36 matches are
characterized by the S – S strategy equilibrium, while the remaining 17 matches are
characterized by the H – H equilibrium. This means that, at the population level, in
each period around 53% of the agents play the strategy S and around 47% play the

526

strategy H. This represents the strategy equilibrium that determine the overall
efficiency reached by the system in this particular simulation. While in all the
simulations the system reaches the perfect internal coherence among the mental
models of the agents, the level of efficiency reached by the population is pathdependent and so varies from one simulation to the other. Third, we can notice that
this equilibrium is characterized by a particular average payoff distribution: while the
agent with the phenotype 111 plays the strategy S in 6 of the eight possible matches it
can have, with an average payoff of 1.75, the agent with the phenotype 110 plays S
only in 2 matches, with an average payoff of 1.22. Again, the average payoff
distribution among the agents’ types depends on the particular simulation run.
Simulations show that these results are robust relatively to the memory’s size and
the length of the learning period: varying these parameters we observe only small
differences in the number of periods the system takes to reach the equilibrium.
Simulations show that increasing the number of the cues does lengthen the period of
co-adaptation, but the system reaches in any case the equilibrium.

4 Conclusions
While the specific results of the simulation presented in the previous section depend
on variables and parameters determined through stochastic algorithms and,
consequently, change from one simulation to the other, we can point out some general
characteristics of the dynamics of the social and cognitive model presented in this
paper.
First of all, the mental model equilibrium, and the consequent strategy equilibrium,
are reached in all the simulations, after around 300 periods. This means that, given the
assumptions of the model, the emergence of a social stereotyping system, that is, a set
of socially formed and evolved beliefs that tend to confirm and strengthen each other,
is statistically a very likely phenomenon. These beliefs are not true from an absolute
point of view: at the beginning of the simulation the phenotypes attached to each
agent do not have any influence on the agent’s behaviour. However, by playing
repeatedly the game, the agents develop beliefs about their opponents’ behaviour that
become true from a social point of view: they are true because the agent’s opponent
holds beliefs that make them true. In other words, the model presented in this paper
suggests a mechanism for the endogenous emergence of social conventions, defined
as the equilibrium reached by a system of beliefs that evolves until it reaches a state
of internal coherence.
We have to notice that, even if the particular social convention that the system
develops depends on stochastic events, or historical accidents, nevertheless, once it
gets established it is in the interest of each single agent to follow it. In other words,
even if would be in the interest of each agent to change the convention to reach the
socially optimal equilibrium, the situation where all the agents choose S, an agent that
would decide not to follow the convention would be worse-off in a system where the
other agents follow it. This makes the convention a steady state from which it is
almost impossible to escape, unless subsets of the population decide collectively to
change it.
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Secondly, the strategy equilibrium that characterizes the social convention is not
the social optimum but it is not the worst social outcome, represented by the riskdominant equilibrium, neither. In fact, the simulations show that the proportion of
interactions S – S goes from 40 to 60% of the total. However, we have seen that each
equilibrium is characterized also by an unequal average payoff distribution among
the various phenotypes. This fact would have important consequences in an
evolutionary setting, where the phenotypes having the higher average payoff would
tend to grow in the population, a dynamic that would lead to the socially optimal
outcome, where all the agents play Stag.
Finally, from a general point of view, these simulations show that, if we give up
the perfect and common knowledge paradigm that characterizes the classical game
theory to embrace the bounded rationality paradigm of the theory of learning in
games, the dynamics and the equilibrium eventually reached by the system depend
crucially on the assumptions about the cognitive skills of the agents, cognitive skills
that, in order to build models that have some positive or normative value, need to be
empirically justified. One of the aim of this paper has been the proposal of an agent
that is one step closer to the cognitive sophistication of real agents than the agent that
have populated the fictitious play models so far. The additional assumption adopted in
this paper is that the agents’ behaviour is based on the mental model that takes the
form of a decision tree through which the agents analyse the input in a lexicographic
way.
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Abstract. This research aims for more understanding of behavior in
crowds and riots. We state that crowd behavior can only be understood
by studying the individuals and their interactions, a multi-level study.
By selecting influence factors that influence the probability of a riot and
translating this on how the individual is influenced, we have taken our
first step in modeling and simulating human crowd behavior.

1

Introduction

Crowd behaviour is the behaviour shown by a large amount of individuals gathered on one physical location at a certain point in time. When some members in
such a collective express violent/aggressive behaviour, we generally adress the
crowd phenomenon as a riot. In the Netherlands for instance, riots regularly happen around soccer matches. Once in a while a demonstration gets out of hand
and the day the Dutch celebrate the birthday of their queen has ended more
than once in a violent encounter with the police. It might seem that there are
many riots going on, however the contrary is true. Often large numbers of people
gather at the same physical location at the same time without any problems.
Daily commuters traveling to work by public transportation gather on stations,
large-scale festivals and regular Saturdays in shopping centers also attract many
people, to name a few examples. As crowds are so common, what makes some
turn into a riot while most remain calm? Or to be more specific, what factors
affect the probability of a crowd situation to turn into a riot? This study focuses on answering this question, in which this paper describes the first step, a
conceptual model of crowd/collective behaviour. This model shows the relevant
influence factors in a crowd context in relation to violent/aggressive behaviour. It
emphasises the multi-level study and the focus on the individual that generates
the behaviour being influences by all levels. The explicit/implemented model in
a simulation of crowd and riot behaviour represents the following step.
Crowd behaviour is a complex and dynamic phenomenon, where a multitude
of factors influences behaviours of the individuals in a crowd. This makes it difficult to diagnose a situation as being a high risk to turn into a riot. In dealing
with crowds, the task for the riot police is very difficult as they are expected to
act proportionally in a given situation. This requires knowledge of the ongoing
processes within a crowd and the influence factors on the individual and thus
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crowd behaviour. Unfortunately, only limited knowledge is available concerning
the relation between micro (individual) and macro (group) levels of crowd behaviour, as current research is limited in moving beyond observational studies
towards experiments. These limitations are caused by the constraints of performing real/empirical experiments with crowds in terms of methodological rigor on
the one hand and the safety of subjects on the other. Due to the multitude of
variables that influence each other, it is virtually impossible to keep certain variables constant whilst manipulating others. The lack of control raises an ethical
issue as the safety of subjects cannot be guaranteed while studying the turnover
point of a crowd to a riot. Altogether, the lack of systematic knowledge about
crowd behaviour and its underlying processes prevents professionals in practice,
e.g. riot police, to improve crowd management on the basis of present-day scientific knowledge.
Although knowledge of the dynamic processes in crowds is still in a rudimentary stage, crowd research has advanced a lot in the last 15 years by numerous
observational studies (McPhail, 1991; Adang, 1998). These studies had a major
impact as they falsified the dominating intuitive crowd theories with empirical
evidence. Major assumptions made in these intuitive theories were the existence
of a group mind and shared predispositions. The idea of a group mind refers to
losing cognitive control when entering a crowd, which makes people behave at
will of this crowd mind (LeBon, 1895). The other perspective explained crowd
behaviour by claiming that similar dispositions of crowd members result in similar behaviour (Allport, 1924; Miller & Dollard, 1941). The main insights of
these observational studies proved that crowd/riot behaviour is a part of human behaviour that arises on individual level and is situation driven. Another
insight was that crowd behaviour is not uniform as individuals do not behave
in the same way at the same time. It appears that for instance, in soccer riots,
only a small part of a crowd (10 %) actually shows violent/aggressive behaviour
(Adang, 1998). Besides falsifying dominating theories, this research also gave insight into the complexity of crowd behaviour and thus the difficulty of studying
this phenomenon.
In this research we aim at gaining better insight in crowd behaviour by studying the interaction and influence processes between individuals in a crowd using
a multi-agent simulation model. By relating these underlying processes with the
behavioural patterns shown on group level, more knowledge can be gained about
the process leading towards the emergence of a riot. This contributes both to a
better estimation of the probability of a riot, as well as an understanding of the
effect of interferences on these processes. By developing a model that represents
an individual in a crowd, we are able to develop a simulation that enables us to
perform experiments with arbitrary crowd scenarios. Apart from this flexibility
that overcomes the limitations of real experiments, simulations also serve as a
methodological tool to develop theories that enable us to study domains that
are not approachable in real/empirical experiments (Helmhout, 2006).
This paper represents the first stage in this research: developing a model of
an individual in a crowd. In doing so, relevant influence factors in a crowd and
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related to aggressive/violent behaviour will be discussed in §2. As all influences
on crowd behaviour go via the individual, §3 shortly addresses the various physiological and functional aspect of indivuals as human information processing
systems. In this paragraph we also discuss some hypotheses that indicates how
the mentioned variables are intervene. In paragraph §4 we give conclusions.

2

Influences on the probability of a riot

This section describes the influence factors that are related to the emergence of
riot behaviour, but also those influences that are inherently present in a crowd
context, e.g. human density. We do so by addressing the relevant environmental
(inter-individual) as well as the internal (intra-individual) influences that play a
role in the probability of a riot.
2.1

The environment

The environment represents the external world in which an individual is situated.
In a crowd context this environment consists of people and other physical objects,
from which physical and social influences originate. The distinction between both
types of influence is based on the level tehy influence directly. Which is mostly
physiology for the physical influences, for instance by directly increasing the
arousal level when a high level of noise is observed. Whereas observing behaviour
(social influence) directly influences the functional level.
The physical environment. In a crowd, individuals are gathered on the same
physical location. Being situated in an environment, the physical surrounding
influences human behaviour through their perception of physical information
via the bodily senses, e.g. touch, sight, hearing, taste, smell. For instance in
moving, visual/tactile information is used to avoid objects, e.g. walls or other
people. In a crowd, avoiding collisions is a basic mechanism in which human
density influences walking/moving behaviour. Human density, i.e. ρhuman , is
an inevitable characteristic of crowds as it involves the co-presence of other
individuals. Apart from human density, several other relations between physical
factors and the occurrence of riots have been found, for instance temperature
(weather), noise and scent. We will discuss them all shortly, however for an
extensive overview we refer to Krahé and van de Sande (Krahé, 2001; van de
Sande, 2006) .
Several general influence factors evolve around weather conditions, i.e. temperature. Two types of temperature-riot relations are distinguished, a contributing and a inhibiting effect. Hot temperature is related to an increased amount
of riots and of crime rate. As it appears, there are more riots in summer than
in winter (Anderson & Anderson, 1998). Whereas the other temperature-related
relation is the dampening effect of bad weather (cold, windy, foggy, rainy), on
aggression in crowds. Lastly, some influence factors worth mentioning are noise
and (unpleasant) scent that appear to behave as an intensifier in an already
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tensed situation, which implies that they work as a moderator on an already
aggressive mood (Geen & O’Neal, 1969; Rotten, Barry, Milligan, & Fitzpatrick,
1979). Although both noise and scent are relevant phenomena in crowds, we only
use noise as their effects are similar.
In sum, we mentioned influence factors restraining actions (density), improving and dampening influences (temperature) and moderators on an aggressive
mood (noise, scent). In Figure 1, the selected physical influence factors, i.e. human density (ρhuman ), temperature ( ◦ C) and noise, related to the probability
of aggression are visualised.

Fig. 1. Relevant physical environment factors related to aggressive/violent behaviour
in a crowd

The social environment (inter-individual). A crowd is a group phenomenon
that emphasises a social setting. The social environment mainly involves influences by perceiving behaviours of other individuals. In what way these perceived
behaviours influence ones own behaviour depends on the connections that exists between the perceiving and observed individuals. For our crowd context we
selected three social characteristics that are assumed to play an important role
in crowds and thus to turn a crowd into a riot: in/out-group perception and the
presence of friends and leaders.
In/out-group perception relates to an typical riot setting, i.e. a two-block
setting, which is composed of two (or more) opposing groups (van de Sande,
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2006). This distinction between them and us gives rise to certain group processes.
For instance, when a clear out-group is present, the membership of the in-group
becomes more salient, which gives rise to the so-called ingroup-outgroup bias.
This bias reflects the tendency of group members to selectively favor the ingroup, but to derogate the out-group (Forsyth, 2006). Apart from studying the
interactions within a group, also the interplay between groups has practical
relevance. For instance, studying the interplay between a rioting group and the
riot police gives insight in the effect of different strategies to prevent or deescalate
riots.
Friendship indicates the unique relations an individual has with its social surrounding. For example, some people are emotionally more close, due to friendship, club-membership or blood-bond. This bond has an effect on how a person
is influenced by the other, which exceeds the rough distinction of in- and outgroup effects. Furthermore, it is usually the case that people attend crowds with
friends/family/acquaintances that makes an in-group being composed out of
smaller subgroups that are closer connected.
Leadership implies that some people exert a larger influence on others than
average, which is being perceived and accepted by most (sub)group members.
Opinion leaders, according to Glock and Nicosia (1964), are a source of social
pressure and social support that influences the decision making process of others.
Whereas the effects of leadership have not experimentally been explored in a
crowd and riot context, it seems plausible that opinion leaders play a more
central/influencing role during riots.
Through interacting an individual is influenced. This is represented in terms
of a social network that describes the connections/ties an individual has as well
as characteristics it consists of (Wasserman & Faust, 1994). In our crowd context
the characteristics of a social network consist of ties that represent in-group/outgroup membership, friendship and leadership. This is visualised in Figure 2. The
existence of a relation in terms of a pattern gives rise to the division of an in
and out group. Friendship can be characterised externally in terms of frequency
and direction of interaction, and leadership in terms of the amount of in- and
outgoing connections someone has.
2.2

The individual - intra-individual -

Besides the external influences (physical and social environment), behaviour is
also determined by internal (physiological and mental) factors. To be more precise, one’s bodily & mental states and constraints play an essential role in determining behaviour at the individual and consequently at the group level.
Physiological. Being embodied (having a human body) implies having behavioural and cognitive constraints. Not only does our autonomy define our
perceptual range and behaviour options (hearing 20-20.000 Hz, not capable of
flying, etc.), it also has impact on mental processes. In a crowd setting physiological measures such as arousal and energy are assumed to play an important
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Fig. 2. The relevant influence factor of the social environment is the social network of
an individual that describes if the existence of a relation, group individuals and the
power someone has.

role in the course of a crowd gathering, but also factors such as alcohol and drugs
influencing behaviour via physiology are very relevant in crowd situations.
Arousal is a powerful physiological state as it is related to an important basic
mechanism of the sympathetic nervous system: fight or flight, which prepares us
to act fast in a situation of threat (Baron & Richardson, 1994). Several theories
of aggression are based on the notion that arousal is closely related to aggression
(Berkowitz, 1981, 1988; Zillmann, 1988). This implies that all non-calm crowds,
e.g. festivals, demonstrations, soccer matches, which elicit above average arousal
levels, are potential riot situations. This makes the inclusion of arousal in our
model very relevant.
Energy is an other important physiological measure that relates to the bodily
resources an individual has. Energy is a necessary resource for life (behave, think,
etc.). A low energy level may drive people toward the decision to leave the
crowd as to get food, drinks or to rest, and so to restore the energy level. Both
arousal and energy correspond with primitive/basic behaviours that provide in
short term survival mechanisms (fight/flight, food search) that allow humans to
respond to a subsistence/life-threatening situation.
As physiological measures can strongly influence behaviour, also factors influencing physiology are important to address here. In many crowd contexts the
use of alcohol and drugs is a common phenomenon. Alcohol consumption is often
linked with the occurrence of group violence. Even though there is no causal re-
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lation between alcohol usage and aggression, evidence shows that a little amount
of alcohol leads to increased aggressive behaviour (Baron & Richardson, 1994;
Russel, 1993). The role of drugs on the other hand, is probably less important
than one would expect. Mostly, the effect of drugs (apart from alcohol) in relation to aggression is not that well explored (van de Sande, 2006). However,
the effects of marihuana or combined party drugs, e.g. XTC, LSD, etc., do not
appear to effect the course of a riot (van de Sande, 2006). In case of marihuana
it even seems to decrease the probability of violent behaviour (Baron & Richardson, 1994) as it makes an individual less aware of its social surrounding. In sum,
although many physiological factors mentioned are relevant for a crowd/riot context, the relation between alcohol/drugs and aggressive behaviour has only been
proven to correlate respectively positively/negatively, but remains unexplained
at the mental level.
Functional. The functional part of an individual is where the behavioural preprocessing takes place. In this, we are interested in those mental processes,
characteristics or content types that are involved in the preprocessing of aggressive/violent behaviour. Before addressing some relevant concepts, we will
shortly describe the view we have on the cognitive system.
In describing the cognitive system, a cognitive architecture provides a blueprint
of the organisation of the human mind in a fixed structure. The cognitive architectures like ACT-R (Anderson & Lebiere, 1998), Soar (Newell, 1990), and
Clarion (Sun, 2003) describe functional components that cooperate to process
information and to result in behaviour. In this description two other concepts
play an important role: representations and processes. A mental representation
contains information or other representations. These representations are manipulated by the mental processes. Figure 3 gives an overview of the components
and relevant processes that correspond with the hybrid cognitive architecture
ACT-R (Anderson & Lebiere, 1998; Helmhout, 2006).
On a more abstract level three main components are normally be distinguished with regard to the human information processing system: perception,
cognition (mainly memory) and action. Each have their own substructures and
ways of interacting with the other components. Memory in general represents
the knowledge an individual has. This includes knowledge about performing an
action, such as throwing a rock (procedural knowledge), knowledge of facts, such
as knowing what it is you can use rock throwing for (declarative knowledge), and
other forms of knowledge. Furthermore, goals are also represented as memory
elements. Perception and action on the other hand are the components that allow interaction between the internal and external world, by receiving input via
the bodily sensors, i.e. perceiving, and output by behaving, i.e. acting.
To select relevant functional influence factors, a certain content of memory,
e.g. knowledge and functions, we need to address the distinction between the
way we talk and the way we model. When observing behaviour we tend to talk
in terms of motivation, attitude, identity, and self to relate the behaviour we
observe with internal settings. It is a way in which we talk about our inner
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system. Because we want to model intra-individual in according to the general
view in AI, we need to translate these terms by operationalise them in terms
of representation and mental processes. In including relevant influence factors
we mainly focus on mechanisms that contribute to moods, tendencies or actual
behaviour of aggression. We selected saliency, motivation, and insecurity to play
an important role in the probability of showing aggressive behaviour, which need
to be translated in terms of content of the cognitive architecture.
Saliency relates to the phenomenon where something, such as norms or identity, is in focus and therefore has more influence than other norms/identities.
(Kallgren, Reno, & Cialdini, 2000; Mullen, Migdal, & Rozell, 2003). We relate
this with the activation level of the memory elements, which implies that in
showing aggressive/violence the elements representing these behaviours have to
be highly activated. This activation causes a dynamical ranking of behaviour
based on perception or an internal source of a motivation or goal.
Crowd behaviour is very diverse, and thus are the underlying goals/motivations.
This makes the dynamics between goals and thus the resulting behaviour essential within crowds. With motivation we mean: ”[...] Motivation is a modulating
and coordinating influence on the direction, vigor, and composition of behaviour.
This influence arises from a wide variety of internal, environmental, and social
sources and is manifested at many levels of behavioural and neural organization” (Wilson & Keil, 1999). To have a simple representation of driving forces
for behaviour we use the concepts of needs (Max-Neef, 1993), which represent a
fixed set of abstract goals that can be fulfilled with satisfiers/explicit goals. The
set of needs we found relevant for crowd behaviour are: Subsistence (biological),
Safety, Belonging and Autonomy. Where subsistence is need for self-preservation
in terms of energy, safety relates to a need to feel safe, belonging to a group and
autonomy to remain self sufficient. These needs are represented as memory elements that are constantly addressed and updated.
The last influence factor we want to mention is insecurity. Insecurity relates to
a situation where no behavioural rules, i.e. norms, are present but also not known
in terms of experience. For instance, when in a supermarket standing in line
waiting on your turn to pay, you know exactly how you are supposed to behave.
Most crowd situations are always insecure in some way, as it is not exactly clear
what will happen and what is the norm how to behave. For instance, when
joining a demonstration there are no clear rules of conduct for a demonstration.
So, if there are not really strong associations with behaviours it might explain
why some behaviours are very surprising. This factor is also represented in terms
of memory elements. Insecurity is a measure of the strength of associations in a
certain situation. The absence of norms and expectancies makes the behaviour
selection more depending on activation, as no good differentiator in comparing
behaviour is present.
In sum, we described the relevant intra-individual influence factors that are
physiological (energy and arousal) and the functional (reformulated concepts of:
activation, motivation representations, insecurity). The cognitive system as well
as its moderating influences are shown in Figure 3.
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Fig. 3. Internal processes and components of an individual

Fig. 4. Overview multi-level influence factors that are related with aggressive, violent
or riot behaviour.
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This section addressed the known influence factors that are related to aggressive/violent behaviour that are applicable or specifically related to a crowd
context. In Figure 4 we give the overall view on the influences that are related
to the probability of a riot. The physical influences that count for all individuals
as well as the social environment, which depends on the social network a person
individually has. All these influences go via the individual where they influence
behaviour pre-processing. Altogether, the behaviours shown on group level give
rise to a riot or not.

3

Influence factors on individual level

In modeling crowd behavior, we want to develop a model of an individual in
a crowd. As we mentioned earlier, crowd behavior arises from the behaviors
of its individuals, see Figure 4. This implies that all the influence factors we
mentioned in §2, influence the probability of a riot via the individual. The model
choices are represented by the translation of each factor on the individual level.
In this short paper we can not discuss all the hypotheses we formulated for the
various influence factors at the various levels. We will discuss three hypotheses
concerning arousal (physiology), leadership (social) and needs (functional).
We assume arousal to play an important role in the turn of a riot. The
arousal level is related to the functioning of the behavior selection process. This
means that when an aggressive/violent behavior is salient and arousal is high,
the evaluation and comparing process is inhibited due to time, which increases
the probability of showing aggressive behavior.
Hypothesis 1: High levels of arousal increases the probability of turning a
crowd into a riot by ’impairing’ the behavior selection process.
A leader has a major influence on people who perceive him/her as such. This
makes the behavior or (dis)approval of a leader a dominant influence in the
behavior selection process. These normative boundaries set by a leader can play
a crucial role whether a riot will arise or not.
Hypothesis 2: If a leader is engaged in aggressive behavior, the likelihood of
a riot will increase.
The dynamics between dominance in needs give rise to different behaviors. We
expect that this dominance of needs is related to a higher activation of a subset of behaviors, where need dominance depends on the situation. In a crowd
situation where some people show aggressive behavior high dominance of the
need belonging to a group in the surrounding individuals will give rise to the
’contagion’ process/pattern of violent/aggressive behavior.
Hypothesis 3: If some individual show aggressive behavior, high dominance
of the need belonging to a group in the surrounding individuals, will increase
the probability of a riot.
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To move on to the next stage of our research all the relations will be formalised
in a fixed structure that represents the cognitive system of an individual. This
involves a framework that allows for modeling the internal processes, as well as
for the interaction with a social and physical environment. A framework suitable
for our domain is an integration of a cognitive architecture with a multi-agent
systems framework, in which the first takes care of the internal processes and
embodiment related to cognitive capabilities and the latter with the social interaction. In doing so we will explore the possibilities to use RBOT (Helmhout,
2006), which is a cognitive agent based social simulation system that implements
ACT-R in Java and allow for social interaction. Only after the formalising and
implementing the model into a simulation of crowd behaviour, experiments can
be performed to explore the dynamics of crowds/riots and test the efficiency of
intervening strategies.

4

Conclusion

In the approach of our simulation research of which we here only presented
the conceptual structure we emphasised four design elements. In the first place
we showed the necessary multi-level relationships in crowd and riot behavior.
The physical, the social, as well as the cognitive level are important in the
interdependencies and influence factors. In the second place we included the
cognitive plausibility of the individual agents even in crowds in our model. In
the third place the various levels are integrated via the cognitive agent itself.
Finally, the conceptual structure is constructed out of modular components. This
modularity allows for extending components on each level within the overall
multi-level structure. All in the light of gaining understanding of crowd and
specifically riot behavior.
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Does Cognition (Really and Always) Matter?
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Abstract. In the social simulation community, there is a vivid dispute between
supporters and opponents of the relevance of cognition for the analysis of
macro social phenomena. This paper aims at illustrating advantages and
disadvantages in the cognitive simplification/sophistication of models,
enriching the debate in social simulation with insights from outside the
community and embedding the debate on sound methodological issues. The
paper argues that cognitive complication of sociological models should not be
viewed as a price to be paid to the realism of the model, and that social
simulations should not be always coupled with cognitive foundations to have a
real explanatory power.
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1 Introduction

In the social simulation community, there is a vivid dispute between supporters and
opponents of the relevance of agents’ cognition for modelling and understanding the
emergence of macro social phenomena [8] [17]. Does cognition (really and always)
matter for understanding social phenomena? Should we build sophisticated cognitive
models at micro level to find satisfactory theoretical explanations of social
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phenomena? These are two of the most important disputed questions in social
simulation.
This paper attempts to illustrate advantages and disadvantages of the cognitive
simplification and sophistication of social simulation models, with the aim to enrich
the debate in social simulation with insights from outside the community. As a matter
of fact, when social simulation scholars deal with the role of cognition, they seem
frequently more careful to technical and modelling details than to substantive and
theoretical issues. Opening the attention to contributions from outside the community
is a way to bring the debate back to substantive and theoretical issues, as well as to
methodological ones.
The first section summarises the most representative approaches in the social
simulation community. A particular attention is paid on the difference between what
cognitive scientists/artificial intelligence scholars doing social simulations, on one
side, and sociologists/political scientists/economists doing social simulations, on the
other, think and actually do. The difference concerns both the analytical purposes of
the models and the methodological practices.
The second section summarises the sociological approach to cognition.
Sociologists could be distinguished in three categories: cultural sociologists, who
claim the sociological foundations of cognition and cultural facts and, often, the need
for ethnographic and qualitative methods to go deep in the analysis of individual
knowledge; quantitative sociologists, who are not interested in individual behaviour
and in micro details but just on the measurement and the analysis of social facts;
mathematical and computational sociologists, or, in general, formalised sociologists
who do not believe in the need for sophisticated cognitive foundations of sociological
models, given the common idea that sociologists should be satisfied by taking into
account the results and not the generative processes of the agents’ cognition, and that
sociology should have the purpose to understand aggregative interaction processes
and their properties [6] [18] [20].
The third section attempts to establish the dispute on some methodological
foundations. For this purpose, three methodological practices in social simulation are
compared: the KISS principle [2], the kitchen sink principle, and the complication
principle. From a standard sociological viewpoint, most of sophisticated cognitive
models in social simulation seem often to fall into the second category. In general,
KISS principle should be viewed as the preferable standard practice, because of the
recognised advantage of simplification, abstraction, and transparency of models for
the inter-subjective control and collaboration, and scientific progress. The
complication principle is suitable just in particular cases, when theoretical and/or
empirical evidences and reasons justify to enrich some components of the model
(cognitive level being one of them).
The paper ends up arguing that the level of complication of cognitive foundations
of sociological models should be related to the nature of the explananda only on the
base of functional reasons, taking into account this following good methodological
practice: to start with relevant empirical phenomena to be addressed with simple
models and general theories, and to further complicate the models just if simple
theories do not work in explaining the phenomena, and not because of the presumed
complexity of the empirical reality, so to avoid the kitchen sink risk. For the purpose
of doing analytical research, models should not be intended as a 1 to 1 (or even a 4 to
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1, as it happens in some case with cognitive models) mapping of the complexity of
the reality, but as a means to abstract, dissect and simplify among the many factors,
variables and mechanisms potentially and empirically involved in generating a given
phenomenon.
In this perspective, the question of the analytical levels on which to build and
divide a theoretical model (micro-meso-macro) can not be confused with how the
reality concretely is, as though analytical levels were ontological objects of the social
reality [6]. The methodological and modelling practice of identifying analytical levels
of models, and, in this case, of differentiating between cognition (micro) and social
(macro) level, is commonplace in science, not only in social simulation. But, the idea
to proceed in the analysis by permanently assigning autonomous epistemological
existence to the levels, and by taking into account their mutual interaction every time,
should be justified only if such a difference adds explanatory power to the model.
Otherwise, such a methodological practice can come to damage the heuristic value of
the analysis [17].

2 Cognition or Not? A Social Simulation Viewpoint
The relevance of cognition is far from being commonly recognised in social
simulation. Cognitive scientists and artificial intelligence practitioners doing social
simulations strongly emphasise the cognitive premises and consequences of social
emergence, although the results of most of agent-based models in social simulation
seem to support the contrary argument. As a matter of fact, the overall evidence of
social simulations is that “contra interpretivists, objective structure can emerge, and
the existence of those structures can constraint individual agents (via changes in
patterns of local interactions), even when agents have no internal representations”,
that is no relevant cognitive features [28].
For the sake of analysis, four different approaches to the modelling of agents’
behaviour can be identified in social simulation (even if, in the reality, they are often
blended), with a various degree of thickness of cognitive foundations involved: the
“folk psychology” approach; the bounded/adaptive rationality approach; the social
cognition approach; the computational logic/artificial intelligence approach.
The “folk psychology” approach, sometimes called “commonsense psychology”
or “naïve theory of action”, is a quite common means to modelling individual action
in sociology and psychology, as well as in part of artificial intelligence [24]. Among
the four approaches, this first is the less cognitivistic one. It is based on the
undeniable evidence that behaviour explanations are a everyday human activity and
that we, as humans, interact with our peers and evaluate their actions by assessing
their intentions depending on their (supposed) beliefs and desires [4]. This is the
reason why folk psychology is also viewed as a simple and intuitive general theory of
the individual behaviour. In psychology and sociology, it is called Belief-DesiresOpportunities (BDO) theory and has been originally established by Jon Elster [12]. In
social simulation and in artificial intelligence, it is called Belief-Desired-Intentions
(BDI) framework, which is viewed as a computationally tractable model of cognition,
easy to understand and quite general.
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The assumption behind this theory is that modelling individual action as a set of
beliefs, desires and opportunities is a way to make individual action intelligible and
thereby explainable [20]. Moreover, one could select a particular ideal-type of
explanations of individual action, for instance an opportunity-based explanation rather
than a desire-based, or connect these building blocks to formally express simple and
general behavioural patterns, such as adaptive preferences, counter-adaptive
preferences or wishful thinking, which can be used as causal explanations of
individual behaviour. BDO theory is confronted or put together with other
alternatives, such as rational choice models, adaptive rationality or learning models.
As we see in the next section, sociologists make use of BDO theory to abstract away
any sophisticated cognitive features of individual action so to get a suitable model for
sociological purposes.
Originally introduced by Herbert Simon with the concept of “bounded rationality”
[30], and further developed by James March [25] and, more recently, by Gigerenzer
and Selten with their notion of “adaptive rationality” [15], the second approach
emphasises the importance of internal cognitive processes of decision making and
embeds the cognition in the individual mind, with the purpose of understanding how
decision is undertaken in complex environments. Most of agent-based models in
computational economics, as well as in evolutionary economics, are inspired by a
simplified and reduced version of these cognitive models (local adaptation vs global
outcomes), with the aim to leave behind or to complicate respectively the standard
assumption of the rational choice model and the standard economics [14] [33]. In this
case, the focus is not on the purpose of the individual action, but on cognitive
procedures, such as selective attention, time, memory, computational capacity, local
information, and so on.
The social cognition approach, which has been put forward by social and
cognitive psychologists, such as Zerubavel [35] and Kunda [21], is focused on the
attempt to find behaviour explanations not only appealing to psychological bases of
individual action or cognitive processes, but rather based on the sense-making that is
made possible on the base of social interactions and knowledge. The attention is on
how people use social mental categories to persuade each other, communicate or build
and exploit social images and reputation. Examples of a similar approach in social
simulation can be found in the social influence model by Latané [22], or, with a
different analytic purpose and a more sophisticated cognitive modelling, in the
reputation model by Conte and Paolucci [9]. Here, the cognitive elements of social
action are not conceived as pure procedural internal building blocks of individual
decision, as in Simon’s view, but as substantive social components of the action’s
meaningfulness.
Last but not least, there is what we called the computational/logic approach, which
should be considered as a third way between folk psychology and social cognition. In
this case, scholars have a close interest in using formal logic and computing as an
appropriate analogy of cognition, with an emphasis on commonsense reasoning, the
structure of human mind and social agency [7] [26] [32].
Social scientists doing simulations see the cognitive notion of “agent” in a
different way, either as a pragmatic modelling-oriented problem, more than a
theoretical substantive issue, or as a sophistication that would only complicate a
model without a strong theoretical reason to do it. Moreover, since theoretical
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assumptions behind cognitive models suggested by cognitive scientists doing social
simulation are ad-hoc solutions with extreme theoretical and paradigmatic diversity,
the unavoidable consequence for social scientists doing social simulation is that “the
choice of a cognitive model […] will probably depend on pragmatic issues such as
how easy they are to obtain, previous experience with them and their use in related
research” [17], more than for good theoretical and explanatory reasons.
Looking upon the debate, it is easy to realise that there is a clear difference
between what cognitive scientists/artificial intelligence scholars doing social
simulations, on one side, and sociologists/political scientists/economists doing social
simulations, on the other, are actually doing. The difference concerns both the
analytical purposes of the models and the assumed methodological practices.
Most of computational sociologists or economists argue that modelling agents
should be modelling no more than individual decision rules [13]. This is because
resources and attention of a model should be put on the explanatory power of
interactions, and on how decisions aggregate to give rise to empirical macro patterns
and regularities, which are the ultimate explananda. Computational economists, who
represent the larger community in social simulation by now, are mostly interested in
demonstrating that the invisible hand does not require intelligent fingers. Given such a
purpose, the consequence is that their simulation models are built to relax the standard
assumption of mainstream economic theory on the absolute rationality of agents and
their homogeneity, including agents (heterogeneous to a certain extent) following
simple behavioural rules. Game theorists and scholars, who are engaged in the field of
cooperation and social dilemmas, do about the same. Most of computational
sociologists believe that sociology should explain particular features of aggregate
behaviour and collective patterns, and not features of individual action [19] [6].
On the opposite, cognitive scientists doing social simulations strongly argue that,
under each agent’s decision, there is a causal cognitive process that can influence, and
be influenced by social factors, with the consequence that modelling agents without
cognitive features can give rise to strong epistemological mistakes and to
unsatisfactory explanations of a social phenomenon [7]. As Sun has recently outlined,
in his interesting attempt to combine social simulation with cognitive sciences,
models of social phenomena need for cognitive foundations because the
understanding of aggregate phenomena is possible only if we have a ”better
understanding” of individual cognition, given that “cognitive models may provide a
more realistic basis for understanding multi-agent interaction, by embodying realistic
constraints, capabilities, and tendencies of individual agents in their interaction with
their environments” [32]. This is the same argument put forward by Pylyshyn [27],
when he argued that explanations of individual behaviour that do not involve
cognitive terms run the risk of misattributing the reasons for that behaviour.
On this need for deepening the micro-foundations, cognitive scientists meet
artificial intelligence practitioners and theorists, who are working on the
conceptualisation and the modelling implementation of theories of “agency” [26].
Unfortunately, at least from a social science viewpoint, these last seem mostly
interested in generating taxonomies to pinpoint differences between types of agents,
meta-rules and rules of behaviour, and to define ontological and/or modelling
frameworks that should be used for the first purpose. The construction of
computational objects is mostly not related to the explanatory purpose on which a
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sociologist or a social scientist is called to take into account, that is to explain a given
macro empirical social phenomena starting from theoretical assumptions on agents’
behaviour and interactions. As a consequence, technical issues in the modelling of
agents are sometimes confused with theoretical issues, with the result to have
complicated models, methods, and tools without a real explanatory power.
But, although cognitive scientists call attention to the aim of realism of models,
sociologists and economists argue for the need to abstract away the micro details of
agents’ behaviour to concentrate on micro-macro components of models. The level of
in-depth examination of individual action to be established in sociological models is
instrumental to the analytic purpose of explaining aggregate social phenomena and
not a analytic purpose in itself.

3 What Sociologists Think and Do (or Should Do)
With reference to cognitive issues, one can roughly distinguish three types of
sociologists:
1)

2)

3)

cultural/qualitative sociologists, who claim the sociological foundations of
cognition and cultural facts and, often, the need for ethnographic and
qualitative methods to go deep in the analysis of individual knowledge;
quantitative sociologists, who are not interested in individual behaviour and
in micro details, but just on the measurement and the analysis of social
facts;
standard mathematical, computational or formalised sociologists, who do
not believe in the need for sophisticated cognitive foundations of
sociological models, given the common idea that sociologists should be
satisfied by taking into account the results and not the generative processes
of the agents’ cognition and that sociology should have the purpose to
understand particular features of aggregate behaviour and collective patterns
and not features of individual behaviour [6] [20].

As said before, it is quite evident that sociologists do not deal with the challenge
of explaining individual action [6]. They would aim at explaining social structures
and collective phenomena, and, in particular, the objective nature of these, as
quantitative and mathematical sociologists would clearly argue [18]. An example is
the famous Schelling model of segregation and its many variants [8] [16], where a
population of neighbouring agents is assumed to be divided in two groups. It is quite
undeniable that the reason of such a division should make reference to relevant sociocognitive basic processes such as social identity and identification. But, the
Schelling’s analytic purpose was not to explain why people were divided in two
groups, or why they felt to belong to a particular group, and so on. The model was
created to explain the unintended aggregate consequences of individual action, taking
for granted all the basic cognitive processes that could be the causes of such action. In
a word, the explanatory purpose was to explain the emergence of social macro
dynamics out of interactions, not the feature of individual action [17].
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Vice-versa, sociologists, who are interested in deepening the relation between
objective and subjective nature of social institutions or structures, strongly believe in
the primacy of qualitative methods, and are not interested in computational and
mathematical approaches to sociology. In these cases, cognition undoubtedly matters
for sociological analyses, but is necessarily investigated through discursive and
narrative methods, or even through other formalised tools.
Computational and mathematical sociologists, as well as formalised sociologists,
who believe in the added value of simplification and parsimony for the scientific
enterprise, argue that most of the computational resources of a sociological model
should be addressed to the explanatory power of interactions, with the aim to
understand how individual decisions aggregate giving rise to macro patterns and
regularities, which are the ultimate sociological explananda [6] [10] [19].
This last argument was suggested by Coleman, with his famous example of the
“boat” (see figure 1), who correctly emphasised the complexity trade-offs between the
different components of a theory in sociology. Since the sociological purpose is to
understand how individual actions combine to generate a macro outcome, in order to
explain synchronic and diachronic changes or features at a macro level, a sociological
theory should contain four basic components: a macro situation X (a given empirical
macro-regularity, possibly measured in terms of a social indicator, a variable, and so
on, which is a set of possibilities/constraints upon individual action); a set of
individual actions (explained in terms of a rational action, for instance, inside a BDO
framework); an interaction structure that connects individual actions; a micro-macro
link able to explain how interaction produces a macro outcome Y.
As a consequence, to allow greater complexity to the point 3) and 4), which are
typically of greater sociological interest, “one must keep the action component as
simple as possible by abstracting away all elements not considered crucial” [20].
Sociologists who opted for folk psychology theory, a BDO framework or a rational
action theory as micro-foundations of their models, did it intentionally for such
instrumental and theoretical reasons [6].
There are two further theoretical arguments that corroborate such a position, at
least in sociology [17]. The first one is that the understanding of a social phenomenon
at a macro level does not always require the assumption of behavioural heterogeneity
at a micro level, with the consequence that the attention to endogenous cognitive
features of behaviour would be a pointless exercise, or a complication of the model
without a theoretical purpose to do it. Moreover, even if there would be empirical
and/or theoretical evidence that behavioural heterogeneity matters in the case of
interest, this should not automatically imply the recourse to cognitive features and
sophistications, given the possibility of pulling up the micro-foundations of a model
to the behavioural/action level. In most cases, the reason for complicating at the micro
level depends on the need for exploring the space of possible behavioural parameters
in more exhaustive way [10], and not necessarily on the need for plunging into the
cognitive level. If this is true, then the problem of the micro-foundations of
sociological models is more a quest of ‘horizontal exploration’ (among alternative
micro-foundations), than a quest of ‘vertical in depth-examination’ (between
behavioural and cognitive levels of assumptions).
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Fig. 1. A Representation of the so-called “Coleman Boat”.

The second one concerns the so-called argument of the “multiple realizability”
[28], which stands for the evidence that a wide range of possible micro behavioural
mechanisms might come to produce the same macro phenomenon at the level of
sociological interest, so that a general sociological explanation should abstract away
the micro details and the concrete generative micro mechanisms of the macro
realisation. As Nigel Gilbert rightly outlined, the reason why Schelling’s model of
segregation is a good model lies in its theoretical generality in sociological terms, and
precisely in its capacity to demonstrate the role of unintended macro consequences of
the households’ migration, beyond any supposed argument about the heterogeneous
and differentiated underlying motivations at the household level [17]. Anyway, this
does not impede that a further scientific goal should be to explore alternative
theoretical assumptions as regards to Schelling’s theoretical starting point [16], as
well as to carefully verify the assumptions of the model in particular empirical
contexts, as other scholars more recently did [5].
At this point, a computational, mathematical or formalised sociologist would ask
why bother with cognition. According to an analytical and formalised sociological
approach [6], [20] [18], an appropriate micro-foundation of a sociological model
should be a plausible theory of human action, based on empirical-grounded
assumptions “known to be at least roughly correct in the real-world setting that we are
analyzing” [20], expressed in an abstracted and precise theoretical framework, that is
as simple as possible. The theoretical abstraction allows avoiding accounts of
individual action that are based on “thick” descriptions, given the epistemological
assumption that “neither the psychology for the phenomenology of human action is a
focus of analytic attention: no attempt is made to capture the full diversity of the
cognitive or motivational aspects of action nor of the nuances of its subjective
meanings” [18].
This position definitively depends on the idea, mentioned before, that the primary
analytic concern of sociology is to elucidate the macro-micro-macro link, that is to
show the ways in which a number of individual actions, given some social constraints
and a ex-ante macro situation, come together so as to generate macro-social
phenomena of interest, as well as how such macro-phenomena can come to affect
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individual action. The sociological in depth-examination of individual action is
instrumentally viewed as a means to understand macro phenomena, and not an
analytic purpose in itself.
This is the reason why the concepts of individual that is appropriate to cognitive
sciences, where both analytic and explanatory purposes deal with individual
phenomena and the higher level (to be explained) is cognition, and the concepts of
individual that is appropriate to sociology, where analytic purpose is to explain macro
level phenomena, differ very much [23]. Following Coleman [6], Stinchcombe [31],
Hedström [20] and Golthorpe [18] in their footsteps, the point is that the relevant
advantages of formalisation, simplification and abstraction of models, as well as their
explanatory power, are lost if the lower-level processes, which are introduced to
account for higher-level social regularities (to be explained), require themselves
complex (often ad-hoc) explanations.

4 Methodological Issues: KISS, Kitchen Sink and Complication
The debate on cognition in social simulation and in sociology cannot be abstracted
away from methodological issues and foundations. This is because, as said before,
adding cognition to a sociological model is adding complication at a micro level and,
as a consequence, an unavoidable trade-off between simple/transparent explanations
and complicated models.
It is worth noting that deciding within such as trade-off is difficult, and,
ultimately, a matter of scientific perspectives and tastes. From one hand, it is manifest
that computer simulations, in particular agent-based models, allow to include more
complications and details in the modelling, as compared to what scholars usually can
do with mathematical and standard analytical models. On the other, the fact that a tool
is particularly flexible and allows to easily express complicated models is not a good
methodological and theoretical reason to play it on without measure. In fact, if this
was the criterion, the resulting paradox would be that doing simplified and transparent
models in social simulation could be implicitly perceived as driving a race car doing
no more than 15 miles per hour.
To give a more structured look at such debate, one can compare three
methodological practices that are currently confronting in social simulation: the KISS
principle [1], the kitchen sink principle and the complication principle.
The KISS principle stands for the motto “Keep It Simple Stupid”, and it is the
standard practice in social simulation: it means that a given social phenomenon
should be understood in theoretical terms by abstracting away irrelevant details and
empirical richness and simplifying assumptions and modelling components at the
most. This allows for an easy understanding of what is going on in the model, as well
as an effective inter-subjective control and falsification, which are synonymous of the
scientific progress. From a sociological viewpoint, the KISS principle is the opposite
of what might be called a cognitive foundation. Actually, it is not a case that most of
simulation models in sociology and in economics are micro-founded on simple
behavioural rules, with very simple bounded rationality processes at a micro level
(usually, some meta-rule that allows rules’ up-to-dating, selection and change over
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time). Moreover, it is not a case that all of the most famous and successful theoretical
and/or simulation models are kept very simple at the micro level. In sociology,
examples are Schelling segregation model [29], Granovetter’s model of collective
phenomena [19], or Axelrod’s model of cooperation [1], just to name a few. The
epistemological and methodological advantages of KISS approach are: the simple
intuition behind the model, the wide range of application of the model, the theoretical
generality of the explanation, the possibility given to colleagues to enter the model in
detail, to use it, re-use it, extend it, test it, and control it. As a matter of fact, it is more
congruent for the scientific success of a discipline to proceed step by step in a
cumulative and collective way. Simplification, abstraction, generality and parsimony
are the main features to be able to proceed in such way. This is what KISS models
allow to do.
The kitchen sink principle is that a model should map the richness, details, and
features of the reality as close as possible, with the result that “you simply open the
fridge and take everything in it to put in the kitchen sink and prepare the soup” 1. The
assumption is that the model of a phenomenon should be able to include all the
factors, variables and objects that are called to play a role in the genesis or emergence
of the phenomenon, following both theoretical or empirical inspiration. It is a
common attitude in empirical case-studies, or in qualitative and ethnographic studies,
that has been imported also in formalised social science. As said before, such attitude
is not so uncommon also in social simulation, given the belief that the advantages of
computer simulations in respect to standard analytical models is that you can add a lot
of details and complications, and see what happens.
As said before, the argument of the higher level of flexibility of computational
tools as compared with mathematical or other formalisation tools is a out-of-place
argument. As Hedström correctly pointed out, “since there are hardly any constraints
on the analyses that can be performed, it sometimes leads analysts to specify
simulation models that are almost as complex and difficult to comprehend as the reallife processes that they are supposed to help us understand. To be useful, a model
must be realistic yet sufficiently simple and transparent to further our understanding
of the key mechanisms at work. If it is not, then we may as well use real data and
simply describe the patterns observed in them [italics mine]” [20].
The complication principle is a variant of the so-called KIDS principle [11]. It is
of paramount importance for the cognitive perspectives on social simulation. KIDS
stands for “Keep It Descriptive Stupid” and means that one should start with a
descriptive model, which may be quite complex, to simplify just at the next step and if
such a need is justified. KIDS approach overturns KISS practice. If KISS practice
starts from a strong belief in the value of theoretical abstraction, KIDS starts with a
descriptive adequacy, mostly related to the belief that adding empirical knowledge,
also common-sense descriptions, is better than relying on theoretical abstractions. In
the KIDS view, social simulation models should start with a wide range exploration
of factors and components as candidates for being considered relevant features of the
model. In the KISS view, social simulation models should start with theoretical
abstraction and simplification. KIDS emphasises the in the course of and ex-post
value of the model, even contemplating the involvement of stakeholders in the
1

I owe this definition to Gérard Weisbuch.
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modelling, as empirical knowledge bearers. KISS proudly emphasises the value of exante theory used to build the model.
Here, we suggest that, if KISS is the best way to start with a model, because it
emphasises the role of theory and the added value of simplification, there can be
sound reasons to do a further complication step, when models and simulation results
force analysts to come back to theoretical assumptions and to complicate the starting
points. Such reasons can be of two types, theoretical and empirical ones. On the
second type of reasons, there is a vibrant methodological debate on empirical
calibration and validation of models that is currently ongoing in social simulation,
which is impossible to summarise in a few lines here (i.e. [3] [34]). On the first type
of reasons, the assumption here is that even if the KISS approach is in principle the
best one to do social science, there can be relevant cases in which one is forced to add
step by step further levels of complication/sophistication in the theoretical
assumptions behind the model, because simplified starting points cannot satisfactorily
explain the phenomenon the analyst is trying to explain. The complexification of a
model can be therefore motivated by sound theoretical and empirical reasons. But, the
point is that such a complexification does not mean necessarily a sophistication of the
cognitive level of the model, but, let’s say, a complication of the interaction structure
or of other model’s relevant components. The choice of the analytical level involved
in the complexification depends on the analytical purpose of the analyst, for instance,
on empirical data or evidence available or on pure theoretical reasons.
Whatever this methodological debate is of interest or not here, the conclusion is
that, from a sociology viewpoint, most of sophisticated cognitive models often fall
into the kitchen sink methodological practice. The complication of the cognitive level
seems often a price to be paid in advance to theoretical richness or empirical realism
of the model. We argue that, in general, KISS principle should be viewed as the
preferable standard practice, because of the recognised advantage of simplification,
abstraction, transparency of models for inter-subjective control and collaboration. The
complication principle is suitable just in particular cases, when theoretical and/or
empirical evidence and reasons justify the needs to enrich some of the model’s
components (cognitive level is one of them).

5 Concluding Remarks
In this paper, we have suggested some theoretical and methodological reasons to
defend the idea that social simulations do not always need to be coupled to cognitive
micro-foundations to have real explanatory power for the analysis of social
phenomena, and that such a coupling should be carefully advocated just if there is a
clear evidence that it can add explanatory power to the theory behind the model. On
the contrary, the formalized model loses the unequivocal advantage achieved from
simplification and abstraction, without a concrete increasing in its theoretical and
explanatory sociological value. Therefore, the sophistication of the cognitive level of
a model should not be viewed as a price to be paid to the realism of a sociological
model, as a means to achieve a good isomorphism between model and reality, or as a
way to honour a supposed appropriate interdisciplinary style of doing social science.
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As we have argued, such a position seems to be confirmed on the basis of sound
methodological and substantive reasons. On the methodological side, it is worth
outlining that the historical experience in the usage of formalized models in the social
sciences seems unequivocally to prove the pre-eminence of simplified, abstracted and
usable models upon overcomplicated, specific and ad hoc ones [1] [13]. Although it is
manifest that social simulation models, in particular agent-based models, allow the
scholar to include more complications and details in the modelling of agents,
interactions and environments, as regards to standard analytic models, this fact cannot
constitute per sé a self-justified reason for the need to introduce complicated
cognitive foundations in sociological analyses. In fact, if this complication would be
introduced without a sound theoretical and explanatory reason, the consequence
would be to stuff a sociological model with layers, details, pieces of ad hoc theories
and assumptions, as well as with a set of complicated micro-macro-micro feedbacks,
with the result of building a model more complex than the phenomenon it is called to
explain. As a matter of fact, at a certain level of model’s complication, the cost
benefit ratio of formalizing a model, as well as its explanatory advantage as regards to
standard qualitative methods and analyses, significantly decrease.
Thus, if this is true, there are good reasons to argue that social scientists, which are
seriously interested in taking advantage of the usage of formalised theoretical models,
should leave the analysis of complicated and sophisticated cognitive phenomena to
cognitive scientists, at the same time leaving the challenge to explore the deep (and
interesting!) link between cognitive and sociological analytical levels to other
approaches and research traditions (i.e. ethnography, qualitative studies, and casestudies). Since the explanandum of a sociological model is not the individual
behaviour but an aggregate phenomenon, and given the methodological and pragmatic
constraints posed by the usage of formalized models, a good practice in the case of a
sociological model would be to put effort and attention in the modelling and the
understanding of interactions among agents and how individual actions aggregate at
the macro level. However, it is of paramount importance that sociological models
require the explicit generative reference to individual action and interaction to avoid
the risk of reifying and evoking macro categorical concepts, such as “class”,
“culture”, or “system”, which are often used as explanatory categories in macro
sociology in a tautological way. This is the reason why social simulations (agentbased models) are a powerful and irreplaceable means to formalize sociological
generative models.
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Abstr act. This study analyzes the complex interplay of internal and external
cognitive connectivity of founding teams and their inter-organizational
relationships. For this purpose a comprehensive model has been formulated,
formalized, and simulated. The results support young enterprises to increase
their connectivity to potential external partners, while ensuring a necessary
minimum of internal connectivity, to explore and exploit intended interorganizational relationships.
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1 Intr oduction
Young enterprises often need to rely on external resources and capabilities [1]. To
gain access to these complementary resources young enterprises have to cooperate
with diverse external partners from domains different to their own [2]. Adequate
levels of shared languages and systems of meaning are precondition for long-lasting
and beneficial inter-organizational relationships [3]. One major success factor for
young enterprises is a high degree of similarity of their identities and cognitive
schemata within the founding team. This internal cognitive connectivity is beneficial
in early stages of founding [4], but can evolve to a cognitive lock-in [5], limiting the
connectivity to potential external partners [6] in further stages. Therefore, it is a
crucial but difficult task for young enterprises to balance their internal and external
cognitive connectivity to explore and exploit the potential benefits available via interorganizational relationships.
So far, little is known about the factors and mechanisms influencing the
interrelated development of internal and external cognitive connectivity of young
enterprises and their inter-organizational relationships over time [7]. To generate
deeper insights, a comprehensive model integrating recent theoretical and empirical
results concerning attributes and processes on the micro-level of individual actors
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within founding teams and potential external partners has been formulated. In a
further step this model has been formalized and simulated to analyze the linkages on
the macro level between the input parameters and the outcomes in terms of cognitive
connectivity, inter-organizational relationships, and network success

2 Model and Simulation
The interrelated processes of the development of cognitive connectivity of a focal
founding team and of the development of its inter-organizational relationships
constitute the core of the model.
Parameter s:
-Specialization
-Internal Learning Rate
-External Learning Rate
-Team Composition
- Internal Support Requirement
-Selection Heuristic
-Memory Rate
Cognitive
Predisposition

Cognitive Connectivity:
- External
- Internal

Inter-Organizational
Relationships

Network
Success

Fig. 1. Overview of the model

Cognitive predispositions of internal and external agents are conceptualized as sets of
cognitive schemata [8] which are formalized as numerical vectors. Each schemata of
an external agent represents its individual requirements on a relationship to the focal
founding team. Each schemata of an internal agent represents its perception of the
requirements of an external partner it interacts with. Each internal and external agent
belongs to a class of expertise. Within these classes the similarity of cognitive
schemata is higher than between the classes. Cognitive connectivity is defined by the
deviation of two respective schemata, but can also be calculated as aggregated
measure between sets of agents. Interacting with an unknown actor or in a new
context, actors rely on their already acquired schemata as default for expectations on
the new situation [9]. Internal agents add a copy of their schema with the lowest
deviation to the interaction partner’s schema to their repository as a perception pattern
for the acquired knowledge. Experiences during partnerships lead to the adaptation of
these schemata over time: For each dimension of each schema vector the value is
modified, so that the deviation to the corresponding value of the partners’ vector
decreases per period according to the respective learning rate.
Parameters which are covered by the simulation model are specialization of
relationship management within the founding team, the internal and external learning
rate of internal agents, team composition, internal support requirements, the selection
heuristic applied for external partner evaluation as well as the memory rate of focal
agents, which defines how long not applied cognitive schemata are available within
the repository. Network success is measured as the degree to what different classes of
resources are available to a founding team by inter-organizational relationships.
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Initially, the simulation generates by random generator a respective number of
cognitive classes defined by sets of intervals concerning the dimensions of schema
vectors as well as cognitive schemata within these classes for all simulated internal
and external agents. In each period of simulation each internal agent chooses an
external partner, adds the respective schemata for external and internal interactions to
its repository, and adapts all schemata of ongoing partnerships. External agents
evaluate the deviations to abort the respective relationship if it exceeds their tolerance.
The schema deviations between internal agents influence their support within the
founding team. By computing these processes of external and internal agents on the
micro level the simulation allows for the analysis of network dynamics on the macro
level in terms of external and internal cognitive connectivity, inter-organizational
relationships and network success.

3 Results and Implications
The core contribution of this study is to develop a deeper understanding how the
presented parameters influence the complex interplay of internal and external
cognitive connectivity of founding teams and their intra- and inter-organizational
relationships. Young enterprises are supported to increase their connectivity to
potential external partners, while ensuring a necessary minimum of internal
connectivity, to explore and exploit intended inter-organizational relationships.
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Modelling bilingualism in language competition:
the effects of complex social structure
Xavier Castelló, Riitta Toivonen, Vı́ctor M. Eguı́luz, and Maxi San Miguel
IFISC (CSIC-UIB) Universitat Illes Balears, E-07122 Palma de Mallorca, Spain
Abstract. In the general context of dynamics of social consensus, we
study an agent based model for the competition between two socially
equivalent languages, addressing the role of bilingualism and social structure. In a regular network, we study the formation of linguistic domains
and their interaction across the boundaries. We analyze also the dynamics on a small world network and on a network with community structure.
In all cases, a final scenario of dominance of one language and extinction of the other is obtained. In comparison with the regular network,
smaller times for extinction are found in the small world network. In the
network with communities instead, the average time for extinction is not
representative of the dynamics and metastable states are observed at all
time scales.

1

Introduction

Language competition belongs to the general class of processes that can be modelled by the interaction of heterogeneous agents as an example of collective phenomena in problems of social consensus [1]. In this respect, a specific feature of
language dynamics is that agents can share two of the social options that are
chosen by the agents in the consensus dynamics. In the present work, these are
the bilingual agents, that is, agents that use both language A and B, who have
been claimed to play a relevant role in the evolution of multilingual societies [2].
In this work we are interested in the emergent phenomena appearing as a
result of a self-organized dynamics in the case of two equally prestigious competing languages. With the aim of elucidating possible mechanisms that could
stabilize the coexistence of these languages, we wish to discuss the role of bilingual individuals and social structure in the process of language competition. To
this end, and along the lines of the original proposal by Minett and Wang [2], we
study an agent based model that incorporates bilingual agents on different networks: a regular lattice, a small world network, and a social type network with
community structure [3]. We compare the results obtained with the agent-based
version [4] of Abrams-Strogatz two-state model [5], where bilingualism was not
taken into account.

2

The Bilinguals Model

We consider a model of two socially equivalent (i.e. equally prestigious) competing languages in which an agent i sits in a node within a network of N

581

individuals and has ki neighbours. It can be in three possible states: A, agent
using 1 language A; B, agent using language B; and AB, bilingual agent using
both languages, A and B.
The state of an agent evolves according to the following rules: at each iteration we first choose one agent i at random, and, then, we compute the local
densities of language users of each linguistic community in the neighbourhood
of agent i: σil (l=A, B, AB; i=1, N ; σiA + σiB + σiAB = 1). The agent i changes
its state of language use according to the following transition probabilities 2 :
1 A
σ
(1)
2 i
1
1
pi,AB→B = (1 − σiA ) ,
pi,AB→A = (1 − σiB ).
(2)
2
2
Equation (1) gives the probabilities for an agent to move away from a monolingual community to the bilingual community AB. They are proportional to the
density of monolingual speakers of the other language in its neighbourhood. On
the other hand, equation (2) gives the probabilities for an agent to move from the
bilingual community towards one of the monolingual communities. Such probabilities are proportional to the density of speakers of the adopting language
including bilinguals (1 − σil = σij + σiAB , l, j=A, B; l 6= j). It is important to note
that a change from being monolingual A to monolingual B or vice versa always
implies an intermediate step through the bilingual community. The transition
probabilities (1) and (2) are fully symmetric under the exchange of A and B,
which is consistent with the fact that both languages are socially equivalent in
terms of prestige.
We recover the agent-based version of Abrams-Strogatz two-state model
when bilinguals are not present [4]. In this model, an agent essentially imitates
language use of a randomly chosen neighbour.
For a quantitative description of the emergence and dynamics of linguistic
spatial domains we use the ensemble average interface density hρi as an order
parameter. This is defined as the density of links joining nodes in the network
which are in different states [1]. The ensemble average, indicated as h·i, denotes
average over realizations of the stochastic dynamics starting from different random distributions of initial conditions. During the time evolution, the decrease
of ρ from its initial value describes the ordering dynamics, where linguistic spatial domains, in which agents are in the same state, grow in time. The minimum
value ρ = 0 corresponds to a stationary configuration in which all the agents
belong to the same linguistic community.
pi,A→AB =

3

1 B
σ ,
2 i

pi,B→AB =

Results

a)Regular and small world networks
1
2

Note that we always refer to language use rather than competence.
Non-equivalent languages were considered in the original version of the model [2].
The prefactor 1/2 corresponds to the special case of equivalence between A and B.
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Fig. 1. Random initial conditions: snapshots of a typical simulation of the dynamics in
a regular lattice of 2500 individuals. t=0, 2, 20, 200 from left to right. Red: monolinguals
A, black: monolinguals B, white: bilinguals.

The bilinguals model has been extensively studied in two-dimensional lattices, and small world networks [6]. In two-dimensional lattices, and starting from
a randomly distributed state of the agents, spatial domains of each monolingual
community are formed and grow in size (Fig 3). This is known in the physics literature as coarsening. Meanwhile, domains of bilingual agents are never formed.
Instead, bilingual agents place themselves in a narrow band between monolingual domains (Fig 3). Finally a finite size fluctuation drives the system to an
absorbing state, where all the agents become monolingual, while the other monolingual community together with the bilingual agents face extinction. Average
interface density hρi decays as a power law hρi ∼ t−γ , γ ≃ 0.45 [6]. This indicates that the growth law found for the bilinguals model is compatible with
the well known exponent 0.5 associated with domain growth driven by mean
curvature and surface tension reduction observed in SFKI (spin flip kinetic Ising
model) [7]. The characteristic time to reach an absorbing state τ scales with
system size as τ ∼ N 1.8 . A very different behaviour is found for the agent based
Abrams-Strogatz model, where bilingual agents are not present: coarsening is
slower (hρi ∼ ln t) and driven by interfacial noise.
In Watts-Strogatz small world networks τ ∼ ln N [6]. While for the agent
based Abrams-Strogatz model the long range connections inhibit coarsening by
producing long-lived metastable states, in the bilinguals model adding long range
connections to the two-dimensional lattice slows down coarsening, but domains
keep growing in size. In addition, they speed up the decay to an absorbing state
due to finite size fluctuations [6].
b) Social type network with community structure
A combination of random attachment with search for new contacts in the
neighbourhood has proved fruitful in generating cohesive structures (algorithm
in [3]). We choose this model, which produces well-known features of social networks, such as assortativity, broad degree distributions, and community structure.
The most important result regarding this topology, is the behaviour of the
characteristic time to reach an absorbing state. To this end, we analyze the fraction f (t) of runs still alive at any time t, i.e. the fraction of runs which have not
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reached the absorbing state. We average over different realizations of the network, and several runs in each. For the agent based Abrams-Strogatz model, the
fraction of alive runs decreases exponentially. Results are more interesting for the
bilinguals model: f (t) appears to have power law behaviour f (t) ∼ t−α , α ≈ 1.3.
Since the exponent α < 2, the average decay time for the bilinguals model does
not give a characteristic time scale, but alive realizations which have not reached
the absorbing state are found at any time scale. Analyzing these simulations, we
observe configurations of language domains in which one of the monolingual
communities has nearly taken over the whole system, while the domain of the
minority language eventually only resides in small communities which are loosely
connected to the rest of the network. Bilingual agents remain at the interfaces
between domains. These facts indicate correlation between community structure
and linguistic domains. As the bilinguals model is effectively a majority rule
(SFKI), these configurations lead to metastable states.

4

Conclusion

We have analyzed the bilinguals model (in comparison to the agent-based version
of Abrams-Strogatz model) in different topologies. Although the final state of
the system is always an homogeneous state where one of the languages faces
extinction, the transient towards this final state depends crucially on the network
structure. Within the limitations and assumptions of the model, the study of
the dynamics in the social type network with communities shows that there
exist metastable states at all time scales; indicating that in presence of bilingual
individuals, minority languages might survive for very long periods when the
social network displays community structure.
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Abstract. In this paper we present an explorative work framed within
a research project aimed at the study of the emergence and evolution
of prosocial behaviour (including altruism, cooperation, and compliance
with norms) among autonomous intelligent agents. With the use of agentbased social simulation, we analysed different mechanisms for the evolution of cooperation: partner selection, punishment and communication.
Results from a population of agents playing a modified version of the
prisoner’s dilemma are shown and compared statistically to point out
the impact of the mechanisms proposed on the performance of the population.

1

Introduction

This paper presents an explorative work framed within a research project aimed
at the study of the emergence and evolution of prosocial behaviour (including
altruism, cooperation, and compliance with norms) among autonomous intelligent agents. As shown within a huge literature on the iterated prisoners dilemma
(IPD), cooperation among non-kin needs to be sustained by enforcing mechanisms, the most frequent of which is punishment, i.e. a propensity to shift to defection with defectors (i.e. tit-for-tat). However, results obtained by this means
are found to be sensitive to errors in strategy execution as well as invasions
by free riders. Furthermore, some authors [1] convincingly argued that reactive
strategies are not so frequently followed in human societies and, together with
other authors[2], insist on the importance of social networks in the emergence of
cooperation. Hence, variants of reactive strategies that fit with long-term relationships have been proposed, like cliquishness, i.e. a propensity to defect with
strangers [2], or commitment [1]. The latter, in particular was found to ‘benefit
more from being unconditionally cooperative’ although unconditional cooperation makes strategies vulnerable to exploitation.
An enforcing mechanism that rapidly gained popularity in the literature
of reference concerns partners’ assortation. Generally speaking, in evolutionary
game theory, play is forced and attention is preferably given to the use of partner
selection for retaliation. Some game theory studies have allowed players to avoid
⋆
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unwanted interactions, or more precisely to affect the probability of interaction
with other players through their own actions (see [3–12] for more detailed discussions of related game theory work). Thanks to partner choice and refusal, payoff
scores are found to increase since players can protect themselves from defections
without having to defect themselves, and defectors get ostracized. On the other
hand, choice and refusal also permit opportunistic players to home in quickly on
exploitable players and form parasitic relationships. In particular, cooperators
seem to take advantage of choice and refusal over nonreciprocators.
Finally, a fundamental mechanism supporting both punishment and partner choice is communication. As it requires agent-based rather than equationbased simulation, communication has none or poor tradition in the study of the
emergence of altruism and cooperation. Nonetheless, its role in promoting informational cooperation as a means for material cooperation, at least in human
societies, can hardly be denied.
Enforcing mechanisms have usually been observed in a fragmentary, nonsystematic way, often starting from unclear concepts, not uniquely defined. Apparently, neither the interplay of punishment and partner selection and refusal
nor the role of specific modalities of communication in supporting them has been
addressed explicitly in the study of prosocial behaviour.
Last but not least, the variety of prosocial behaviour has not been dutifully
considered. Again, altruism and cooperation are often treated as interchangeable notions, or at least as if potential differences among them did not affect
the conditions under which they emerge. On the contrary, we believe that the
peculiar features of these various forms of prosocial behaviour ought to be more
carefully analysed and distinguished.
In this paper, we will turn the reader’s attention on the following issues:
– Which is the most efficient mechanism of enforcement of prosocial action?
Usually, this question is raised in the context of IPD. What about altruism?
– To what extent do agents contribute with their social intelligence to the
efficiency of these mechanisms? In particular,
• to what extent does communication contribute, and how does it interact
with partner selection and punishment?
• which modalities of communication can be envisaged, and which one is
more beneficial?

2

Previous Notions

Prosocial action varies on many dimensions and in many ways. One main source
of variability is mental: agents pursue different goals and are guided by different
beliefs while executing different types of prosocial action (for a discussion of
these aspects, which exceed the scope of the present paper, the reader is turned
to [13, 14]). However, types of prosocial action, like altruism and cooperation,
differ also in directly observable features:

598

– Symmetry vs asymmetry: this consists of two specific components, role complementarity and direction of benefit. Altruism is asymmetric in both senses,
as for each episode the roles of donor and recipient are played by different
agents and the direction of benefit is from donor to recipient; cooperation is
symmetric as it allows for role identity and bidirectional benefit. It is of some
interest to notice that in other types of prosocial action, for example social
exchange, roles are complementary but benefit is bidirectional. Conversely,
role identity and unidirectional benefit occurs only in antisocial action, i.e.
exploitation.
– Individual vs shared benefit: this consists of the recipient of benefit, which
in altruism can only be the beneficiary, while cooperation, at least in principle, allows for a shared benefit. Again, for the sake of analysis it may be
interesting to observe that in social exchange by definition no shared benefit
is allowed.
The interplay between these features leads to a third fundamental distinction:
– One-shot exploitation: in altruism, the donor is exploited only if she is not
reciprocated later on. In cooperation, instead—think of the classic one-shot
Prisoner’s Dilemma—a cooperator may be exploited online by a partner
playing defection.
Hence, in our terms, altruism is an asymmetric form of prosocial interaction
characterized by individual benefit and no immediate exploitation. On the contrary, cooperation is a symmetric interaction, where benefit may be shared but
immediate exploitation is also possible. The question is which enforcing mechanisms are needed to promote prosocial action? We explored the impact of the
following mechanisms:
– Punishment (P), defined as a change of strategy (namely from cooperation
to defection in presence of a known defector). To note that punishment here
is something different from what is usually intended in the literature about
altruistic punishment, where it denotes a costly behaviour usefull to prevent
free-riding of public goods [15, 16]. In the present setting, however, benefits
are not shared among the population, and we call punishment every defection
towards a known noncooperator (based on personal experience, if repeted
interaction are allowed; or on reported social evaluations, if communication
is allowed—see sections 4, 5 for further details).
– Partner selection (PS) and refusal (PR): this is a non-random, rule-based
assortation, such that each agent tries to associate with the partner from
which they expect the highest payoff given their own prosocial attitude, and
reject any other. Both cooperators and defectors expect to obtain the highest
payoff by playing with a cooperator.
To these, we add the communication mechanism in two distinct modalities:
– Narrowcast (NC): one-to-one or one-to-few exchange of messages. Cooperators spread social evaluations they have acquired both directly through own
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experience, or by means of communication, to known cooperators. Social
evaluations concern the prosocial attitudes of potential partners.
– Broadcast (BC): one-to-many or blackboard-like exchange of messages about
social evaluations from cooperators to the whole population.
The intuition behind is that broadcast is faster and therefore more efficient,
but more dangerous as it exposes cooperators to belief-based exploitation from
defectors.

3

Simulation Model

Starting from the assumption that prosocial behaviours among autonomous
agents require special conditions to emerge and proliferate, we draw a simulation
model both to test the effects, alone and in combination, of three enforcing mechanisms and to evaluate which of them is more suitable for making cooperation
and altruism emerge. Traditionally, the main mechanisms to empower cooperators to protect themselves against cheaters are: punishment, partner selection,
and communication. These three tools work differently and produce diverse effects depending upon the kind of prosocial situation considered. In what follows
we will describe how each of these mechanisms works in the two games, and
what effects they are expected to determine.
3.1

Games of Cooperation and Games of Altruism

The PD game has been extensively used by game theorists to address the issue
of cooperation. In this game, both players have the choice to cooperate (C) or
to defect (D), and the equilibrium outcome is defection for both players. This
outcome is deficient, whereas cooperation is the Pareto-optimal outcome for both
players. The PD game structure is well-known and it does not deserves further
explanations. The simplicity of the PD game has led many scholars to use it to
model several social and biological phenomena [17].
With regard to altruism, we used an asymmetric game, modeled after the
image scoring game [18]. In each period, players are partnered and one is given
the chance to take a costly action that helps the other. Cooperating in this
manner is socially efficient, but the only way to monitor free riding is through
the image score which, in this context comes to an accounting of a player’s
past altruistic actions. The image score is a property of agents immediately
and universally accessible to everybody, with no actual communication process
involved. Modelling reputation as an explicit feature of the agent is a solution
that has been proved to be a good answer to the problem of indirect reciprocity.
Image score is not the only one; tag-based systems [19] are based on a similar
idea and generalize on the notion of image and image score to develop a system in
which interactions take place between agents with similar tags. Tags are empty
labels and, unlike image score, do not have to possess a semantic. But, like
image score, they are public information which are compared by the agents
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before performing cooperative interactions. Tag-based systems, thanks to their
level of abstraction, are now applied to different problems in different domains
[20].
These techniques seems to share a common intuition which can be found
elsewhere in the literature about the evolution of cooperation. Dawkins [21] discusses the possible evolutionary effects of a phenotypic trait capable of signaling
the presence of its gene(s) to other organisms. Dawkins named this phenotypic
trait as green beard, and the following effect consists in an altruistic behaviour
towards the organism with the green beard, independent to the degree of relatedness of the other organisms. Despite the fact that an example of the green
beard effect was actually found in nature [22], this theory, with the relative
mechanisms, paves the way to a series of consideration. In nature, phenotypic
traits are common indicators of status and identities and are involved, e.g., in
defensive strategies and conflicts; in some cases they are used to bluff. But, in
all these cases, they are used to avoid dangerous interactions or to find solutions
to the problems of the social life that minimizes costs for all the organisms.
Altruists and cooperators in both games are doomed to extinction in a population where half of the agents are neither reciprocators nor cooperators, i.e.
cheaters, as it is in our model. In fact, in the basic version, cooperators always play C in the PD game, and they always donate in the altruistic game,
without differentiating between cooperative and non cooperative partners. This
behaviour easily exposed themselves to exploitation to death by cheaters. This
extreme situation allows us to put to the test 4 mechanisms that are supposed
to enforce prosocial behaviours such as altruism and cooperation. Given the two
games, we explored the effects of these variables, once per time or in combination,
in terms of the average payoffs of agents.

4

How to help altruists and cooperators to survive:
Punishment, Active and Passive Partner Selection,
Communication

In our terms, punishment is the possibility to react to a defection playing Defect
in the PD game, or playing keep in the game of altruism. When punishment
is not active, agents simply play their built-in strategy, without the possibility
of shifting it when facing dishonest partners. Partner Selection can be twofold:
active and passive Partner selection. The former means that agents can select
their partners in the interaction. In the PD game, this should lead cooperators to
home in, avoiding defectors. Anyway, this same mechanism also permits cheaters
to choose cooperators and exploit them. In the altruistic game, altruists should
choose altruist to play give, expecting a reciprocal donation in the following of
the game. On the other hand, we call Refusal the possibility to avoid an interaction, i.e. to escape from a cheater. Every time an agent refuses to interact,
both agents of the couple loose an opportunity to interact. When Partner Selection was not available, agents were randomly paired. Finally, we explored three
communication conditions:
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1. Silent: no communication allowed.
2. Narrowcast: the access to this kind of communication is limited to cooperators. Cooperative agents send messages about their partners to other
cooperative agents previously met. Cheaters can neither send nor receive
messages in this condition.
3. Broadcast: this modality works as the image score does. Once an interaction
is over, the receiver sends a message about the nature of the mover, i.e. a
cheater or a cooperator. The message is posted on a blackboard accessible
to both cooperative and non cooperative agents.

Games W/out Refusal

Games W/ Refusal

Silent

Narrowcast

Broadcast

ALTRUISM

Silent

Narrowcast

Broadcast

COOPERATION

Fig. 1. Average payoffs after 200 simulation ticks of the two subgroups of agents (cooperators and defectors) as effect of PSR and P. The results for all the experimental
conditions are shown (150 simulation runs for each experimental condition): altruism
(image-score-like game) and cooperation (PD-like game), in all three forms of communication.
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5

Experimental Settings and Results

A population of 500 agents, randomly assigned to one of two groups, cooperators
and defectors, is created to play the game of altruism, and the game of cooperation. At each turn of the simulation, agents are coupled and face the option to
perform or not a prosocial action, which will confer a benefit b = 1.0 to another
agent, at a cost c = 0.1 to himself. After 200 interactions the gain of each agent
are collected and analysed.
Performances of the two groups of agents are tested in several experimental
conditions, under which we observed the effects of the mechanisms proposed.
In figure 1 the average payoffs for the groups of cooperators and defectors are
reported. Results are divided by game type and communication type. Furthermore the effects of PS and P are presented, with and without the possibility of
refusal.
Table 1 shows the results of a regression analysis conducted with agents’ payoffs as independent variable in order to asses the relative importance of PS and
P in the interpretation of simulations data. Generally, both PS and P have the
effect to lower the average payoffs, in both the groups of agents. PS is found to
be the most important factor for the explanation of the variation of simulation
outcomes, with few exceptions: in the cooperative game, without the possibility
of Partner Refusal, Punishment is the most important factor to interpret the
outcome of the defector strategy, independently of the communication mechanism. The cooperative game without PR is the condition where defectors obtain
their higher average payoffs (see Fig. 1), and the punishment algorithm is the
only mechanism through which cooperators can compete and avoid exploitation.
In all the other settings PS is found to be responsible the results and appear to
be the most effective tool for the enforcement of prosocial behaviour.

6

Discussion and Concluding Remarks

In this paper, we presented a simulation study of the effects of different enforcement mechanisms, such as punishment (P), partner selection (PS), in interaction
with each other and with one-to-many and one-to-few communication, on symmetric prosocial behaviour, namely cooperation, and asymmetric one, namely
altruism. P consists of a shift in strategy (from prosocial to antisocial) in presence of cheaters, while PSR reduces the potential number of interactions to those
occurring between known prosocial partners (partner refusal is a variant of PS
in which chosen partners can escape interaction).
In particular, P and PS are found to be
– almost perfectly complementary, i.e. PS favours altruists rather than cooperators whereas P at the opposite enforces cooperators but has no effect on
altruists.
– P in general is found to produce average payoffs higher than PS.
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Table 1. OLS regression model with dependent variable gain; regressors (PS and P)
are dummy variables.
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However, communication mitigates these results. In particular, although the
narrowcast (NC) modality allows higher payoffs for cooperators in partner selection than the broadcast (BC) modality (as it does not expose them to exploiting
defectors), the latter modality
– favours altruists even without partner selection;
– favours cooperators even without punishment.
To be noted, in cooperation the coupling of punishment and partner selection
yields worse results than punishment alone.
Furthermore, our findings allow for PS and partner refusal (PR) to be compared. In particular, PR is extremely competitive with punishment even in cooperation. In such a condition, this is the only experimental condition beside punishment in which cooperators are better-off than noncooperators: this is rather
obvious, since it is the only condition in which interactions between a cooperator
and a known defector is impossible.
Finally, communication helps both altruists and cooperators. With the former, it works even in absence of PS, at least in the BC modality, and gives better
outcomes to altruists and cooperators in the NC modality. As expected, the BC
modality is faster and can be decisive, but the NC one is less dangerous and can
give a stronger advantage to the good guys.
Not surprisingly, all the mechanisms examined contribute, although in different ways and degrees, to enforce prosocial behaviour. However, unlike expected,
they are not hierarchically ordered in terms of efficiency. Rather, their efficiency
depends on the type of interaction in which they are observed: in particular PS
is required to promote altruism and is irrelevant in cooperation, whereas P is
needed for enforcing cooperation but is useless in altruism. Why is this the case?
The rationale of these results is incorporated in the very nature of the two
forms of prosocial action considered. Thanks to agent-based computational modelling, requiring these two forms of prosocial action to be formally modelled before and in order to be compared, it was possible to observe that features such as
symmetry/asymmetry not only allow altruism and cooperation to be kept distinct but also call for different enforcing mechanisms. In particular, punishment
reduces exploitation when immediate exploitation is possible, i.e. in cooperation but not in altruism. Conversely, partner selection promotes altruism thanks
to an increased proportion of donations to the benefit of altruists on the total
number of donations. But since this is obtained by reducing the total number of
donations, the outcomes obtained by altruists are lower than those they would
obtained by means of punishment. Still, in the latter condition, altruists are
worse-off than nonaltruists. Otherwise stated, partner selection is more efficient
when the promoted benefit is individual rather than shared, whereas punishment
performs in the opposite way: as it excludes no-one from interaction, neither the
good nor the bad guys, it allows higher payoffs to be obtained, and these benefit cooperators more than defectors when the game is symmetric and each has
something to gain from interaction, i.e. the benefit is shared.
Interestingly, partner refusal sometimes makes it of its own: this happens
in cooperation. Whereas with PS only, cooperators that are not known and

605

therefore not chosen by their fellows are fully exposed to exploitation, with PR
they can find an escape, and end up with being even better-off than defectors,
even without the help of punishment.
In future works other forms of prosocial action will be investigated and compared with the ones examined in this work, also including other modalities of
communication. Furthermore, we will compare the results obtained by cheaters
and honest agents in non-homogeneous populations with varying percentages of
the two behaviours in both conditions, in order to test how robust are altruism and cooperation to cheaters’ invasion. Finally, the present findings will be
re-analyzed for different values of the individual attitude to cheating and with
different payoffs structures.
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Abstr act. Despite the central and fundamental role pedestrian walking plays
within the urban transport system, it still remains a badly known transportation
mode. Generally speaking, while most of the developed countries have been
developing, for the last 40 years, a wide variety of sophisticated methods and
tools aimed at studying urban mobility, only a few of them were really designed
to deal with pedestrian movement, especially in interaction with the other
transportation modes. Pedestrian motion indeed occurs in an ever changing
environment, defined by constraints and opportunities. In such a perspective,
we propose an agent-based prototype, MAGE, allowing simulating pedestrian
movements in very constrained and limited spaces, like subway stations.
Keywor ds: Multi-agents system, Pedestrian motion, Simulation, Transportation
Systems

1 Intr oduction
Despite the central and fundamental role pedestrian walking plays within the urban
transport system, it still remains a badly known transportation mode. Generally
speaking, while most of the developed countries have been developing, for the last 40
years, a wide variety of sophisticated methods and tools aimed at studying urban
mobility, only a few of them were really designed to deal with pedestrian movement,
especially in interaction with the other transportation modes. Noticing the tremendous
asymmetry that has been existing for long in the scientific literature between traffic
flow and pedestrian movement, Weifeng and his colleagues [22] propose several
explanations:
“The reason may be that the pedestrian movement is more complex than vehicular
flow. First, pedestrians are more intelligent than vehicles and they can choose an
optimum route according to the environment around. Secondly, pedestrians are more
flexible in changing directions and not limited to the “lanes” as in vehicular flow.
Thirdly, the slight bumping is acceptable and need not be absolutely avoided as in
traffic flow models. So the model developed for pedestrian movement should fully
consider these differences in order to study the special phenomena in pedestrian
movement. It is pity that till now, most pedestrian movement models are established
based on the rules used for traffic flow and consider little of the special characteristics
of pedestrian movement itself”[pp. 634].
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The key point we will try to defend here, is that pedestrian movement needs not only
to be considered as a specific phenomenon. It also needs to be included in a much
more global and complex perspective, the urban system as a whole. Pedestrian motion
indeed occurs in an ever changing environment, defined by constraints and
opportunities. The MAGE prototype has been precisely designed to explore the
behavior of pedestrians in motion and in interaction, in a virtual space where most of
the phenomenon can be mastered and studied.
This idea of designing “virtual laboratories” [3], within which “artificial societies”
can be grown for example [2], [8], [20] has become very popular in the recent years
and is largely related to two other fields, science of complex systems and agent based
modeling. More, it is firmly embedded in a microscopic approach of urban mobility,
where the world is represented as closely as possible in a one-to-one way, which
means that “people should be represented as people, cars should be represented as
cars and traffic lights should be represented as traffic lights and not as, say, departure
rates, traffic streams and capacities respectively” [18]. Reaching such a modeling
level, without being flooded with microscopic details, requires then an ad-hoc
procedure for designing agent-based computer simulations. The two crucial principles
of reductionism and parsimony may therefore constitute main guidelines, in our quest
for the identification of the micro-specifications sufficient to generate macrostructures
of interest [8].

2 Pedestr ian movement modeling
Since the first quantitative approaches to pedestrian movement in the 1950s [20], a
considerable amount of work has been done in the field, from queuing models [16] to
traffic-likes models, with some incursions towards more behavioral ones and more
recently large investments in micro-simulation approaches [1], [4], [12], [13], [10],
[15].
The last family is of special interest for our purpose, as it specifically deals with
interactions at the pedestrian level, a key point in our project. For example, focusing
on the emergence of collective pedestrian behavior from very simple specifications
made at the level of individuals, Blue and Adler [4] managed to reproduce, with a
cellular automata, collective characteristics such as formation of pedestrian lanes or
speed-flow diagrams. Then, the social force model proposed by Helbing [12], [13]
focuses more directly on the influence of the environment and other pedestrians on
individual behavior , the whole being formalized as a fluid-dynamic pedestrian model.
While being fundamental steps, these works have anyway the drawback of relying
on an excessive simplification of the urban environment (a corridor, a place or a
room). Motivations and goals of pedestrians are also particularly simplified, reduced
to the couple destination to reach / obstacles to avoid. Theses limitations encouraged
other researchers to explore agent-based models of pedestrian movement [1], [10],
[15], [20]. In this last family, each pedestrian/agent is defined by a set of capacities
tries to achieve a set of goals, interacting locally with its environment and with other
agents. MAGE directly relies to that specific field, its originality being defined by its
focus on local interactions.
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2.1 Design of the model
Every subway station may be seen as an open complex system, part of a wider
system dedicated to mobility. Simulating pedestrian’s behavior in such a peculiar
system faces different issues, related to:
•
Equipments and facilities locations (ticket dispensers, shops, services) ;
•
Traffic management (speed/density/flow of users) ;
•
Emergency procedures (evacuation).
2.1.1 Design of the model
A map of the station has been rasterized and divided into a large number (nearly
7000) of small cells (0.4 m2). Then, a distinction has been made between what we
called “physical space” and “direction graph”. The physical space is defined as the set
of cells E p ? }C1 , C 2 ,...C i ,...C n ʼ , each cell C i ,[1, n ] being defined by a set of
attributes V ? }V1 , V2 ,...Vi ,...Vn ʼ . Secondly, we sought to enrich the space, by

distinguishing specific landmarks and directions. To this end, we took inspiration
from classic research demonstrating the important role played by certain nodes and
landmarks on individuals’ mental representations of their environments (Lynch,
1998). We drew a direction graph Gs ? S , s , with S the summits, defined as

*

+

localised decision points , and s the curves defined as headings between adjacent
summits. A decision point can be seen as a pivot, a space where a choice of heading
must be made. This point may correspond in a given physical space E p , to a
1

landmark (signalling), a particular service (store, ticket office or machine, etc.), or
simply to a bifurcation. Therefore, the direction graph may be seen as an underlying
invisible skeleton, approximating long distance vision field of individuals. Figure 1
shows the kind of graph drawn for Montparnasse station in Paris, France. Note that in
this case, for simplicity, the summits of these graphs are solely restricted to
bifurcation points. In other words, we assume that agents are unfamiliar with the
availability and location of services (ticket offices, ticket machines, shops), they shall
identify locally when passing nearby through a vision sensor.

1

This idea of decision points comes from research by Timmermans and Djikstra (1999),
although our interpretation is a bit different.
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Fig.1a

Fig.1b

Fig. 1. Montparnasse station and the direction graph built for a given O/D (fig.1a) and for every
O/D (fig.1b)

The complexity of this graph depends largely on the assumptions we make on
pedestrians. If we accept the idea of an average pedestrian with complete information
and boundless rationality (Homo Oeconomicus), then

Gs (iOD ) ? Gs (OD ) with

Gs (OD ) the minimum energy path between a given origin and destination. Each
pedestrian may then have the same optimized orientation guide for a given O/D. On
the contrary, if we move towards more heterogeneous agents, with limited
information

and

bounded

rationality,

then

Gs (iOD ) ? *S ' ,s '+ ) S ' Ł E p and

s ' Ł E p . Each agent may then possess his own graph for a given O/D.
2.1.2 Designing pedestr ians
In MAGE, each pedestrian is represented by an agent Ai , described by a vector of
attributes X ( Ai )

}

ʼ

? Gs (iOD ) ; f i ;hi ; lit ;s it ; vit with: Gs (iOD ) his orientation graph

for a given origin/destination ; f i his vision field ;
location (x, y) at time t ;

s it his

hi

t

his action field ; l i his

orientation at time t, 0ﬂ ~ s i ~ 360ﬂ and v i his
t

speed at time t (figure 2).
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t

S n -1

O

Obstacle

Sn

Decision point
Action field

hi
Vector : or ientation
And size
vit

lit -1
Agents

s it

Aj
Attr actor
Agent Ai ,

O'

t

localised in li

S n /1

fi

Vision field

Fig. 2. Pedestrian as a Brownian agent
t -1

Each agent then updates at each time t his location l i › l i
t

, by modifying his

orientation and/or his speed, depending on the various constraints and opportunities
encountered locally :

s it ? f *S n , O Ł f i , O' Ł f i , Ai , j ”i Ł f i , g +

(1)

vit ? f *# Ai , j ”i Ł hi +

(2)

and

In the absence of interaction with environment and other agents, each agent
t -1

computes at each time t his next location l i

:

xit -1 ? xit - Fx , Fx ? vit · sin *s it - g +

*

y it -1 ? y it - Fy , Fy ? vit · cos s it - g
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+

(3)

s it

with:

t

the angle location l i of agent Ai and his next decision point S n ;

vit speed of Ai (m/s) ; g an angular value to be chosen by user in the interval [0 , 360].
Then, following the set of decision points S n › S n -1 constituting his orientation

Gs (iOD ) , each agent may face obstacles and then try to bypass them:

graph

t -1

if l i ,s t ,v t ” O
i

(4)

i

t -1

then l i › l i ,s t ,v t ,
t

i

else

i

s ? min (s it ‒ c ) / s it ) lit,-s1 ,v ” O, 0 ~ c ~ 180ﬂ
t
i

t
i

t
i

On the contrary, various equipments (ticket dispensers, shops…) may attract an
agent with a given probability:
if O' Ł f i
and if

d i ~ D , with D

a constant belonging to interval (0 ; 1) and

(uniform) value chosen in the same interval (0,1),
then O ' › S n , S n › S n -1 and more generally

di

a random

n › n - 1.

Then, the presence of agents in the vicinity of agent Ai may cause interferences.
Indeed, if every agent is supposed to avoid any agent on his way, he may change his
behavior when the level of pedestrian density increases. In this case, we implemented
specific crowd behaviors, inspired from Reynold’s Boids [19]. Each agent then adopts
a crowd behavior when the density of agents in his neighbor reaches a given value
and when some of these neighbors share the same decision point than agent Ai:

*# A

j , j ”i

Ł f i + n and *# A j , j ”i Ł f i ) S nj ? S ni + ” 0

(5)

In this situation, agent Ai tries to align himself to neighboring agents sharing the
same decision point:

s ?
t
i

n

1
# A j , S nj ? S ni

Âs
j ?1

(6)

t
j

In the same time, he also tries to move nearer the barycenter

A j , S nj ? Sni of this

group:

x?

1
# A j , S nj ? S ni

n

Âx
j ?1

j

and

y?
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1
# A j ,S nj ? S ni

n

Ây
j ?1

(7)
j

Finally, each agent modifies his speed according to the number of agents in his
action field:

vit ? f *# Ai , j ”i Ł hi + . A non linear model based on Fruin’s data [9]

has been adjusted:

Êv max if # Ai , j ”i Ł hi ? 0
Í
vit ? Ë- 0,376 , S /1,5 - 1,372 if S @ 0,4m 2
Í0 if S ~ 0,4m 2
Ì

(8)

with :
t

– vi the walking speed (m/s) of agent Ai at time t ;
– S the free surface (m2/pedestrian) available, i.e.

S (hi )
# Ai , j ”i Ł hi

3 Implementation and fir st r esults
3.1 An over view of MAGE
A first version of MAGE has been implemented within the simulation platform
Netlogo (http://ccl.northwestern.edu/netlogo/). Figures 3a and 3b show snapshots of
the kind of environment created.

Fig.3a Virtual Montparnasse station

Fig.3b Agents queuing at turnstiles, exit
doors and tickets dispensers

Fig. 3. An overview of MAGE
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The focus may also be put on global structures, through real time display of density
maps (figure 4). It may be noticed that map 4a (no interactions with local environment
and few noise) is very close to the orientation graph in figure 1b. The more
interactions and noise we add, the more deviations we obtain from this initial skeleton
(map 4c).

Fig. 4a

g ? 0ﬂ , B ? 0

Fig. 4b

g ? 30ﬂ , B ? 0

Density maps obtained for different values
of parameters g (random deviation from
straight line) and B (probability of using a
given equipment).
Each cell C i ,[1, n ] records at each time t the
number of pedestrians passing. This cumulated
number is then displayed using a gradation of
reds (the darker the higher).

Fig. 4c

g ? 30ﬂ , B ? 0.5

Fig. 4. Revealing macrostructures : density of agents
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3.2 Explor ing the r ole of inter action thr ough the fundamental diagr am
One of the objectives of the MAGE model is to allow, further ahead, the
introduction of an experimental approach to pedestrian behaviour in the confines of a
subway station. Using individual behaviour, the aim is to achieve a clearer
understanding of the emergence of observable collective behaviour, which is
fundamental to the design of public transport areas.

Fig. 5a Flow-Density diagrams in the
absence of constraints (no ticket gates
and no exit doors)

Fig. 5b Flow-Density diagrams in the
presence of constraints (ticket gates and
exit doors)

Fig. 5c Scenarios tested and curve colors
Fig. 5. Flow-Density diagram showing the impact of local interactions on bi-directional flows
(“Density” is the number of agents created, half at each entrance of the path highlighted Fig.1a
; “Mean Flow” is the number of agents reaching the opposite exit in two minutes, averaged
over 10 simulations ; vertical bars show the variability of this last output variable over the ten
simulations)

We defined an experimental protocol in order to illustrate the relevance of an
individual-centred approach centred on computer simulation. Within Montparnasse
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station, a space characterised by a multitude of flows leading in every direction, a
benchmark path was selected (see Fig. 1.a), to explore the influence of individual
interactions on the flow-density diagram in the case of bi-directional flows. The
diagram was constructed by way of an exit variable (flow) where values change
depending on the values of the entry variable: density. This last variable is defined by
the number of pedestrians following the itinerary, while flow corresponds to the
number of passengers reaching their destination in two minutes or less (Figures 5).
These two variables are defined (density) and measured (flow) in a systematic way,
for several combinations of behaviour and spatial configurations. Agents’ ability to
avoid collision (equation 4) and adopt crowd behaviour (equations 5-7) was favoured.
Note too the presence or absence of facilities constricting pedestrian movement (ticket
gates and exit doors). Figure 5 highlights the variation of bi-directional flow relative
to the density parameter, based on different scenarios.
In both diagrams, curves are characterized by two distinct variation ranges, on both
sides by a so-called critical density value, after which pedestrian flow decreases as the
number of agents increases. When there are no doors or gates (Fig. 5a), the capacity
of agents to avoid collision and adopt crowd behaviour after certain density values
increases pedestrian flow significantly (no overlapping of confidence intervals).
Under this configuration, avoidance without crowd behaviour has a penalising effect,
as each agent wastes time avoiding all other agents he comes across. Adding doors
and gates alters the hierarchy of the lines in a remarkable fashion (Fig. 5b).
Under this configuration, the critical density value is systematically replaced by an
interval (between 100 and 150 agents), while the maximum flow values obtained are
relatively lower than in a situation where there are no facilities to constrain agents.
The change in hierarchy of the lines highlights the regulating role that these facilities
play in one direction, which automatically encourages a certain level of flow
separation.

4 Conclusion
This first implementation of MAGE, aimed at simulating pedestrian behavior in
subway stations, already allows to test “what if scenarios” and to explore some
fundamental aspects of complex spatial systems. Anyway, reaching such a modeling
level - even still simplified - without being flooded with microscopic details, requires
an ad-hoc procedure. Crucial principles like reductionism and parsimony proved to be
relevant guidelines, in our quest for the identification of the micro-specifications
sufficient to generate macrostructures of interest. The systematic exploration of global
structures seeming to emerge from local interactions is a further step we wish to
address, focusing particularly on the influence of local interactions on flows. Our
initial investigations demonstrate the major role played by individual interactions and
their influence on the overall behaviour of the system. However, a certain amount of
fine-tuning is needed before this type of application can really become operational,
above all with regard to: multi-directional flow; the inclusion of a wide variety of
individual behaviour (heterogeneous agents) and spaces and finally, using larger
populations in the simulations.
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Abstract. The study of spatio-temporal pedestrian interactions has led
to a deeper understanding of how collective behavior on a macroscopic
scale emerges from individual human interactions. The results have been
related to game theory and transferred to the description of other social
interactions such as collective opinion formation. Here, we explain how
individual interactions lead to self-organization phenomena, social order, and “collective intelligence”. We also present recent efforts to quantatively determine pedestrian interactions from empirical observations.
The findings complement game theory by additional mechanisms leading
to the coordination and cooperation of human beings.

1

Introduction

The emergence of new, functional or complex collective behaviors in social systems has fascinated many scientists. One of the primary questions in this field
is how cooperation or coordination patterns originate based on elementary individual interactions. In the social sciences, there are different approaches to this
problem. This is partly a consequence of the fact that social systems tend to be
so complex that the relevant variables and parameters involved are often hard
to identify and to measure. In view of this situation, some social scientists try to
give an accurate as possible description of a social phenomenon under investigation. This is, for example, done within the framework of case studies, and the
result may be a narrative with a large degree of detail and, therefore, a great
descriptive power. Recently, however, there is a growing tendency to develop simplified, abstracted descriptions by means of mathematical or computer models
[1–13]. For example, agent-based models are developed by a growing community [14–20]. However, this approach is not yet standardized. Some scientists try
to model each single effect with separate mathematical terms and parameters,
thereby aiming at a large descriptive power. In many cases, however, there are
not enough data available to fit the parameters accurately. This can lead to a
small predictive power, i.e. a model that fits well to the data to which it was
a
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calibrated may describe another data set or situation rather poorly, if the same
parameter values are used. Therefore, in many cases, the predictive power of
simple models with a few parameters can be higher than that of more detailed
models. This observation has established the KISS principle: “Keep It Simple,
Stupid.” In other words, some scientists propose to develop simplified models to
describe the “stylized facts” [21, 22]. This tends to apply not only to researchers
from the sociophysics community. It essentially also underlies the approach of
game theory [23, 24, 5], which may be considered to be one of the most successful and powerful mathematical theories in the social sciences. From the point of
view of the authors, all the above mentioned approaches are needed, and they
complement each other.
In this contribution, we will introduce a simplified model of pedestrian interactions, the “social force model”, and discuss the surprisingly many empirical
findings it can describe. Originally, this model aimed only at understanding qualitative discoveries such as the observed kinds of collective motion (see Sec. 5).
This goal could be successfully reached by phenomenological specifications of the
interaction forces, as the simulated kinds of collective motion did not depend on
the details of the interactions (i.e. the social force model was robust with respect
to modifications in the force functions and parameters). For example, the qualitative findings were not sensitive to whether we chose an exponential [25] or
power-law decay [26] of repulsive interaction forces with distance. Circular and
elliptical, isotropic and anisotropic specifications [25–28] could all reproduce similar collective patterns of motion.
In this, contribution, however, we want to go beyond this stage of research by
trying to quantify pedestrian interactions based on video-extracted data. That
is, we will not be satisfied with a qualitative description anymore, but we will
describe methods to obtain a model, which is also in quantitative agreement with
empirical data. While the exponential decay of repulsive interaction forces turns
out to be well compatible with previous specifications of the social forces [28],
other aspects of the interaction forces must be improved. Finally, we will discuss
some of the challenges on the way of developing quantitative and verifiable agentbased models.

2

Short History of Pedestrian Modelling

Pedestrian crowds have been empirically studied for more than four decades
[29–31]. The evaluation methods applied were based on direct observation, photographs, and time-lapse films. Apart from behavioral investigations [32, 33], the
main goal of these studies was to develop a level-of-service concept [34], design elements of pedestrian facilities [35–38], or planning guidelines [39, 40]. The latter
have usually the form of regression relations, which are, however, not very well
suited for the prediction of pedestrian flows in pedestrian zones and buildings
with an exceptional architecture, or in extreme conditions such as evacuation.
Therefore, a number of simulation models have been proposed, e.g. queueing
models [41], transition matrix models [42], and stochastic models [43], which are
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partly related to each other. In addition, there are models for the route choice
behavior of pedestrians [44, 45] and experimental studies [38, 46–50].
None of these concepts adequately takes into account the self-organization
effects occuring in pedestrian crowds. These may, however, lead to unexpected
obstructions due to mutual disturbances of pedestrian flows. More promising
with regard to this is the approach by Henderson. He conjectured that pedestrian crowds behave similar to gases or fluids ([51], see also [52]). This could be
partially confirmed, but a realistic gas-kinetic or fluid-dynamic theory for pedestrians must contain corrections due to their particular interactions (i.e. avoidance
and deceleration maneuvers) which, of course, do not obey momentum and energy conservation. Although such a theory can be actually formulated [53, 54],
for practical applications a direct simulation of individual pedestrian motion is
favourable, since this is more flexible. As a consequence, current pedestrian research focusses on agent-based models of pedestrian crowds, which also allow one
to consider local coordination problems. The “social force model” is maybe the
most well-known of these models, but we also like to mention cellular automata
of pedestrian dynamics [55–61] and AI-based models [62, 63].

3

The Social Force Concept

In the following, we shall shortly introduce the social force concept. Human behavior often seems to be “chaotic”, irregular, and unpredictable. So, why and
under what conditions can we model it by means of forces? First of all, we need
to be confronted with a phenomenon of motion in some (quasi-)continuous space,
which may be also an abstract behavioral space such as an opinion scale [64, 2].
Moreover, it is favourable to have a system where the fluctuations due to unknown influences are not large compared to the systematic, deterministic part
of motion. This is usually the case in pedestrian traffic, where people are confronted with standard situations and react “automatically” rather than taking
complicated decisions, e.g. if they have to evade others.
This “automatic” behavior can be interpreted as the result of a learning
process based on trial and error [65], which can be simulated with evolutionary
algorithms [66]. For example, pedestrians have a preferred side of walking [30,
31], since an asymmetrical avoidance behavior turns out to be profitable [14, 56,
65]. The related formation of a behavioral convention can be described by means
of evolutionary game theory [14, 67, 2].
Another requirement is the vectorial additivity of the separate force terms
reflecting different environmental influences. This is probably an approximation,
but there is some experimental evidence for it. Based on quantitative measurements for animals and test persons subject to separately or simultaneously applied stimuli of different nature and strength, one could show that the behavior
in conflict situations can be described by a superposition of forces [68, 69]. This
fits well into a concept by Lewin [70], according to which behavioral changes are
guided by so-called social fields or social forces, which has later on been put into
mathematical terms [14, 71, 2]. In some cases, social forces, which determine the
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amount and direction of systematic behavioral changes, can be expressed as gradients of dynamically varying potentials, which reflect the social or behavioral
fields resulting from the interactions of individuals. Such a social force concept
was applied to opinion formation and migration [71, 2], and it was particularly
successful in the description of collective pedestrian behavior [14, 25, 38, 65].
For reliable simulations of pedestrian crowds we do not need to know whether
a certain pedestrian, say, turns to the right at the next intersection. It is sufficient to have a good estimate what percentage of pedestrians turns to the right.
This can be either empirically measured or calculated by means of route choice
models [44]. In some sense, the uncertainty about the individual behaviors is
averaged out at the macroscopic level of description. Nevertheless, we will use
the more flexible microscopic simulation approach based on the social force concept. According to this, the temporal change of the location r α (t) of pedestrian
α obeys the equation of motion
dr α (t)
= v α (t) .
dt

(1)

Moreover, if f α (t) denotes the sum of social forces influencing pedestrian i and
if ξ α (t) are individual fluctuations reflecting unsystematic behavioral variations,
the velocity changes are given by the acceleration equation
dv α
= f α (t) + ξ α (t) .
dt

(2)

A particular advantage of this approach is that we can take into account the
flexible usage of space by pedestrians, requiring a continous treatment of motion. It turns out that this point is essential to reproduce the observations in a
natural and robust way, i.e. without having to adjust the model to each single
situation and measurement site. Furthermore, it is interesting to note that, if the
fluctuation term is neglected, the social force model can be interpreted as a particular differential game, i.e. its dynamics can be derived from the minimization
of a special utility function [72].

4

Specification of the Social Force Model

The social force model for pedestrians assumes that each individual α is trying
to move in a desired direction e0α with a desired speed vα0 , and that it adapts
the actual velocity v α to the desired one, v 0α = vα0 e0α , within a certain relaxation
time τα . The systematic part f α (t) of the acceleration force of pedestrian α is
then given by
f α (t) =

X
X
1 0 0
(vα eα − v α ) +
f αi (t) ,
f αβ (t) +
τα
i

(3)

β(6=α)

where the terms f αβ (t) and f αi (t) denote the repulsive forces describing attempts to keep a certain safety distance to other pedestrians β and obstacles
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i. In very crowded situations, additional physical contact forces come into play
[73]. Further forces may be added to reflect attraction effects between members
of a group or other influences. For details see Refs. [37, 65].
In this contribution, we will assume a simplified interaction force of the form

f αβ (t) = f dαβ (t) ,
(4)

where dαβ = r α − r β is the distance vector pointing from pedestrian β to α and
dαβ = kdαβ k. (Angular-dependent shielding effects may be taken into account
by a prefactor describing the anisotropic reaction to situations in front of as
compared to behind a pedestrian [25, 28]).
The distance-dependent force f (dαβ ) has been specified in different ways. We
will start with the circular specification of the interaction force,
f (dαβ ) = Aα e−dαβ /Bα

dαβ
,
kdαβ k

(5)

where Aα and Bα are parameters. Aα reflects the strength of interaction, while
Bα corresponds to the interaction range. While the dependence on α explicitly
allows for a dependence of these parameters on the single individual, we will
assume Aα = A and Bα = B in the following. Otherwise, it would be hard to
collect enough data for parameter calibration.
Elliptical specification I: In Ref. [25], a generalization of Eq. (5) was
formulated, which assumed that the repulsive potential
Vαβ (bαβ ) = AB e−bαβ /B

(6)

is an exponentially decreasing function of bαβ with equipotential lines having
the form of an ellipse directed into the direction of motion. The semi-minor axis
bαβ was determined by
q
(7)
2bαβ = (kdαβ k + kdαβ − vβ ∆t eβ k)2 − (vβ ∆t)2
in order to take into account the length vβ ∆t of the stride (step size) of pedestrian β, where vβ = kv β k. The reason for this specification was that pedestrians
require space for movement, which is taken into account by other pedestrians.
The repulsive force is related to the repulsive potential via
f αβ (dαβ ) = −∇dαβ Vαβ (bαβ ) = −

dVαβ (bαβ )
∇dαβ bαβ (dαβ ) ,
dbαβ

(8)

where ∇dαβ represents the gradient with respect to dαβ . Considering the chain
√
√
rule, kzk = z 2 , and ∇z kzk = z/ z 2 = z/kzk, this leads to the explicit
formula


dαβ
dαβ − y αβ
−bαβ /B kdαβ k + kdαβ − y αβ k 1
(9)
·
+
f αβ (dαβ ) = Ae
·
2bαβ
2 kdαβ k kdαβ − y αβ k
with y αβ = vβ ∆t eβ . For ∆t = 0, we regain the expression of Eq. (5).
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Elliptical specification II: Recently, a variant of this approach has been
proposed [28], assuming
2bαβ =

q
(kdαβ k + kdαβ − (v β − v α )∆tk)2 − [(v β − v α )∆t]2 .

(10)

The special feature of this approach is its symmetrical treatment of both pedestrians α and β. Note that further velocity-dependent specifications of pedestrian
interaction forces were proposed in the past, but we will restrict to the above
specifications, as these are sufficient to demonstrate our evolutionary calibration
method.

4.1

Evolutionary Calibration with Video Tracking Data

We have made several video recordings of pedestrian crowds in different natural environments in Budapest (Hungary) and Stuttgart (Germany) from the
top. The dimensions of the recorded areas were known, and the floor tiling or
environment provided something like a “coordinate system”. The heads were
automatically determined by seaching for round moving structures, and the accuracy of tracking was improved by comparing actual with linearly extrapolated
positions (so it would not happen so easily that the algorithm interchanged or
“lost” closeby pedestrians). The trajectories of the heads were then projected
on two-dimensional space in a way correcting for distortion by the camera perspective. A representative plot of the resulting trajectories is shown in Fig. 1.
It should be noted that extracting trajectory data has been already carried out
in the past with infra-red sensors [74] or video recordings [75, 76]. However, our
algorithm is less sensitive to confusing different pedestrians, and it can handle
more than one thousand pedestrians simultaneously.

Fig. 1. Video tracking used to extract the trajectories of pedestrians from video recordings close to two escalators (after [28]). Left: Illustration of the tracking of pedestrian
heads. Right: Resulting trajectories after being transformed onto the two-dimensional
plane.
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For the subsequent model calibration, we have used a hybrid method fusing
empirical trajectory data and microscopic simulation data of pedestrian movement in space. To each tracked pedestrian, we have assigned a virtual pedestrian
in the simulation domain. We have then started a simulation for T = 1.5 seconds, in which one pedestrian α was moved according to a simulation of the social
force model, while the others were moved exactly according to the trajectories
extracted from the videos. This procedure was performed for all pedestrians α
and for several different starting times t, using a fixed parameter set for the
social force model.
Each simulation run was performed according to the following scheme:
1. Define a starting point and calculate the state (position r α , velocity v α , and
acceleration aα = dv α /dt) for each pedestrian α.
2. Assign a desired speed vα0 to each pedestrian. In our simulations, we have
specified it by the maximum speed during the pedestrian’s tracking time,
which is sufficiently accurate, if the overall pedestrian density is not too
high and the desired speed is constant in time.
3. Assign a desired goal point for each pedestrian. We have assumed it would
correspond to the point at the end of the trajectory.
4. Given the tracked motion of the surrounding pedestrians β, simulate the
trajectory of pedestrian α over a time period T based on the social force
model, starting at the actual location r α (t).
After each simulation run, we determined the relative distance error
kr simulated
(t + T ) − r tracked
(t + T )k
α
α
.
tracked
tracked
kr α
(t + T ) − r α
(t)k

(11)

After averaging the relative distance errors over the pedestrians α and starting
times t, 1 minus the result was taken as measure of the goodness of fit (the
“fitness”) of the parameter set used in the pedestrian simulation. Hence, the best
possible value of the “fitness” was 1, but any deviation from the real pedestrian
trajectories would imply lower values.
One result of our parameter optimization was that, for each video, there
was a broad range of parameter combinations of A and B which performed
almost equally well [28]. This allowed us to apply additional goal functions in
our optimization. We used this fact to determine among the best performing
parameter values such parameter combinations, which performed well for all
three video recordings, using a fitness function which weighted the fitness reached
in each single video equally (i.e. with a factor of 1/3). This is how we determined
the common parameter values listed in Table 1. It turns out that, in order
to reach a good model performance, the pedestrian interaction force must be
specified velocity dependent.

5

Self-Organization of Pedestrian Crowds

Despite its simplifications, the behavioral force model of pedestrian dynamics describes a lot of observed phenomena quite realistically. Especially, it allows one
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Model
A
B
“Fitness”
Extrapolation
0
–
0.34
Circular
0.11 ± 0.06 0.84 ± 0.63
0.35
Elliptical I
1.52 ± 1.65 0.21 ± 0.08
0.33
Elliptical II 4.30 ± 3.91 1.07 ± 1.35
0.53
Table 1. Optimal parameter values resulting from our evolutionary parameter optimization for 4 specifications of the interaction forces between pedestrians (see main
text). The calibration was based on 3 different video recordings. The values are specified as the mean value ± the standard deviation. Note that, with angular-dependent
specifications of the interaction forces, “fitness” values upto 0.61 have been reached
[28].

to explain various self-organized spatio-temporal patterns that are not externally planned, prescribed, or organized, e.g. by traffic signs, laws, or behavioral
conventions. Instead, the spatio-temporal patterns discussed below emerge due
to the non-linear interactions of pedestrians even without assuming strategical considerations, communication, or imitative behavior of pedestrians. Despite
this, we may still interpret the forming patterns as phenomena that establish
coordination and cooperation, i.e. social order on short time scales. It is actually surprising that strangers coordinate each other within seconds, if they have
grown up in a similar enviroment. People from different countries, however, are
sometime irritated about local walking habits, which indicates that learning effects and cultural backgrounds still play a role in social interactions as simple
as random pedestrian encounters. Rather than on particular features, however,
we will focus on the common, internationally reproducible observations in the
following.
5.1

Lane Formation

In pedestrian flows one can often observe that oppositely moving pedestrians are
forming lanes of uniform walking direction (see Fig. 2). This phenomenon even
occurs when there is not a large distance to separate each other, e.g. on zebra
crossings. However, the width of lanes increases (and their number decreases),
if the interaction continues over longer distances (and if perturbations, e.g. by
flows entering or leaving on the sides, are low; otherwise the phenomenon of lane
formation may break down [26]).
Lane formation may be viewed as segregation phenomenon [77, 78]. Although
there is a weak preference for one side (with the corresponding behavioral convention depending on the country), the observations can only be well reproduced
when repulsive pedestrian interactions are taken into account. The most relevant
factor for the lane formation phenomenon is the higher relative velocity of pedestrians walking in opposite directions. Compared to people following each other,
oppositely moving pedestrians have more frequent interactions until they have
segregated into separate lanes by stepping aside whenever another pedestrian is
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Fig. 2. Self-organization of pedestrian crowds. Left: Photograph of lanes formed in a
shopping center. Computer simulations reproduce the self-organization of such lanes
very well. Top right: Evaluation of the cumulative number of pedestrians passing a
bottleneck from different sides. One can clearly see that the narrowing is often passed
by groups of people in an oscillatory way rather than one by one. Bottom right: Multiagent simulation of two crossing pedestrian streams, showing the phenomenon of stripe
formation. This self-organized pattern allows pedestrian to pass the other stream without having to stop, namely by moving sidewards in a forwardly moving stripe.

encountered. The most long-lived patterns of motion are the ones which change
the least. It is obvious that such patterns correspond to lanes, as they minimize the frequency and strength of avoidance maneuvers. Interestingly enough,
as computer simulations show, lane formation occurs as well when there is no
preference for any side.
Since lanes minimize frictional effects and delays in oppositely moving crowds,
one could say that they are a pattern reflecting “collective intelligence”. In fact, it
is not possible for a single pedestrian to reach such a collective pattern of motion.
Lane formation is a self-organized collaborative pattern of motion originating
from simple pedestrian interactions. Particularly in cases of no side preference,
the system behavior cannot be understood by adding up the behavior of the
single individuals. This is a typical feature of complex, self-organizing systems
and, in fact, a wide-spread characteristics of social systems. It is worth noting,
however, that it does not require a conscious behavior to reach forms of social
organization like the segregation of oppositely moving pedestrians into lanes.
This organization occurs automatically, and most people are not even aware of
the existence of this phenomenon.

631

5.2

Oscillatory Flows at Bottlenecks

At bottlenecks, bidirectional flows of moderate density are often characterized by
oscillatory changes in the flow direction (see Fig. 2). The authors have observed
this, for example, at entrances of museums during crowded arts exhibitions and
at entrances of mensas during lunch time. While these oscillatory flows may be
interpreted as an effect of friendly behavior (“you go first, please”), computer
simulations of the social force model indicate that the collective behavior may
again be understood by simple pedestrian interactions. That is, oscillatory flows
occur even in the absence of communication. Therefore, they may be viewed
as another self-organization phenomenon, which again reduces frictional effects
and delays. That is, oscillatory flows have features of “collective intelligence”.
While this may be interpreted as result of a learning effect in a large number of
similar situations (a “repeated game”), our simulations suggest an even simpler,
“many-particle” interpretation: Once a pedestrian is able to pass the narrowing,
pedestrians with the same walking direction can easily follow. Hence, the number
and “pressure” of waiting, “pushy” pedestrians on one side of the bottleneck
becomes less than on the other side. This eventually increases their chance to
occupy the passage. Finally, the “pressure difference” is large enough to stop the
flow and turn the passing direction at the bottleneck. This reverses the situation,
and eventually the flow direction changes again, giving rise to oscillatory flows.
5.3

Stripe Formation in Intersecting Flows

In intersection areas, the flow of people often appears to be irregular or “chaotic”.
In fact, it can be shown that there are several possible collective patterns of
motion, among them rotary and oscillating flows. However, these patterns continuously compete with each other, and a dominating patterns is destroyed by
another one after a short time. Obviously, there has not evolved any social convention that would establish and stabilize an ordered and efficient flow.
Self-organized patterns of motion, however, are observed in situations where
pedestrian flows intersect each other only in two directions. In such situations,
the phenomenon of stripe formation is observed [79]. Stripe formation allows two
flows to penetrate each other without requiring the pedestrians to stop. For an
illustration see Fig. 2. Like lanes, stripes are a segregation phenomenon, but not a
stationary one. Instead, the stripes are density waves moving into the direction of
the sum of the directional vectors of both intersecting flows. Naturally, the stripes
extend sidewards into the direction which is perpendicular to their direction of
motion. Therefore, the pedestrians move forward with the stripes and sidewards
within the stripes. Lane formation corresponds to the particular case of stripe
formation where both directions are exactly opposite. In this case, no intersection
takes place, and the stripes do not move systematically. As in lane formation,
stripe formation allows to minimize obstructing interactions and to maximize
the average pedestrian speeds, i.e. simple, repulsive pedestrian interactions again
lead to an “intelligent” collective behavior.
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5.4

Self-Organization in Dense Crowds and Learning

At high densities, one can observe additional self-organization phenomena. This
includes intermittent clogging phenomena at bottlenecks (“faster-is-slower effect”) [73, 80], the formation of stop-and-go waves [80, 81], and the occurence
of “turbulent” flows [81]. These collective behaviors can also be understood as
results of pedestrian interactions, but more complicated ones. Some of these phenomena show features of a breakdown of social order, particularly in situations
of “crowd panics” [73, 81]. For most people, these situations are so special that
they do not have previous experience with them. Hence, there are normally no
opportunities to learn an optimal behavior. This is in marked contrast to the
situations a pedestrian faces every day. For these, it can be assumed that pedestrians (in their childhood) have learned a behavior that minimizes collisions and
delays. This learning process can be simulated [56, 65]. The result is a surprisingly predictable behavior, which can be reflected by a mathematical model such
as the social force model with suitably specified forces and parameters.

6

Summary, Discussion, and Outlook

In this contribution, we have presented a multi-agent approach to pedestrian
and crowd dynamics. Pedestrian interactions are simple, but easy to measure,
and they show a great variety of self-organized patterns and short-lived social
phenomena, where coordination or cooperation emerges spontaneously. For this
reason, they are interesting to study, particularly as we expect new insights into
coordination mechanisms of social beings beyond the scope of classical game
theory. Examples for observed and simulated self-organization phenomena are
lane formation, stripe formation, oscillations and intermittent clogging effects at
bottlenecks, and the evolution of behavioral conventions (such as the preference
of the right-hand side in continental Europe). As similar observations are made
in other systems, we expect that our findings may also promote the understanding of opinion formation and other kinds of collective behaviors. Our hope is
that, based on the discovered elementary mechanisms of emergence and selforganization, one can eventually also obtain a better understanding of the constituting principles of more complex social systems. At least the same underlying
factors are found in many social systems: non-linear interactions of individuals,
time-dependence, heterogeneity, stochasticity, competition for scarce resources
(here: space and time), decision-making, and learning. Our future work will also
address issues of perception, anticipation, and communication.
Here, we have specifically discussed how to calibrate a multi-agent model
of pedestrian behavior based on empirical data determined from video tracking.
While the elliptical model II performed well, one surprising conclusion from Table
1 is that the circular model and the elliptical model I do not provide better
predictions of pedestrian trajectories than a simple extrapolation. The latter
assumes no interaction effects at all, but a continuation of pedestrian motion
with the previous velocity (“null model”). Nevertheless, all three specifications
of pedestrian interactions reproduce lane formation, oscillatory flows, and stripe
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formation in pedestrian crowds, in contrast to the null model. This suggests
several conclusions:
1. A model which, based on some error measure, has been assessed to be not
significantly better than another model may still perform better when judged
with other criteria. Therefore, it is essential to find not only a good model,
but also a suitable error measure.
2. One problem of calibrating multi-agent simulation models [82–84] is that
there is currently no established procedure how to determine a suitable error measure. Conventional error measures can be insufficient to differentiate
between models which are capable of describing self-organization phenomena
and those which are not.
3. Self-organized, collective behavior is possible despite of weak interactions,
since the non-linear interactions between pedestrians persist over a certain
time period, which leads to feedback and re-inforcement effects.
These aspects will be addressed in more detail in future publications. The same
applies to controlled experiments with pedestrians that have been recently performed to check the social force model itself [85]. Evaluations of these experiments have particularly shown that a model with an angular dependence of
pedestrian interactions performs better than the models discussed above. The
improved model reproduces the observed self-organization effects in pedestrian
crowds well, but it is also in good quantitative agreement with individual pedestrian behavior. In conclusion, human interactions in space and time are currently
measured in detail, and they can be formulated in terms of mathematical models.
Multi-agent simulations of such models do not only reproduce the original data
well, but they also provide a deeper understanding of observed self-organization
phenomena and features of “collective intelligence”. Further studies in this field
appear to be promising.
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Abstract. This paper examines some methodological and conceptual challenges
concerning the study of emergent patterns of behavior in communication
networks. We discuss the notion of intentionality in collectives in the light of
two case studies. The first one regards the mechanisms of communication in a
community of insects. The second case study concerns the “smart mobs”
phenomena in human societies. The focus of our discussion is the detection of
what we call emergent fingerprints, which signal the presence of a system of
agents behaving in a manner identical to a social structure whose intentional
behavior under some known set of constraints we have modeled. These
structures are used to attribute some intentionality to social systems, even in the
presence of noisy data sets.
Keywords: agent-based model, pattern-oriented modelling, social simulation,
communication patterns.

1 Introduction: Intentionality in Collectives
Social networking technologies have given rise to new social dynamics and
distinctive kinds of collective behavior. This paper describes how collective behaviors
can be modeled and examines some of the associated methodological and conceptual
challenges.
We assume an anti-reductionist conception of collective behavior, recognizing, for
instance, the effect of the social context on the behavior of its constituents. For
instance, as Bibb Latané (8) argues, when people engage in group activity, their sense
of individual responsibility attenuates and their behavior changes accordingly. Cases
where we observe a downward causal effect of the social context on its constituents
support a distinction between collective and individual intentionality (14). We
therefore assume that socially networked behavior is not merely the composition of
constituent individuals.
Understanding the emergent features of group behavior has obvious practical
relevance. Take for instance Howard Rheingold’s (10) notion of a smart mob.
Rheingold introduced the expression “smart mob” to describe the concept of a
“mobile ad hoc social network”. Smart mobs are social networks where people
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communicate using mobile and wireless internet technologies. As a first introduction
to the intentional character of smart mobs consider the relationship between a network
of friends and some scarce and desirable resource. One important reason to have
friends is that it allows one to share in a larger store of relevant information with
respect to valuable resources. Technologically extended social networks amplify and
alter the effect of familiar friendship relations in dramatic ways. For example, the
press has reported several cases of smart mobs aiming to exploit scarce resources. The
June 29th 2006 edition of The Economist described the example of Guangzhou, where
500 shoppers assembled in front of a popular electronics superstore. They arrived en
masse, at a given moment previously agreed to online and by cellphone messages.
Shoppers left the store having secured 10-30% discounts on cameras, DVD players
and flat-screen televisions. Smart mobs of this kind play are an obvious and easily
explained example of collective action in pursuit of bargaining power.
Smart mobs are becoming increasingly familiar for their role in social and political
expression. Street demonstrators at the 1999 anti-WTO protests in Seattle used
dynamically updated websites, cellphones, and swarming tactics (13). Demonstrators
using SMS were able to quickly converge on a single place from highly dispersed
positions. They overwhelmed the local police presence with brief but intense protests,
quickly dispersing and blending back into the crowds before the police could
reallocate their forces. More recently, SMS communication was used to organize
mass protests all over Spain in the aftermath of the Madrid train bombings of March
11th 2004 (6). Again, viral communication strongly spread through social networks
mainly composed of friends, where trust between members of the network is
extremely high.
The increasing importance of networked forms of political, cultural and economic
expression were noted by Tony Negri and Michael Hardt in their study of
globalization Empire (7). While Negri and Hardt’s work is highly impressionistic and
imprecise, it correctly points to the possibility that networked activity (what they call
‘the multitude’) can give rise to radically new political and economic changes. Given
the increasingly pervasive role of networking technologies, it is highly probable that
collective activity like smart mobs will play an increasingly important role.
In our analysis, we will point towards the possibility that collective behavior
exhibits properties which are not as evident as those exhibited by the shoppers in
Guanghzhou or the demonstrators in Seattle. In those cases, both the emergent feature
and the explanation of those features are relatively obvious. Investigating emergent
properties can be more than simply attempting to explain obvious emergent features
of groups. Instead, our approach opens the possibility that previously unnoticed
emergent features can be discovered in complex systems and that these features can
play a role in explanations at various levels of analysis.

2 Outline and Assumptions
Our principal goals involve identifying emergent patterns of behavior in a social
environment. To this end, we explore the practicality of adopting what Daniel Dennett
has called ‘the intentional stance’ towards collective behaviors (1). We test several
related research hypotheses via the modeling and simulation of case studies in a
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variety of social contexts, arguing that modeling such systems both reveals and
explains emergent patterns in communication. The focus of our discussion is the
detection of what we are calling emergent fingerprints, which signal the presence of a
system of agents behaving in a manner identical to a social structure whose behavior
under some known set of constraints we have modeled. We begin with relatively
simple simulated social environments. From these simulations we extract emergent
properties of the behavior of some group of agents which we then treat as a template
for pattern-matching within the massive and noisy data sets which are derived from
the study of natural systems.
To study this hypothesis, we propose to distinguish patterns or forms that arise by
virtue of constraints on the flow of information. In our modeling projects, we identify
sequences and combinations of those forms. This approach will lead us to interpret
and predict emergent properties of various forms of social systems, even in the
presence of massive and noisy data sets.
We build our models on the assumption that knowing only the links between the
nodes of the communications network is enough to characterize the flow of
information in a social environment. One advantage of the assumption of this
hypothesis is its independence from the semantic properties of communication
between agents. While most current treatments of emergent features of group knowers
involve propositional or semantic features of the systems under consideration, our
strategy is to examine patterns that appear at the level of behavioral patterns. We
anticipate that social structures in which we can understand the characteristics and
constraints on communication will exhibit behavioral features when modeled. We
predict that some of these patterns will be robust enough to detect in real world
settings.
Aiming to test these hypotheses, our research derives from two main scientific
domains: the well known field of multi-agent based simulation (4) and the research
that has recently been labelled pattern-oriented modeling (5).
This paper presents the broad trajectory of our research, starting with the case
study Cicada barbara lusitanica, detailed in a previous text (9). From this initial
study concerning the mechanisms of communication in a community of insects, we
have developed another case study, concerning the emergence of self-organized social
structures in human communication.
We provide a brief characterization of the theoretical framework supporting our
research before discussing its relevance to the understanding of social phenomena.
Next, our initial case study from zoology is discussed as the basis for the
implementation of a multi-agent simulation environment illustrating some of the
general features of our approach. In the simulations, we compare the input
communication patterns and resulting emergent movement patterns from different
species of cicadas. The second case study concerns a multi-agent model of
communication and movement, illustrating the social dynamics of the “smart mobs”
phenomena. This case study allows the identifying of patterns, both at the micro and
macro levels of observation. Finally we discuss open questions and directions for
further research.
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3 Grasping Macro Intentionality
In our work, we take a commonsense attitude towards the relationship between
individuals and groups. Contrary to a rigidly reductionist approach, we assume that
the constituents of social structures and the social structures themselves mutually
influence and transform one another. In this tangled and complex circumstance, some
features will strike observers as stable and significant. Such features of human life or
of complex systems are not necessarily (or generally) amenable to reductive
explanation. Such features are sometimes called emergent. Just because patterns are
not easily reduced to the behavior of their constituents, does not mean that they are
somehow mysterious or that they cannot be explained scientifically. They can often
be understood in terms of the kinds of mechanisms that computational modeling
reveals (15). In fact, our approach supports the possibility that through modeling, not
only are we in a position to explain previously puzzling emergent properties, but
perhaps more interestingly, our models allow us to discover previously unknown
emergent patterns in complex systems of various kinds.
In ordinary human affairs, we assume that other people have beliefs and desires
and that their actions can be explained in terms of those beliefs and desires. Daniel
Dennett (1) called this pattern of belief-desire-action explanation folk psychology and
argued that when we engage in folk psychological reasoning, we are adopting the
intentional stance towards our fellow human beings (14).
For Dennett, when we take the intentional stance towards something or someone,
we project the virtual world of beliefs and desires onto the other person or animal in
somewhat the same way a geographer might project lines of latitude and longitude
onto the Earth’s surface. In both cases, the projections permit us a means of
manipulating the objects in questions and in both cases the question of whether these
virtual objects really exist is misguided. The intentional stance is a strategy that
begins with the assumption that other animals believe what they should believe given
their perceptions and desire what they should desire given their needs. This is what
Dennett calls the assumption of optimal design. We assume that other animals
(including people) tend to pursue outcomes that serve their interests and that they
have been equipped, by natural selection with suitable perceptual and cognitive
capacities to manipulate their environments appropriately. Ascriptions of beliefs and
desire are often objectively true, he grants, but not by virtue of describing inner
mechanisms, any more than references to centers of gravity, vectors, equators and
other useful virtual notions.
The most distinctive aspect of Dennett’s approach to the mind is his choice of
starting point. Rather than diving immediately into traditional questions about the
nature of mental entities, Dennett begins by investigating what we ordinarily say or
write about other minds. Conversation or language, Dennett writes, is the royal road
to the knowledge of other minds (2, p13). So, rather than immediately focusing on the
terra incognita of what the mind actually is, he focuses instead on the practical role
played by the terms we use to talk about the mind, terms like ‘belief’, ‘desire’, ‘the
will’, ‘consciousness’ etc. Dennett’s interest lies in understanding the ordinary
commonsense descriptions of other minds that we find so useful in our daily lives.
What are we doing, for instance, when we say that another person believes, desires or
imagines something? And why does our talk of what people think, want, or hope,
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seem to work so well in ordinary life?
Traditionally, philosophers have been interested in understanding the nature of
“belief” rather than the process of interpretation by which we come to know the
beliefs of another person or animal. Generally, they began with the assumption that
words like ‘belief’, ‘desire’ and the like refer to mental entities of some kind. They
were not overly concerned with the ways we come to know those mental entities,
since presumably, even if we encounter some difficulty when it comes to other minds,
our own minds are easy enough to examine. Dennett does not assume that these
mental entities exist. Instead, his approach is to remain agnostic (at least initially)
towards the meaning of psychological terms like ‘belief’, ‘desire’, etc. Rather than
assuming that the word ‘belief’ refers to some kind of entity in the mind or brain, he
focuses instead on the role such terms play in practice. In effect, this means that he
begins by considering the reasons we use words like ‘belief’ and ‘desire’ rather than
the nature of belief and desire per se. By focusing on what we do when we interpret
or describe the mental life of another person or animal, Dennett redirects our attention
from traditional philosophical puzzles and opens fertile new lines of inquiry for both
scientists and philosophers.
This subtle shift in perspective changes the contour of philosophical problems
considerably. Instead of worrying about the mysterious inner workings of other
minds, or the problem of how the mind and body interact, we look instead to the
publicly observable utterances we use to describe one another. These utterances,
along with the contexts in which they appear, form an objective starting point for a
more scientific approach to the problems posed by mental life. In principle, it should
be possible to study the relationship between these patterns of utterances and the
underlying processes that take place in the brain and central nervous system.
According to Dennett, our use of psychological terms arises primarily out of our
interest in predicting the behavior of people and other animals. For obvious reasons,
animals need a way to anticipate the behavior of possible mates, predators, prey and
competition. This is accomplished in a variety of ways in different species.
Naturally, we humans are most familiar with the techniques employed by mammals
like ourselves. While mammals have an array of techniques for predicting behavior,
humans tend to be especially biased towards visual cues of various kinds. By
watching the eyes, posture and motion of other mammals we can generally predict
their behavior into the very near future with some accuracy. So, how do we manage
these remarkable prophecies? Is it a matter of knowing the mind of the other person or
animal?
For Dennett, Darwin’s theory of evolution through natural selection provides the
key to understanding our amazing ability to predict the behavior of other animals.
Over the course of natural history, those who fail to reliably anticipate the future
behavior of relevant others soon perish. As a result, a significant number of species
have evolved to become masters in the art of predicting the futures of massively
complex biological systems. For example, without knowing anything about the
physiological processes taking place under the animal’s skin or in its mind, most of us
can predict, with relative certainty, what a hungry dog is likely to do when we offer it
a bowl of food. Our ability to predict the behavior of other biological systems is not
the result of an ability to somehow see inside the minds of other animals. Instead,
according to Dennett, our interpretations are the product of a skill that has been
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sculpted by a long process of natural selection. Our ability to accurately predict the
future behavior of other creatures based on the evidence of their past behavior is a
skill that we, along with many other animals, simply inherited.
By contrast, we humans are not suited by natural selection to predict the behavior
of collectives in complex, technologically-mediated social contexts. The simple fact
that the new social context results from communications technologies which postdate
the selective pressures on our species means that technological enhancement is
needed in order for us to adopt something analogous to the intentional stance in such
cases. It is also worth noting that language, Dennett’s royal road, drops out of the
picture in the cases that are of interest to us.
The case studies presented in the following sections exemplify two very different
examples of social interaction. Nevertheless, they both illustrate that the attribution of
intentionality to groups in a social network allow the explanation of social dynamics
via the only detection of emergent behavioral fingerprints. Computational modeling
allows us to understand how the collective behavior of the system is shaped by
constraints on communication i.e., without any access to the semantic content of that
information. As such, this perspective allows deep insight into the study of social
behavior. In addition to offering insight which was previously unavailable to us, this
approach creates many new questions and opens up many new lines of research.

4 Cicada barbara lusitanica case study
Our first case study rests on experimental results obtained at the Faculty of Sciences
at the University of Lisbon, concerning live experiments on the stereotyped singing
response behaviors of cicadas (3, 9). We used their results to design a multi-agent
simulation platform which allowed us to represent the behavior of two cicada species,
Cicada barbara lusitanica and Cicada orni.
4.1 Previous experimental results
Previous experimental results concerning the study of cicada communication (2)
allowed us to conclude that insect songs encode specific information about the
identity of species, which are used by individuals to discriminate conspecific from
heterospecific sympatric species. Figures 1 and 2 depict examples of temporal calling
song configurations. The Cicada barbara song, characterized by an uninterrupted
pulse, illustrates a continuous pattern (figure 1). By contrast, the Cicada orni song
shows a clear discontinuous pattern (figure 2).

Fig. 1. Cicada barbara calling song analysis: spectrum and waveform db.

Figure 1 shows that the Cicada barbara calling song has a broad spectrum (image
on the left), although some frequencies are more intense than others. The waveform
analysis shows that the calling song is continuous, with no pauses.
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Fig. 2. Cicada orni calling song analysis: spectrum and waveform db.

The Cicada orni spectrum depicts a clearly discontinuous calling song. This
particular species of cicada uses a calling song characterized by pulses and pauses.
The spectrum occupies a narrower band than that of Cicada barbara. Nevertheless, it
is very intense in some frequencies. The waveform represents the discontinuity in the
calling and regular pauses (e.g., silence) are evident.
Concerning frequency, the analysis of a pulse period in Cicada orni calling song
reveals that very few frequencies are significant. By contrast, Cicada barbara might
have to produce a broader spectrum of frequencies as it will not use temporal patterns
(the song is continuous). Fonseca and Revez conclude that such configurations of
calls are generally used by cicadas to identify members of their own species.
Fonseca and Revez stated that both frequency spectrum of the signal and temporal
pattern carries information about the species-identity of a calling male, but the use of
only one parameter might not be sufficient (3). The pre-copulatory isolating
mechanism based on song analysis, used to maintain species integrity, uses one or/and
another parameter according to the species environment.
4.2 Multi-agent simulation of cicada communication behaviors
Fonseca and Revez experiments and conclusions were used to implement a multiagent simulation of cicada communication behaviors. The model considers the
existence of two patterns used by Cicada barbara and Cicada orni to recognize
conspecifics: temporal (pulse and pause duration) and frequency patterns. Cicada
barbara and Cicada orni individuals are randomly placed in a finite environment.
Males are static and females move, attracted by songs from their conspecific males.
Each female cicada has a given initial energy, which she expends by traveling through
the environment. When a female meets a male, two things can occur: either they
belong to the same species and in this case her energy is set to a maximum level, or
they belong to different species and then her energy is set to a minimum level. The
key issue under consideration in the model is the pattern-matching mechanism used
by females to recognize conspecific song. Several simulation experiments were
modeled and executed using temporal patterns, frequency patterns separately and
simultaneously.
Results of the simulations are illustrated by the images in figure 3. The image on
the left compares the number of contacts achieved by Cicada barbara individuals in
three situations: using the temporal pattern uniquely, using the frequency pattern and
using both temporal and frequency patterns. The image on the right presents the same
comparison concerning the number of contacts achieved by Cicada orni individuals,
using its species specific pattern values.
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Fig. 3. Running the simulation with different singing recognition patterns used by Cicada
barbara (left) and Cicada orni (right).

From the observation of graphs, we can conclude that, in Cicada barbara species
the frequency pattern leads to a better performance, in Cicada orni is the contrary,
and in both species the combination of the two patterns result in a more accurate
perception about the origin of some calling song.
Let’s consider now the coexistence, in a cicada’s field, of the following behavior
types:
Type I – cicadas do not use a recognition pattern and follow a song randomly;
Type II – cicadas use a temporal recognition pattern;
Type III – cicadas use a frequency recognition pattern;
Type IV – cicadas use both recognition patterns.
Cicada’s paths are identified by gray marks in cells. Initially all cells are white, and
they became darker when crossed by females traveling in search of conspecific males.

Fig. 4. From left to right: results of simulations showing Type I, II, III and IV paths.

Figure 4 represents the result of simulations, characterized by marks from Type I,
II, III and IV, e.g. cicadas not using a detection pattern (on the left), using temporal or
recognition pattern or using both (on the right). The extreme left image (Type I)
shows that each female cicada is not moving far from a small radius, and her direction
changes randomly. The result is a set of small and diffuse zones of dark cells, with no
clear tracks. Males act like nodes of a network. Dark cells surround males. The center
left image (Type II), concerning cicadas using the frequency pattern, shows a longer
dislocation of females and the existence of clear tracks. In what concerns Type III
(center right image), where cicadas use the temporal pattern, tracks are also well
defined. Type IV paths (left image), regarding cicadas using both patterns, represent a
thinner network, composed by a diversity of tracks. Some kind of star-like pattern
concerning males positions is visible in the networks.
These experiments support the conclusion that, when cicadas use song recognition
patterns, females dislocation is structured, covering the field with clear tracks. The
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particular case of simultaneously using both recognition patterns results in a thin
network, with more tracks and more rapid access to males of the corresponding
species. On another hand, when there is no use of recognition patterns, dislocations
are short and direction random, with no clear existence of tracks. On another hand, the
results of field and simulation experiences, support correlating the behavior of cicadas
with their need of differentiating species trough communication patterns. This seems
to be a clear intentional mark of cicadas social behaviors, aiming to preserve their
species.
The assumption of emergent intentionality characterizing the actions observed in a
group can be very useful in a diversity of social contexts, as illustrated by the
following case study.

5 Smart mob case study
In Section One we introduced the notion of “smart mobs” and discussed a number
of putative cases. These cases of smart mobs were characterized by viral propagation
of messages through the social network of each individual. The objective was
generally to achieve the gathering of a significant number of individuals at a given
moment and in a given place. The result of a smart mob, whatever its goal, is on the
one hand the grouping of a large number of individuals and, on the other hand, the
surprise of some unintended collective action which was not previously broadcast by
the media.
These basic characteristics allow the design of a generic model of smart mob
dynamics, where the viral propagation of communication through the social networks
of individuals coexists with the coordinated dislocation of individuals to some
meeting point. The technologically-mediated cases are, in some respects, more easily
modeled than the biological cases because the constraints on communication can be
specified or described quite precisely.
An individual moves
directly to an attractor
An individual finds an
attractor
An individual moves
randomly looking for
an attractor
An individual
recharges energy
from the attractor

Yes

An individual waits for the
arrival ofNo
others

Fig. 5. Flux diagram of the behavior of individuals
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An individual propagates
the information to his
friends

Is the number of
individuals enough
for the attractor to
distribute his energy?

No

Our model of smart mobs comprises two types of agents, individuals and attractors,
initially placed in a bi-dimensional space. An individual circulates in the space while
he has energy left; when he runs out of energy, he disappears. His goal is to recharge
his energy. To achieve his goal, the individual searches for an attractor, moving
randomly throughout the space. When an individual finds an attractor, he propagates
this information to all his friends; consequently, they will then move towards the
attractor, aiming to recharge their own energy. Also, when an individual is notified of
the existence of an attractor, he will propagate this information to his friends. When
the individuals surrounding an attractor exceed a given number, the attractor
distributes his energy to the attending individuals; afterwards, each one reinitiates his
random movement, until finding or being notified of the existence of a new attractor.
Besides the viral propagation mechanism through his social network, an individual
can decide to move as a result of observing the dislocation of his neighbors. If he
verifies that more than a given number of individuals is moving in the same direction,
he concludes the existence of an attractor in that region of the space. On their side,
each attractor accumulates energy all through the time of the simulation, and
distributes his energy when a given number of individuals surrounds him.
The results of the simulation can be observed in the following images:

Fig. 6. The Smart Mobs model: macro observation of patterns

The image on the left of Figure 6 represents two fixed attractors and several
individuals moving randomly. When an individual finds an attractor, he informs the
members of his social network. These messages are represented by the traces
connecting the individuals surrounding the attractor to the others dispersed throughout
the space. The image on the right of Figure 10 represents a trace of the dislocation of
all individuals. It is patent that straight-line movement is followed by those informed
of the place of the attractors. The pattern characterizing the joining movements made
during a smart mob is clearly visible. Meanwhile, individuals also move as a
consequence of the dislocation they observe among their neighbors. This aspect is
depicted by the following images.
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Fig. 7. The Smart Mobs model: micro observation of patterns

The image on the left of Figure 7 represents several moving individuals. Some of
them are specifically directed to attain an attractor – these individuals are graphically
represented by simple circles. Others move randomly – these have a cone-shaped
vision, graphically represented by two traits connected to an individual (a circle), such
as can be more closely observed in the image on the right.
Figures 6 and 7 illustrate the existence of patterns at different abstraction levels:
the trace of the movement of the individuals indicates specific macro communication
and dislocation patterns. The observer can assign the intentionality of a collective
movement of the smart mob kind to these patterns. From another side, the observation
by an individual of a coherent movement of his neighbors will trigger the detection of
a dislocation pattern. Also, the observing individual will attribute some intentionality
to this pattern, i.e., dislocation towards some attractor.

6 Discussion
The case studies described above can be discussed in the light of the research
hypothesis initially announced. In both cases, we have identified a clear fingerprint
that can serve as the basis for predicting and explaining the behavior of groups in
natural settings. In addition, since fingerprints are identified and group intentions
assigned to the structures, we can conclude that knowing only the links between the
nodes of the communications network is enough to characterize the flow of
information in these specific social situations.
Another research hypothesis concerns the characterization of social structures
through the combination of several elementary patterns. Both case studies suggest that
the combination of patterns, identified at different abstraction levels, is a way of
identifying social structures determined by communication processes. In the case of
Cicada barbara, different input (pulse and frequency) and output (structured star-like
dislocation) patterns are considered. In the case of the smart mob, communication and
dislocation macro patterns are also considered, simultaneously with micro patterns of
dislocation of the neighbors of an individual.
On the other hand, the assignment of a given intentionality to collective behavior
patterns uniquely from identifying these patterns at a macro level and without
knowing the semantic content of the communication allows the attribution of specific
intentions to a group of individuals. For instance, observing star-like communication
patterns centered on an attractor suggests a social dynamic with the intentionality of a
movement with the configuration of a smart mob.
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7 Further research
The work presented in this paper incorporates a larger research program, based on the
study of the mechanisms and patterns of communication in different social contexts.
We consider that our approach can be advantageously applied to several application
domains. This way, the research will continue through modeling and simulating other
case studies, namely concerning communication domains at a micro-cellular level, as
well as new domains relating to sensor networks.
The tasks of designing models and programming multi-agent simulations will be
supported by the methodology and programming library developed to the case studies
described in this paper. These tools, as well as other resources such as texts, images
and videos, are freely available to the community on our web page:
<http://www.listaweb.com.pt/projects/cells>.
Acknowledgments. We express our gratitude to Professor Paulo Fonseca, from the
Faculty of Sciences of the University of Lisbon, for allowing the use of the results of
his experiences in the development of the Cicada barbara lusitanica case study.

References
1.
2.
3.

4.
5.

6.
7.
8.
9.

10.
11.
12.
13.
14.
15.

Dennett, D.: The Intentional Stance. MIT Press, ISBN 0262540533 (1989)
Dennett, D.: Kinds of Minds: Towards an Understanding of Consciousness. Science
Masters Series, ISBN 0465073514 (1997)
Fonseca, P. J., Revez, M. A.: Song discrimination by male Cicada barbara lusitanica
(Homoptera, Cicadidae). The Journal of Experimental Biology No.205, 1285-1292,
Ed. The Company of Biologists Limited, U.K. (2002)
Goldstone, R., Janssen, M.: Computational models of collective behaviour. TRENDS
in Cognitive Sciences, Vol.9, No.9 (2005)
Grimm, V., Revilla, E., Berger, U., Jeltsch, F., Mooij, W. M., Railsback, S. F.,
Thulke, H.-H., Weiner, J., Wiegand T., DeAngelis, D. L.: Pattern-oriented modeling
of agent-based complex systems: lessons from ecology. Science, No.310, 987-991
(2005)
The Guardian. April 7th edition (2004)
Hardt, M. and Negri, A.: Empire. Cambridge MA.: Harvard University Press (2000)
Latané, B.: The Psychology of Social Impact. American Psychologist 36: 343–56
(1981)
Louçã, J., Symons, J., Rodrigues, D., Morais, A.: Pattern-oriented analysis of
communication flow: the case study of Cicada barbara lusitanica. 21st European
Conference on Modelling and Simulation - ECMS 2007, Prague, Czech Republic
(2007)
Rheingold, H.: Smart Mobs: the next social revolution. Basic Books, ISBN 0-73820608-3 (2002)
Sallach, D., Macal, C., North, M.: Proceedings of the Agent 2006 Conference on
Social Agents: Results and Prospects. University of Chicago (2006)
Sawyer, K.: Social Emergence: Societies as Complex Systems. Cambridge University
Press (2005)
Seattle Post-Intelligencer. December 3rd on-line edition (1999)
Symons, J.: On Dennett. Belmont, CA.: Wadsworth (2002)
Symons, J.: Computational Models and Emergence. Minds and Machines
(forthcoming)

650









 



  
















        




     



     
 !∀#

∃%#& ∃∋(
)∗   ∗

   + ∗,  − ∗ . /  / 0.∃    .  1  
2/ 0.∃  ∗   ∗ 1
  − 3     4∗ 
. ∗,  + ∗,      4∗ /∗ . 
∗5/       ∗5/     /∗    / 
. ∗,+ ∗,    . 5  ∗ . ∗,  5 ∃
 ∗ .. ∗,   ,    . ∗,  6 7 , , ∃
8 ,  5,∗   5     ,     ,  ∗ 
5∗  .75,  ∗∗  
   5  .   
 ∗ 
   + ∗,  ∃ . ∗,   5 3.∃   4∗ ∃ . ∗,
5. , 

  
+ ∗,   / ∗     .    2/ 
∗        ∗   ∗  ∋     5.  
  ∗     ,∗   ∗ ∗ .   5  .  9:∃  .  
, ,5     ,5, 8 3. ∗,∗ 57 ∃
/ /  2/   /∗     4∗ 9;:∃
9:    ∗ ∃ 8 ∃         ∗     58 3  
3.     . 6   ,     . ∗, ∗ 5  . ∃   
 4∗ ,  ∗ 
7   , , ∃ 8 ,  5,∗  5∗  5  3. . ∗,
     4∗    5   ∗    5,< 0!1 8 . ∗,
  . 5 ∗.  ∃∃    6 ,  =0∀1 8
   ,5    4∗  ∗. ∗ . ∗5/ 
          5 3.,  =  01 8 ∗5/ 
       ∗    4∗      5  5, 
/         > 9!: 5    5  5 ∃
,    
  6 , 2/  /    /
. /  6    5  5, 88 3/?3
 ? 9:  ≅ 5  >9#:∃ 5.  ∃8   8 5 
 . ∗,   5         5, 3 5
    ?
 9∀:∃ 8    8 8   ∗5/         




 ∗        Α ∃         ∗   /
/ .6ΒΧ∃8   . 0 ∗ ∗1    58 
6  5 ∃     .  6 = / ∗   ,          . 
 ∗/ .   ∃  ∗ ∗   ,   
/   ∗∃       5    .  ∗ ∗
5.    ∆.∗ ! 8 /  5 

∋  6 
+ ∗,
 
0Ι!1

+ ∗,
 
01

ϑ∗5/ 
(  

 
Κ∗ 
01



Α

Α 



?  . ∗,      4∗ 

 !    
≅    8 /   ∗ <    /  ∃ 8   8 5, 
55/        5 Ε     5    5 ∗     , ,    
 . . ∗,=      2/  ∃ 8   8 8  ∗∗   
5 ∗    
    ∗  ∗∗   09!:1
∆    ∗ ∃ 8  5 8 ,            Α  
/     , 0 /   , .  ∗     
 . ∗,1   0  5,.      .  
. ∗,1=   . ∗,>    .   , 5      !&Φ   &Φ
5  (5,    8 5  55/  8 8   , 5
,  ∃        8 5 Α /    5 
2/  ∃ 8   . ∗, 55/  8       ∗     5   . ∗,>
 5 ∗  5 3  ∗   /  
, 5   &! &∃        2/  
    8     .   0∗  5   8    1   , 
  6  ,   8    . ∗, ,        2/
0 ∗∗ 1  ( ,      ∗5/    
       8      5  , ∗      , 
   ∗ ∗ 5   ,      ∗ 5
   5    / /   ?
9∀:∃5   / 4∗ 
 5  .  / . Γ 8∃       
.             ≅   8 , 5 ∃ ∗.  ∗  !
0.      4∗   . 1∃ ∃   Η 0 .  4∗   5 1∃ 8    
 ∗  ∗   
  5   /∗   4∗   5 ∗     
 ∗ ∗     

;


∆ ∃8    . ∗,6∃!&∃  !∃  ∗.   ∗ . ∗,
6 5  / 8  ∗  ∗  , ∗    ∃ ∗  , 5 
.  5 8   5 ∃ 8    .∃ 8  5 ∃ 8 / 
∗   ∃8  ∃ . Γ ∃   . ∗,6∃
   ∀ , 5     ,  ∃ #  
 Α   5∗   !∀&5,  05 1   ,   !&&
  =   .     ,    5,∗  5   3 5
      9!:    5     ?
 9∀:= / ∗  , 
5 ∃  /∗,     , , 


∀ 

 ∗ 5   ∃. ∗,   ∗/   5∆.∗ 
∀ 8    ,  ∗  ,  




Λ  . ∗,   5



∋  . ∗,    5   4∗   8       ∃
88,  8. ∗,  5 ∗    /! 8 . 
∗  . ∗,6∃5 ∃   , 5 5 ,∗ . ∗,
  0  . Γ   5  / ∗        ,    
5 1+ ∗,6  5   ∗  ∗=    /    & 8
 !  . ∗  8 
( /!  ∃     / ,   
 / .    . . ∗,/∗  .  5(,  ∃
.   8      2/     8   .  .  ∃   8 




∗      /     ∗   /   7 .∃ .  
/ ∗   , 5  

# ∋ ∗ ∗ ∗ . ∗,  

!  ∃ 

+ ∗,∋6
? 
Α ? 0&Β , ∃
!Β  1
  .
Α? 0&Β  5∃
!Β2/  1
 Α 
( 
 

( Ε∗ ∀
ϑ∗5/ /  
Μ(5 .  
,Ν&&!


∃      %&∃  
   


&&∀
&&&
2&&&
2&&&&
&#∀
&!;∀
& 
2!∀∀!


2&!∀;

&&!
2&&ΗΗ
&# 

&!!
2&&!#
&;ΗΗ




# 
;&



 #
;&








∀∆ . . ∗,      4∗ 




∆.∗    8 8   ∗    4∗   ∗  5 ∃    
,      Ο,Π    .∗   ∗    4∗ 6   ∗  
  <        / 5 5∗ /    ∗5/  
       Ε∗5,  5 8   ∃    5, Α  ∗.   
.∗    .  !&& ∗∃       ∗     ,    
,, ϑ   /  ∃5 5∗5      
8 , , 5 Β∃     4∗ 58  .  8 8
 .  


∋  

∗  5∗    8  ∗/Ε   
    ∗.    5  
   . . .    ∗   . ∗,  5        
4∗  /   .  ,  . ∗,  5 ∗   ∃
      , 5   4∗  ≅  5     . 
/∗∃   5  5  3.   ∗  . ,     / , ∗
,   ∆∗∗  
   ∗  ∗    ,    5   
5     5,   8 3    ,    ϑ        
     4∗    ∗.    5, 5 5  ∗ .  
∗5/          /   . ∗,     ∗ ∗/    
5 53.  8   4∗ ∃     ,  
   . ∗,/  =    ∗∗,  ∗    

( 58  ∗,    .      ,    . ∗, 6  
/ ∗         4∗ (.855/  5 
. ∗,  . 5,    . ∗,> 5,    ∗      
  .= . . ∗,∃ 5  5  ,,  , 5.  
5  /    (      5       /  , 5   8 
∗   .    . ∗,  . 
∗  . 5,  5  .     .    
4∗   4∗     ∗  ,  . . ∗, 6∃ , 5.
55,   ∗. ∗,∃ ∗ .. /    
8  ,     .∃   ,  .     55/  8  
Ο  Π . ∗,



( )   

! ∃∃ ∃+<∗∗   5. ,  . 6   
  ∃  ∃ϑ0∀&&1
∀  ∃ ∃ ?
∃ +<   ? 3.      ∋∗ , 
( 5 ∋  Κ∗  ∀Η0!Η ;1∀2;∀
  ∃ Θ<  ∃  ∃    5   5  < ∋∗55    . 5 

  5  75, Κ∗  !∀0!ΗΗΗ12!Η
; ? Ρ ∃ ∃ Ρ/∃ ∋(∃ ∃ < Α           ∋5 
+ ∗,∋5 + ∗,
∃∀#0!ΗΗ1 ∀#2 ;#

#


 ?3∃ ∆∃ ? ∃ ΡΡ< ∋
.   55   <     .  
?∗,Α   . 6  + ∗,( 5?  .5
8∀!0!ΗΗ1;&∀2;
 ≅ ∃ ≅Α∃ Θ∗5 ∃ Θ∃ ? ∃ ΡΘ< ∗∗   > 75,  
7       5  <5, .5.∗    3
+ ∗,( 5?  .5∗  0!ΗΗ1Η&2&∀
# ≅ 5∃ ΘΣ∃ >∃ ( 777< 5. ,        . 6 

 . 6    ∀&0!ΗΗ 1##2!;&


 

Agent-based Organizational Cybernetics for
Organizational Learning
Yusuke Goto1 and Shingo Takahashi2
1,2

Department of Industrial and Management Systems Engineering, Waseda University
1
ysk5@toki.waseda.jp, 2shingo@waseda.jp

Abstract. This paper proposes guidelines to evaluate agent’s internal model
effectively in organizational learning. We developed an approach named Agentbased Organizational Cybernetics (AOC) to describe problems in
organizational learning with an agent-based model and to design some
prescriptions for them. This paper focuses on four typical evaluation problems
of internal model in organizational learning: (1) environmental scanning, (2)
policy making, (3) coordination, and (4) task resolution. We design and test
some guidelines for each problem. The results provide some effective
guidelines in organizational learning. Organizational-performance(OP)-based
evaluation realizes organization’s high performance in all four problem
situations. However, the OP-based evaluation cannot guarantee that an agent
gets a right internal model all the time. So, it is effective to also consider some
other complementary evaluations.

Keywords: organizational cybernetics, organizational learning, computational
organization theory, agent-based organizational cybernetics

1

Introduction

Agent-based approach for organizational learning sounds promising. Agent-based
modeling can describe the behavior of an organization as a result of individual agents’
behaviors. So we can discuss the micro-macro problems of complex organizational
systems in an operational manner.
Computational organization theory has attacked some problems in organizational
learning. March has described a simple double-loop learning mechanism with a
concept of exploration and exploitation (March 1991). Takadama et al. have
developed an Organizational-learning oriented Classifier System to model four-loop
learning in organizational learning operationally (Takadama et al. 1999). Some
models have considered organizational structure in organizational learning (Carley
and Svoboda 1996; Takahashi and Goto 2005).
However, computational organization theoretic approach describes either only a
“flat” organization that has no hierarchical relationship between subsystems, or higher
subsystems as super-agent activities (Takahashi 2006; Chang and Harrington 2006).
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The model in this paper represents a “hierarchical” organization that has four
functional layers defined in organizational cybernetics: intelligence, policy,
coordination and resolution. All functional layers are described as an agent-based
system. We call this approach Agent-based Organizational Cybernetics (AOC).
This paper focuses on typical evaluation problems of internal model in each
functional layer: environment scanning, policy making, coordination, and task
resolution. Effective evaluation will reduce the equivocality (Daft and Lengel 1986)
and lead successful organizational double-loop learning (Argyris and Schon 1978).
We design and test some guidelines for each problem.
In the following sections we briefly introduce the main features of AOC, and
describe the typical problems in organizational learning, simulation model, and
guidelines for effective organizational learning. In the last part, we report initial
results and discussion.

2

Agent-based Organizational Cybernetics

AOC is a hybrid model that combines organizational cybernetic framework and
computational organization theoretic approach. The main target of AOC is to describe
problems in organizational learning with an agent-based model and to design some
prescriptions for them (Takahashi 2006). The basic features of AOC can be listed: (1)
interaction between environment and agents, (2) agent’s decision making according to
his decision principle, (3) multi-layer hierarchical organization with some functional
subsystems, (4) agent-group in each layer of the hierarchy, (5) situatedness of an
agent, (6) organizational learning of revising and sharing agents’ internal models.

3

Typical problems in organizational learning

It is natural to be thought that problems in organizational learning are different within
organizational functions. We define four functional layers in the AOC manner, and
describe typical problems for each layer. An organization considered has the
following four functional layers.
1. Intelligence. An organization should recognize the environmental structure
properly to realize an adaptive organizational policy. The environmental structure
is scanned.
2. Policy. An organization defines own structure and input to be viable in an
environment. A task resolution structure and a resource allocation are defined as an
organizational policy.
3. Coordination. An organization has to coordinate inferior subsystems to realize
better organizational performance. The values of coordination variables are
decided.
4. Resolution. An organization resolves tasks in an environment. A plan of task
resolution is selected.
We can specify a typical problem in each layer.
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1. Scanning environment. In intelligence layer the right recognition of the
environmental structure is offered.
2. Policy making. In policy layer it is difficult to be viable or adaptive without an
adequate decision principle to evaluate organizational policies.
3. Coordination. In coordination layer the proper anticipation of a coordination
variable value to a subsystems performance level is essential for better
coordination.
4. Task resolution. In resolution layer the right recognition of the task is required for
effective task resolution.
Learning is essential for an organization to tackle these four problems. We
especially focus on internal model evaluation in learning. If an agent cannot evaluate
his internal model properly, he will fail to revise it successfully. So we, in this paper,
seek guidelines for the evaluation of an agent’s internal model in each typical problem
in organizational learning.

4

Model

We here consider a simple maker-type organization that has some processes. The
organization anticipates characteristics of an environment, defines a task resolution
structure and a resource allocation, distributes resources to each process, and resolves
a task in each process by using the resources (see Figure 1).
Task
A task means a series of demand for a service or a product that a process provides.
For effective task resolution, supply need to fit demand. Much supply requires a lot of
resources. There exist n tasks u e1 ,L, u ei ,L, u en in an environment. An organization
selects tasks to resolve, and resolves them.
We assume that an organization use the common resource that can resolve every
task. The i th task u ei that has a q -long string is expressed as ( uei1 ,L, ueil ,L, ueiq ) .
The l th element of the ueil means the amount of the demand in the l th term.
Environment
In the AOC framework an agent is confronting her own environment, and an
organization is also confronting its own environment. We build an environment
model of the organization as a task generator and a response function.
The task generator provides the organization with n tasks every step. We define
the task resolution plan m i as ( mi1 ,L, mil ,L, miq ) . Task resolution performance with
the m i is evaluated by the fitness of the demand and the supply (Eq. 1).
yi = ∑ l =1
q

mˆ il

u , if mil ≥ ueil
× q, mˆ il =  eil
ueil
 mil , otherwise
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(1)

Fig. 1. Hierarchical organization model. Based on a model appeared in WCSS06 (Goto and
Takahashi 2006), the model in this paper is newly developed in the AOC manner (Takahashi
2006).

The response function evaluates the output of the task resolution activities of an
organization. An organization’s performance is evaluated by the response function
y = ∑ i =1α ei yi − β e r ,
n

(2)

where α ei and β e respectively show a real profit coefficient and a cost coefficient,
yi is a task resolution performance in the i th process.
Functional hierarchy
An organization is a three levels hierarchical system: adaptive, coordination and
operational levels defined in organizational cybernetics (Beer 1981; Takahara and
Mesarovic 2003). Every agent belongs to one of the subsystems of the hierarchy, and
makes a decision of the subsystem.
Adaptive level consists of intelligence and policy functions. In an intelligence
function the environmental structure st that considers the profit coefficients
α e1 ,L,α ei ,L,α en and the cost coefficient β e of Eq (2) is observed. In a policy
function a task resolution structure a1 ,L, ai ,L, an and a resource allocation r are
defined as an organizational policy p. The task resolution structure defines processes
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in which the tasks are resolved; if task resolution is taken in the i th process, then we
set ai = 1 , otherwise ai = 0 . We assume that the tasks and the processes are one-toone correspondence: the task u ei in the environment is resolved in the i th process
in an organization.
In coordination level a coordination function sets the values of coordination
variables to manage the operational level under the organizational policy. The values
of coordination variables γ = (γ 1 ,L, γ i ,L, γ n ) represent how to allocate resources to
the processes; γ i represents that agents in the i th process use γ i resources to
resolve the task u ei ; if ai = 0 , then γ i = 0 .
Operational level consists of a resolution function and n processes. The
resolution function has n agent-groups. Based on the coordination variables every
agent makes a plan of task resolution m i = ( mi1 ,L, min ) , ∑ l =1 mil = γ i in the i th
q

process. The plan m i is a series of the supply for the service of the product.
Agent and Internal Model
An organization has some agents. Every agent belongs to one of the four functions.
We call an agent in an intelligence function a scanner, in a policy function a policy
maker, in a coordination function a coordinator, and in a resolution function a
resolver, respectively. Every agent refers his internal model and makes a decision as
in the cybernetic control concept (Takahashi 2006).
A scanner observes an environment structure st , has the recognition as his
internal model, and reports the aggregated one to the policy function.
A policy maker gets the anticipated environmental structure from the intelligence
function, applies his decision principle of his internal model, and selects the most
preferable organization policy. The decision principle consists of three types of
preference: coverage pursuit (CP), profitability pursuit (PP) and cost aversion (CA). A
policy maker has an attitude for each type: agree (1), disagree (-1) and not considered
(0). The decision principle is represented as DP = ( CP, PP, CA) , and every preference
takes a value of {1,0, −1} . The CP is a preference for resolving more tasks. The PP is a
preference for resolving more profitable tasks. The CA is a preference for paying
more costs. We here skip detailed description of them. A policy maker selects the
alternative that maximizes the sum of the preference values.
A coordinator has an anticipation of a task resolution performance y1,′ L, yi′,L y′n
realized by a coordination γ .
A resolver in the i th process recognizes the task u ei , and has the recognition u′ei
as his internal model, and selects the plan of task resolution m i that seems to realize
the highest task resolution performance.
Organizational Learning
We reinterpret the four-loop learning (Espejo et al. 1996) in an operational way as an
agent-based organizational learning model. We represents double-loop learning as
three processes: evaluation of agent’s internal model, revision of the internal model,
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and sharing of agents’ internal models in an agent-group. The described
organizational learning cycle is taken in each organizational layer in an organization.
1. Individual single-loop learning. Every agent refers his internal model that
describes confronting environment, applies his decision principle to optimize his
decision alternatives, and selects a decision alternative. This process has no
influence with the progress in the ability of organization’s decision making.
2. Organizational single-loop learning. Agent-group’s decision is taken by unifying
agents’ decisions. The most selected decision alternative is adopted as the group’s
one.
3. Individual double-loop learning. An agent evaluates his own internal model from
the result of the decision made just before. Then he revises his internal model.
These processes are implemented by using genetic algorithm (GA): a fitness
function corresponds with agent’s internal model evaluation, and genetic operation
corresponds with revision of the internal models. The implementation by GA
represents the evolutionary aspect of organizational learning. Design of the fitness
function is the key to success of effective organizational learning.
4. Organizational double-loop learning. As a result of effective individual doubleloop learning, agents in the group share their helpful internal models. The group
(or an organization) progresses its ability of decision making, and can be more
viable or adaptive.

Guidelines in Organizational Learning
We described four typical problems in organizational learning: scanning environment,
policy making, coordination, and task resolution. In these problems proper evaluation
of agent’s internal model is essential. So we, in this paper, seek effective guidelines to
define how helpful agent’s internal model is to a situated environment.
A critical constraint in these problems is that agent does not know the “right”
internal model in organizational learning. Then we assume that an agent can get data
of organizational performance and task resolution performance as a response from an
environment.
For scanners’ scanning environment
Scanners’ problem is to recognize the environmental structure st = (α e1 ,L,α en , β e )
correctly. We design the following three guidelines to evaluate scanners’ internal
model properly.
1. Organizational-performance-based evaluation (OP). If a scanner has a right
recognition of the st , then the organizational performance will be improved.
2. Task-resolution-performance-based evaluation (TRP). If the organizational
performance will be improved when a scanner has a right recognition of the st ,
then the task resolution performance will be improved.
3. Organizational-performance-anticipation-based evaluation (OPA). A scanner can
get information of an organizational policy: the task resolution structure and the
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resource allocation. If a scanner has a right recognition st , then the difference
between an expected performance y and a realized performance y′ will gets
smaller. We set an expected environmental structure st ′ = (α e′1 ,L,α en′ , β e′ ) and
define the expected performance as y′ = ∑ α ei′ ai − β e′r .
There exists a problem. Each of these three guidelines cannot apply to scanners
directly, because these correspond with the function’s (group’s) decision making. So
we take an indirect approach. A scanner uses retrospective data that the organization
got, and he evaluates his internal model by the retrospective decision that is most
similar with his decision. This approach is common in the following problems. In the
retrospective data we set most similar organizational performance y u , the expected
performance of the decision y u′ and the realized task resolution performance
y u1 ,L, y u n . Then OP, TRP and OPA are defined as
(3)

OP = y u max of y ,
TRP = ∑ ai yiu

∑a

,

(4)

OPA = 1 1 + y u − y u′ .

(5)

i

If the value of evaluation is high, then he has a helpful internal model in terms of
the guideline.
For Policy makers’ policy making
Policy makers’ problem is to get an adequate decision principle. We design the
following two guidelines to evaluate policy maker’s internal model effectively.
1. OP. If a policy maker’s decision principle is desirable, then the organization will
realize high-level performance naturally (see Eq. 3).
2. TRP. When an organization realizes high-level performance, the task resolution
performance will be also high-level (see Eq. 4).
For Coordinators’ coordination
Coordinators aim at having a sure anticipation of a task resolution performance
realized by a resource allocation.
We design the following three guidelines.
1. OP. If a coordinator’s internal model is helpful and realizes effective coordination,
then the organization will finally realize high-level performance (see Eq. 3).
2. TRP. Effective coordination realizes high task resolution performance naturally
(see Eq. 4).
3. Fitness for retrospective data (FRD). If the anticipated task resolution performance
with a coordinator’s internal model fits to the retrospective fact data, the internal
model seems to be helpful. We set the j th retrospective data of the task resolution
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performance

y j1 ,L, y j n

by the resource allocation

γ , the coordinator’s

anticipation for the γ as y ′1 ,L, y ′n .
j

j

FRD = 1 1 + ∑∑ i =1 ai yij − ai yij′
n

(6)

j

For Resolvers’ task resolution
Resolvers in the i th process should have a right recognition of the task u ei . We
design the following three guidelines.
1. OP. The helpful internal model realizes effective task resolution. As a result, the
organization will achieve high-level performance (see Eq. 4).
2. TRP-2. If a resolver’s internal model is helpful, then task resolution will be taken
effectively in his process.
TRP-2 = y u i

(7)

3. Difference between task and plan (DTP). If a resolver gets the magnitude
correlation between task and plan, he will be able to evaluate his decision. We set
the resolver’s decision m i = ( mi1 ,L, min ) .
1, if ( ueil ≥ mil , mil ≤ mil ) or ( ueil < mil , mil > mil )
n
DTP = ∑ l =1 el q , el = 
otherwise
0,

(8)

Experimental design and results
First we confirm two classic propositions in organizational learning for model
validation. Next we review which guideline is more effective in each problem, and
analyze the characteristics of organizational learning in each layer.
Model validation
We here test whether the built model can generate the result that is compatible with
the propositions of foregoing empirical studies. We choose the famous propositions
by Argyris (Argyris and Schon 1978).
• P 1: “If the organization has a right recognition of the environment, the
optimization of organizational actions by the organizational single-loop learning
(OSL) will lead to be adaptive to the environment.”
• P 2: “If the organization doesn’t have a right recognition of the environment,
organizational learning is not significant. The organization requires
organizational double-loop learning (ODL) that also revises the recognition of the
environment.”
In this model the Argyris’s OSL can be interpreted as the learning in resolution
layer. The ODL can be interpreted as the learning in all four layers. In the proposition
1 situation, scanners, policy makers and coordinators have a proper internal model,
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though resolvers can have an inadequate internal model that is generated randomly. In
the proposition 2 situation all agents can have an inadequate internal model that is
randomly generated.

Fig. 2. Process of adaptation with OSL or ODL. OP represents the average organizational
evaluation value of 1000 runs in a setting.

The left side of the Fig. 2 shows the result for the P. 1. An organization with OSL
improves OP rapidly. On the other hand, an organization without OSL seems to
stagnate. Then the P. 1 is confirmed.
The right side of the Fig. 2 shows the result for the P. 2. Both of organizations with
OSL and with ODL improve OP. The organization with ODL improves OP twice as
much as the organization with OSL does. An organization without learning seems to
stagnate. Then the P. 2 is also confirmed.
Effective guidelines in organizational learning
We here review which guideline is more effective for each problem. We have got
results that the OPA (Eq. 5) in intelligence layer and the DTP (Eq. 8) in resolution
layer are effective (Goto and Takahashi 2005; Goto and Takahashi 2006). However
we haven’t compared them with other guidelines.
We set the number of tasks n = 3 , the length of tasks q = 5 , the response function
y = 2 y1 + y2 + 4 y3 − 2r , and the number of agents in each layer 30. The task u ei is
randomly set its values. A run of simulation consists of 500 steps of task resolving
and learning.
Fig. 3 shows the review of proposed guidelines. Every guideline is effective itself,
because they improve organizational performance. In the case of single guideline, the
OP-based evaluation is most desirable in every layer, because the evaluation improves
organizational performance most.
However, if we consider combined guidelines, the OP-based evaluation is not
always the best one. In coordination layer a combined evaluation of the OP and the
FRD is most desirable. In resolution layer a combined evaluation of the OP and the
TRP is as desirable as the OP only. We think that the effectiveness of the combined
evaluation comes from a complementary relation between the OP evaluation and
other evaluations.
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We show a typical case in intelligence layer. We define Intelligence Fitness (IF) to
measure the correctness of scanners’ internal model. Higher the IF is, more correct the
scanner’s recognition of the environmental structure st is.
(9)

IF = 1 1 + d
d : hamming distance between theactualstructure and the recognized one

When we review the guidelines in terms of the IF, the OPA is outstanding. On the
other hand, the OP is very bad. This data suggest us that the OP evaluation learns for
the organizational performance, not for the “right” recognition of the environment. So
we need to consider some other complementary evaluation for simultaneous pursuit of
better organizational performance and right internal model.

Fig. 3. Review of proposed guidelines. OP (IF) improve means the percent of organizational
performance (IF) improvement from the first step to the last 100 step.

Adaptive behavior in each layer
We compare the behaviors of organizational learning. Most of studies discuss the
behavior of organizational learning in a single layer. So it is impossible to compare
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the behaviors between different layers. An AOC-based model can discuss the
characteristics of adaptive behavior in multi-layers and co-affection of organizational
learning among the layers.
Figure 4 shows the process of adaptation in each layer. In intelligence, policy, and
resolution layer organizational leaning is realized rapidly in the first 100 steps. On the
other hand, in coordination layer organizational learning is taken gradually in about
400 steps. We can say that organizational learning in each layer has the characteristics
described above.

Fig. 4. Process of adaptation in each layer.

Discussion
We, in the preceding paper, have presented an effective guideline for each layer (Goto
and Takahashi 2006). We, in this paper, proposed some guidelines for each layer, and
reviewed which guideline is more effective. The results in this paper provide some
new implications for effective organizational learning.
An agent must consider the organizational performance that is realized by his
decision when he evaluates his internal model. The OP-based evaluation generally
leads the agent in each layer to achieve high organizational performance. However,
achieving better organizational performance doesn't always assure that an agent has a
"right" internal model. In intelligence layer a scanner should also consider the
difference between the realized organizational performance and the anticipated one.
We found some complementary relations between two evaluations. For example, in
coordination layer a combined evaluation of the OP and the FRD is more effective
than the OP, though the FRD itself is the worst among the three evaluations.
Guidelines in organizational learning should be effective in any situations
universally, because it is hard for agents in an organization to appreciate the situation
in which they are. We presented the initial results that are examined in particular
settings. Since we need to test the robustness of the results, we are now testing some
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key parameters: the task number n , the task length q , the environmental structure
st , and the parameters of GA operations.

Conclusion
We proposed some guidelines to evaluate agent's internal model properly in each
layer, and reviewed which guideline is more effective. The guidelines tested as more
effective are as follows. In intelligence layer it is desirable to consider both of the OP
and OPA. In policy layer a policy maker should evaluate his internal model in terms
of the OP. In coordination layer a coordinator had better consider both of the OP and
FRD. In resolution layer it is necessary for a resolver to consider either the OP or the
OP and the TRP-2. The guidelines suggest some effective organizational learning
strategies: which information should be gained by an organization and how to utilize
the information in the organization.
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Abstract. This paper attempts to clarify team behavior in cooperative
organizations by agent-based simulations. We focus attention on both the
roles of manages and the initiatives of staffs, and then model them using
agent-based model concepts. This enables us to investigate phenomena
in organizations at micro-level and macro-level. Besides, we formulate
the task processing of each member in real organizations as learning for
maze problem. The advantages of applying maze problem for our simulation model are as follows: It is possible to describe agents who acquire
skills by reinforcement learning and to represent environmental uncertainty by changing block placements dynamically. Several computational
experiments show what the whole organization behaves from microscopic
points of view. At the same time, the authors confirm that the ability to
adapt environments under uncertainty is different from the characters of
organization.

1

Introduction

Agent-based simulation has been researched in recent years by a number of
fields beginning with social science, and its usefulness is recognized [2, 7]. This
paper attempts to clarify organizational behavior in corporate bodies through
an agent-based simulation approach.
Attempts to analyze organizational phenomena computationally began in
the 1960s [6] and have evolved into the computational organization theory in
recent years [3, 4]. For example, the garbage can model provides an operational
explanation of “not necessarily rational decisions” made in group decision making situations [5]. It can be said that the garbage can model is a good work
of explaining not necessarily rational decision making that may occur in group
decision situations. However, the garbage can model is highly abstract and only
touching the surface of phenomena occurring due to the complex group interactions within actual organizations.
In response, this research proposes a model based on the bottom-up technique
[9]. This allows for simulation of organizational phenomena from an ABS stance.
⋆

Now at Sony Corporation
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Which means, we focus on two local organizational elements, the role of the
superior and the independence of the subordinate, in modeling this under the
agent concept. We believe that this makes it possible to carry out both micro
and macro analyses of complex organizational phenomena.
The relationship between superior and subordinate is especially important
amongst the elements that compose organizations. “Indifference index” and
“identification index” are proposed from organizational theory in order to detail the relations above in the proposed model. On the one hand, indifference
index represents conformity with orders given by a superior. A high indifference index represents a passive attitude within the organization. On the other
hand, identification index indicates agreement between purpose and values of an
individual, and those of the organization. A high identification index becomes
the motivation to actively work within the organization. Introduction of these
indexes makes it possible to implement a simulation that handles a variety of
organizational forms observed in actual organizations.
Furthermore, the simulation is conducted in the proposed model assuming
that dealing with maze problems by reinforcement learning is a task process. In
this study, we postulate that to reach a goal in a maze is consistent with grappling with a task. In other words, the task processing of every member within
the actual organization is formulated as a maze problem learning. In this way,
the following two points are seen as advantages of introducing maze problem
learning: Firstly, reinforcement learning allows expression of agents acquiring
skills and abilities, namely reinforcement learning lets agents solve a maze problem more easily. This is based on observations of actual society such as actively
working members of the organization becoming able to process that work in a
short period of time. Secondly, dynamically changing maze blocks allows expression of environmental uncertainty. This corresponds to, for example, situations
in which the need arises to learn new work processing methods due to such
happenings as technical innovation.
The rest of this paper is organized as follows: The next section explains the
details of our simulation model. Section 3 presents some of the highlighted results
taken from our proposed model. Finally, this paper ends with some concluding
remarks in section 4.

2
2.1

Setup
Model overview

The model proposed deals with hierarchical team observed in general industrial
organizational forms and aims to analyze what group form is applicable in response to environmental change. In this part of the section we will present an
overview the model.
In the proposed model, each agent carries out an appropriate action from the
following three decision making rules at a certain time, namely interaction with
others through 1) the decision making rule to manage the work of subordinates
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as a manager, 2) the one to follow the directions of the superior, or 3) the noninteractive one to process your own work. Although the agent, who is placed in
mid-level (middle management), is caught between the management of subordinates and directions from upper-level agents, behavioral rules as a staff member
take precedence in this case. Interaction with others is given priority with regard
to prioritization of each behavioral rule, and placed in staff-manager-individual
order.
2.2

Object definition

The main constituents of the proposed model and their attributes are defined
in Table 1. Organizations are represented as Organization Object, and agents as
Member Object. Task Object represents all work content processed by members
of the organization, and is referred to as a unit task in this study. Desk Object is
individually owned by members and correspond to the place of task processing.
– Attributes defined by organization objects are related to the organization as
a whole.
Structure (organizational structure) manages authority structure of the
organization.
Finished (finished task group) retains finished tasks.
– Attributes defined by member objects play an important role in distinguishing members.
Role stands for top, middle, or bottom level.
State is a present condition.
Intention means intent in regard to working in the affiliated organization.
Interest is an attentiveness in the work content of the unit task handled.
Identification (identification index) represents identification with superior. This is derived from intention attributes of the two.
Indifference (indifference index) means how eagerly an agent is going
to deal with the presently held tasks. That is derived from interest attributes and attraction attributes of Task.
Knowledge (knowledge of unit task) retains work content knowledge
of unit task. Includes Q-table of reinforcement learning.
– Attributes defined by desk objects are inherent to each member.
Buffer (task group waiting for processing) retains a list of tasks presently
held by members.
Phone (calling flag) is used when called by superior.
– Attributes defined by task object distinguish each task.
MazeId means the id number labeled in each maze problem corresponding
to this unit task.
MazeListId is an ID of generated task (maze string).
Attraction is used to derive indifference attributes of a member. Represents
the attraction of the work content of this unit task, set as a factor to
induce members’ interest.
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Table 1. Definition of objects
Object
Attribute
Organization structure (int[])
finished (Set<Task>)
Member
role (String)
state (String)
intention (Character[])
interest (Character[])
identification (double)
indiffereence (double)
knowledge (Map<mazeId, Strategy>)
Desk
buffer (List<Task>)
phone (boolean)
Task
mazeID (integer)
mazeListID (integer)
attraction (Character[])

a. Task allocating process

b. Scheduling task as a maze problem

c. A series of maze problems
Fig. 1. Processing flow of a maze list

2.3

Task processing and reinforcement learning

This section describes the flow of task generation to partial task/unit task division in detail, and goes on to explain maze problem learning, reporting to
superiors, and task completion.
1. Task Generation
A task is generated within the organization at fixed periods. The generated
task is piled on to a given managers desk. This task includes several unit
tasks to be handled by the manager’s subordinates and is determined by the
following algorithm.
(a) A manager is chosen arbitrarily at fixed periods.

674

(b) Only agents without subordinates are taken from the agent group corresponding to the subordinates under the manager chosen in the previous
step.
(c) Each agent taken in the previous step is drawn according to predetermined selective probability.
(d) The unit task, handled by agents chosen in the previous step along with
tasks from him handled by agents right up to managers chosen in the
first step, is included in the generated task.
Since unit tasks are set as mazes, a generated task consists of two or more
arranged maze strings. Unit tasks handled here are work content held by
each agent, and signify unit tasks that must be processed by that agent.
2. Division and distribution of tasks
Tasks generated are broken down into partial tasks by the manager and
allocated to the appropriate staff member who is called up to the desk. This
situation is represented in Figure 1a. The manager begins to process the
single unit task left to him from the original task once all partial tasks have
been allocated. This unit task, like the others, is a maze problem that must
be processed by the manager, but is treated here as the manager solving the
management scheduling problems of his subordinates. This is represented in
Figure 1b and is a maze problem that includes the partial tasks allocated to
subordinates in the task that must be processed by the manager.
3. Learning
Their exists a unit task to be handled by each agent which is processed by
learning maze problems. Maze problems are used extensively as the benchmark for reinforcement learning. The proposed model employees the particularly basic Q learning. The renewal formula for the Q value in Q learning
is shown as follows:
Q(St , at ) ← Q(St , at ) + α(rt + γ max Q(St+1 , a) − Q(St , a)),
a∈A

(1)

where St , at is the agent’s condition and behavior, and Q(St , at ) is the value
of selecting at in regard to condition St . Moreover, α, γ, rt are learning rate,
discount rate, and compensation respectively. While agents processing unit
tasks are to solve the maze step by step, the behavior selection technique
employed is the ǫ-greedy method. This ǫ value makes use of the indifference
index which will be explained in the next section and is set with the following
formula:
ǫ = 1 − indif f erence
(2)
where indif f erence takes the real value in [0, 1].
Therefore, an agent with a low indifference index becomes an exploratory
agent. Unit task completion signifies arrival at the maze’s goal, acquisition of
compensation and a return to the starting point. In other words, processing
one unit task is equivalent to moving through one level of maze problem
learning.
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4. Reports
Agents who have completed unit tasks or partial tasks given by their superior go to the superior’s desk to report. They join the end on the line if
other agents are waiting at the desk to report. Staffs called up during task
distribution are to join the front of the line.
5. Task completion
Generated tasks and partial ones received from superiors are completed when
unit tasks included have been processed. Therefore, tasks passed on to subordinates are explained as part of the critical path for the scheduling problem
maze to be processed, as shown by the situation in Figure 1b. In other words,
the given maze string as seen in Figure 1c of the same figure is completed
when a single path has been laid to the goal. Partial tasks are reported
to the superior upon completion, and generated tasks are registered on the
processed task list when completed.
Incidentally, maze strings are produced by complex processes during generation of the above tasks. This results from modeling that dictates that the higher
the level in the organization the more prolonged the job handled is to be, and the
lower the level the shorter. The manager cannot reach process completion even
if they have completed their own unit tasks until all partial task process reports
are received from lower levels. Therefore, the higher the level of the manager
who is given a task the greater the number of agents involved and hence the
longer the period. Moreover, choosing a manager ad lib induces the election of
lower level managers in a pyramidal structure. As a result, lower level managers
frequently handle short-term jobs, while high level managers incidentally handle
long-term jobs.
2.4

Indifference index and identification index

This section introduces organizational theory knowledge embedded in the proposed model as a distinguishing index of members composing the organization.
In other words, the introduction of the independence of members due to indifference index and identification index is explained. Indifference index is an
indication of compliance with orders from superiors. And identification index is
an indication of the extent of identification of the member’s purpose and values
against that of the organization. Members are classified into the following four
types in accordance with the values of two indexes [8]:
type 1 passive instrument type
The passive instrument type which has both a high indifference index and
identification index is seen as an agent that is loyal to organization orders
while also sharing common purpose and values. Although they carry out
given tasks, there is little self-initiated action. Additionally, motivation does
not become a problem as they share common purpose and values with the
organization.
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type 2 alienated worker type
The alienated worker type has a high indifference index and low identification
index. Although drawing the same line with the organization in terms of
purpose and values, it is referred to as a public official or bureaucrat type
as orders are followed in behavioral terms.
type3 problem solving type
The problem solving type which has a low indifference index and high identification index is not simply a loyal follower of orders, but rather makes
decisions through problem identification from an organization point of view
based on shared purposes and values.
type4 non-contributor type
The non-contributor type which has both a low indifference index and identification index not only shares no common purpose or values, but is also
in-compliant to orders and can not be expected to act organizationally. Not
very common in stably function actual organizations.
In this way, even though each constituent of the organization has several factors governing their environment, they are broken down by these two indicators.
The identification attributes and indifference attributes shown in Table 1
correspond to identification index and indifference index and are derived from
interest/attraction attributes. In the proposed model, identification index is the
consistency of intention attributes with superiors, and indifference index is the
inconsistency of the attraction attributes of presently held tasks with one’s interest attributes. The length of these intention attributes and interest/attraction
attributes match respectively, and are expressed by an ad lib character string
containing defined quantity characteristics. This is a tag that can be seen in
Axelrod’s model “The Dissemination of Culture” [1], where a tag has number
quantity properties for each length quantity characteristic.
Although identification index was conventionally an indicator of each member
against the organization, it is used in the proposed model in terms of identification with the direct superior for greater micro-analysis.
In this model, identification attributes and indifference attributes are represented as real numbers in the domain [0, 1], and are derived from the following
formula:
identif ication =

1 − distance(staf f.intention, manager.intention)
length

(3)

distance(staf f.interest, task.attraction)
(4)
length
where distance(tag1, tag2) is a function that seeks the hamming distance of
tag1 and tag2 which have the same characteristics.
indif f erence =

2.5

Environmental uncertainty

In addition, the proposed model handles an environmental uncertainty as the
variability of maze problems. A task can be said to be an element with strong
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Table 2. Parameters
Parameter
Value
Structure
1/3/9
Intention Features
30
Traits
2
Interest Features
10
Traits
3
Maze size
5
Block rate
0.2
Generate span
5
Table 3. Identification and indifference values
Agents Identification Indifference
Member 1
1.00
0.60
Member 2
0.53
0.80
Member 3
0.50
0.60
Member 4
0.30
0.90
Member 5
0.27
0.50
Member 6
0.43
0.60
Member 7
0.73
0.70
Member 8
0.53
0.70
Member 9
0.57
0.50
Member 10
0.50
0.60
Member 11
0.50
0.70
Member 12
0.50
0.80
Member 13
0.60
0.60

links outside of the organization, and it is thought that the extent of environmental uncertainty can be adjusted by giving it a rate-of-change. In simulation
experiments it is expressed by the transfer of a block within the maze to a section
without blocks at regular intervals.

3
3.1

Results
Basic experiment: under low uncertainty conditions

First, we implemented a simulation assuming a low level of environmental uncertainty. This is shown by an experiment that does not vary maze blocks. Parameters for this experiment are shown in Table 2. An organization where one
top-level, three mid-level, and nine bottom-level members are active on three
levels from the top-down is used as the organizational structure. In other words,
this is a simple structure in which each agent has three subordinates. The agent
name index is prioritized in term of width from the top of the organization down.
With this parameter condition Member 1’s subordinates are Member 2, 3, and
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4 and Member i’s subordinates are Member 3i − 1, 3i, and 3i + 1 (i = 2, · · · , 4).
The length of the intention attribute tag associated with the identification index
is 30, and the length of the interest/attraction attribute tag associated with the
indifference index is 10. Maze problems of 5 × 5 in size with a block ratio of 0.2
are treated, and tasks (maze strings) are generated every five steps.
Simulation results obtained due from parameter conditions are shown in the
left panel of Figure 2. The vertical axis is set as the number of steps involved
from when the task is given by the superior until the report is completed, and
follows variations during each step. The left panel of Figure 2a is a plot of the
nine bottom level agents, while that of Figure 2b is a plot of the three mid-level
agents. The superior and subordinate’s id are given in the two legend brackets.
The identification and indifference of each agent are shown in Table 3. Please
note that all the parameters are fixed in the whole simulation for simplicity or
tractability. In other words, all the agents in this model are not evaluated by
their bosses.
Firstly, an apparent fact from Figure 2a is that Member 5’s task processing
efficiency is strikingly poor due to a low identification index. Although unprocessed tasks are piling up on Member 5’s desk, he/she does not actively process
tasks since he has a low identification with his superior, Member 2. Other agents
seem to be carrying out routine work because their task processing cycle is
broadly flat. Since Member 7 and Member 12 require few steps for each task
process, we can consider them as high performers in this environment.
Upon examination of mid-level results in Figure 2b, one’s attention is drawn
to the behavior of Member 2. This is due to the coexistence of the high performing
Member 7 and poorly motivated Member 5 in the same department. If tasks
related to Member 5 are contained within the maze string given by Member 2
who acts as manager, then process completion is kept waiting. Conversely, tasks
handed to Member 7 return quickly as Member 7 has a high task processing
ability. This misfit is represented as this kind of rectangular wave.
Also, Figure 2c represents the state ratio of each member after 1000 steps,
allowing intuitive understanding of their various predicaments. The distinguishably low motivation of Member 5 is also represented by this result. More than
half of all work time is spent shirking, or avoiding responsibility. Member 5 has
a strong ‘non-contributor’ tendency. Furthermore, this chart shows that time
allocated to the management of subordinates by middle management Member
2, 3, and 4 is more distinguishable than expected, and it can be seen that they
have almost no free time.
When reconsidering Figure 2b with this in mind, the task processing period
is ever-increasing on a management level even though each agent is task learning.
The cause is a short task generation cycle, and it can be said that this result
reflects the high-load of middle management in the organization.
The above result allows a glimpse of one facade of organizational activity.
However, it is difficult to tell from a member’s indifference index distribution
whether or not maze problem learning is functional as the ǫ value is relatively
large. Consequently, the value of ǫ was set to zero, and the ǫ-greedy method
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a. Processing span of low class

b. Processing span of middle class

c. Task processing situation of each member after 1000 steps
Fig. 2. Comparative performances (left panel: basic, right panel: in case of ǫ-greedy
method)
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a. Performance of the low class

b. Performance of middle class

Fig. 3. Comparative performances after adding maze change parameter

utilized in an experiment assuming only maze solving agents. The result is shown
in the right panel of Figure 2.
Member 5 is again the bottom level agent as was the case with the right panel
of Figure 2a. However, an improvement due to learning can be seen in the task
processing efficiency of agents excluding Member 5. This processing efficiency
arises solely from the identification index as only knowledge utilization is relied
on without any exploration. It can be said that Member 5 with his low identification index has few learning opportunities, as processing improvement cannot
keep pace with task generation. Additionally, agents were more exploratory when
attacking maze problems in the first experiment than this one as the ǫ value is
set by the method described in the proposed model. This is represented by the
fact that the work time of most agents is longer in the left panel of Figure 2c
results than those in the right panel of the same figure. The above comparative
experiment shows that exploratory attributes work negatively when there is no
maze variation and low uncertainty, resulting in more time tied down by work.
3.2

Advanced experiment: increases in uncertainty

Next, we will describe an experiment aimed at analyzing the effects of environmental uncertainty. In other words, an experiment was conducted where maze
blocks varied in a given cycle.
The parameters used in this experiment are the same as those of the previously mentioned basic experiment, only that the task generation cycle is doubled, assuming an organization of reduced load. Parameters distinguishing each
member are the same in Table 3 as intention, interest/attraction attributes are
unchanged.
Furthermore, an element is added in which a maze block held by each member
changes position every 500 steps during the simulation period. The simulation
result is shown in Figure 3. The result Figure 3a for bottom level agents and
Figure 3b for mid-level agents are both of increased complexity. Of particular
note here is the behavior of Member 7 who was seen as a high performer in
the previous experiment. Processing time rapidly increases around the 2700 step
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mark. These phenomena can also be observed for other agents in the later half
of the simulation. It seems that repeated learning has taken place, and the path
to the goal has been reinforced by over-learning. The higher the performer, the
stronger this tendency is within stationary organizations. Therefore, he is more
likely influenced when there is variation in the maze.

4

Conclusion

This research modeled and conducted various types of experiments regarding
agent simulation that expresses the task processing of active members of the
organization using the maze problem solving of reinforcement learning agents.
While taking the bottom-up method as the fundamental rule when modeling, it
became possible to analyze organizational phenomena with environmental uncertainty taken into account through sufficient utilization of organizational theory knowledge. Simulation results have clarified what happens in organizations
from a micro point of view, and also helped confirm that appropriate organizational form differs per environment for organizations effected by environmental
uncertainty. In other words, a high performer in the organization in a given environment is not necessarily so when placed in a different environment. That is
to say, this phenomena which occurred in a section of the organization expands
bottom-up to a macro phenomena encompassing the entire organization. As a
consequence, it can be clearly stated from an agent-based simulation stance that
an individual’s drop in performance effects the entire organization, and that
appropriate organizational form differs per environment.
We will study the relations between the results and actual activities of organizations, and the influences when introduced evaluation of agents by others.
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Brief Note on the Logic of Replicating Implementations
Before and After Publishing a Model
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Abstract. This short paper introduces a hypothesis complementary to the
current logic of replicating computerized models in social simulations. It is
submitted that the logic of cumulative knowledge provided by the process of
peer reviewing may become more resourceful once the effort of replication
becomes focused on producing multiple computerized versions of the same
conceptual model before actually submitting it for peer reviewing, in contrast to
the usual practice of having other teams aligning and replicating models after
they have already been reviewed, accepted and published. Note that while this
is a similar approach to Edmonds and Hales’ proposal, it differs from a
methodological point of view, insofar as they double replicated an already
published model. While this approach would require more manpower in
simulation projects, it is argued here that the resulting benefits may override the
costs, particularly in participative-based simulations, where potential underverified simulations may lead, nevertheless, to the actual implementation of
policies with unpredictable effects in the economic and social life of
stakeholders.

1 The Logic of Replication and Challenges in Simulation
The goal of this short article is to contribute a few reflections for the problem of
replicating social science simulations. A hypotheses is introduced which may be both
complementary and alternative to the current logic of replicating computerized
models in social simulations, namely : that the logic of cumulative knowledge
provided by the process of peer reviewing may become more resourceful once the
effort of replication becomes focused on producing multiple computerized versions of
the conceptual model before submitting the latter for peer reviewing. This contrasts
the usual practice of having other teams replicating models after they have already
been reviewed, accepted and published.
This proposal draws on methodological and epistemological arguments, as well as
one technological argument:
a)

Rather than the computerized model, it is the conceptual model that is
susceptible to being confirmed or infirmed by the scientific community. It is
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the conceptual model that is internalized, transformed, generalized and
connected to other disciplines and methods, and eventually incorporated into
a community consciousness,1 in contrast to the inability of computer
programs to become scrutinized by the scientific community.
b)

Only very simple and highly abstract models – in the sense of the Axelrod’s
KISS motto – are susceptible to being re-implemented; however, if one
adopts a KIDS philosophy for constructing simulations,2 which is a typical
approach in participative-based simulations, computerized models are hardly
susceptible to becoming re-implemented by other teams, given the context
dependency of individual and institutional stakeholders’ opinions; however,
these models can – and, it is argued, should – be subject to replication by the
team proposing the model, before publishing or applying its results in the
relevant field. This seems particularly important in policy making, where unreplicated simulations in complex domains run the risk of being under
verified, while leading to the implementation of specific policies which
influence the economic and social context of individual and institutional
stakeholders.

c)

Often, the correspondence among conceptual and computerized models is not
only established formally and empirically, but also intentionally by
researchers and stakeholders. Insofar as the semantic richness of social
processes surpasses the empirical expressiveness of computer programs, the
intended meanings ascribed to computer programs are evaluated
experimentally in an intentional way. This means that the conceptual model
is actually the one being internalized by the researchers and stakeholders
along the executions of the computerized model, whereas the syntactic
structure and operational semantics of the computerized model plays a
secondary role in interpreting experiments.3

d)

Articles on replication seem to have a low academic return (Galan et al.
2002). Most replications seem to be presented in forums especially dedicated
to replication4, rather than resulting from spontaneous confirmation or
infirmation by other scientists according to the logic of peer reviewing and
cumulative science, except when the goal is to extend the original conceptual
model.

e)

The increasing portability of programming languages for the Web, such as
Java and XML, provides technologies for executing and visualizing models
through Applets or Servlets on the Internet. These technologies may be able
to facilitate the comparative analysis of different implementations of the

1

C.f. De Millo et al. (1979).
See Edmonds and Moss (2005).
3 See David et al. (2005;2007).
4 For instance, the well known Model-to-Model workshops.
2
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same model, and are susceptible to being submitted to peer-review together
with the description of the conceptual model.

2. Replication through N-Version in the Development Process
Given all these reasons, it is suggested that the following topics be introduced into the
methodological debate:
1) A distinction between replicating a model before and after it has been submitted
for peer reviewing and published for the first time;
2) Two or more replicas of the computerized model should be submitted to the
peer-review process along with the conceptual model, in order to confirm the
verifiability of the results obtained, under the penalty of having the article rejected for
reviewing and publication.
Like Edmo nds and Hales (2003), the author believes that “an unreplicated
simulation is an untrustworthy simulation – one should not rely on their results, they
are almost certainly wrong,” in the sense that the computerized model differs from
what was intended or assumed in the conceptual model. This is the well-known
problem of verification.5
Iterative Processs

Version 1
Version 2

Alignment A
Publication 1

Publication

Specification

Computerized
Models

Alignment B
Alignment 2

...

Version 3

Replicating for model verification

Publication 2

Alignment n

Publication n

Replicating for model alignment

Fig. 1. Replication through multiple versions vs. replication for model alignment.

The report of Edmonds and Hales is indeed particularly informative in this context.
In order to align with a published conceptual model, they had to rely on a double
5

For a definition of the term “verification” in the context of simulation see David (2007).

693

replication process, insofar as the first replication did not seem to result in alignment.
It was only after implementing a second replication of the original model that the
authors were sure that the results reported in the original model did not align with
their own results, and hence concluded that the original implementation was leading
to possibly misleading results.
The essence of the present argument is that the burden of verifying computerized
models through multiple implementations, on different platforms and by different
people in the same team, should be carried out before the model is published.
Consider Figure 1 above. The left part illustrates a methodology where a common
specification should produce a number of different implementations carried out by
different persons on the same team. The right part of the figure illustrates the usual
approach to replication. Both kinds of replications have a useful role, and may be
complementary.
As for the left part of Figure 1, the implementation of multiple versions before
publication should be attained by an iterative process, whereby inconsistencies in the
different versions would result in new corrected versions or a re -specification of the
model. If all versions result in the same outputs , then there are reasonable grounds for
confidence in the results obtained, and the model is ready to be published. A similar
approach can be traced back to the so called N-Version Programming technique in
software engineering.6
All versions should be made accessible to the reviewers, along with the description
of the conceptual model, and reports on the equivalence of versions should be
provided. The fact that the model is only published after going through a process of
program verification via replication should increase overall confidence in the results
obtained.

3. Prospects on N-version Programming in Simulation
It is submitted that the proposed methodology would have the following benefits:
a) It would foster the replication of simulations, regardless of the types of models
and targets. Whereas the replication of participative-based simulations is rarely
reported in the literature, this methodology would foster the provision of multiple
implementations of the model before peer-reviewing even in the case of participativebased simulation, thereby increasing overall confidence in the model proposed, and
the results obtained, whereas an un-replicated simulation in complex domains would
run the risk of being under-verified but lead, nevertheless, to the actual
implementation of policies
b) The burden of showing that the simulation is verified would be on the team
proposing the simulation, rather than on the recipient researchers. Conversely, it
would be the role of the recipient researchers to confirm or refute the validation and
usefulness of the conceptual model, rather than to verify the computerized model.

6

See Avizienis (1995).
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It is also believed that the effort in replicating computerized models before
submitting the corresponding conceptual model to publication comes with a
significant overhead. In particular, it requires that the team enrols in multiple
implementations, requiring more manpower in projects.
It is submitted, however, that the benefits obtained may override the costs ,
particularly in the context of participative-based simulations. If the dissemination of
knowledge obtained via simulation is to acquire a reliable status of cumulative
science, it is necessary to make sure that the verification stage of the simulation
development process is rigorously carried out before publishing the results, and that
this process can be adequately scrutinized by the scientific community after the model
is published.
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Abstr act. Even though Agent Based Social Simulation is beginning to be
spread out as a powerful quantitative method for sociologists, it is still far from
attracting qualitative ones. We propose to broaden ABSS horizons with a
system that returns outputs useful for both paradigms. The case used as
example is the study of the evolution of religiosity in the Spanish post-modern
society. From a “macro” perspective, it analyses social trends, using
quantitative data from the European Values Survey and giving evolution
statistics. From the “micro” one, it can generate a narrative personal story of a
representative agent, much closer to the Interpretativism tools. Several methods
for choosing the most representative agent are commented.
Keywor ds: Social simulation, abss, mas, qualitative, quantitative, social
research, natural language generation

1 Intr oduction
Sociologists and other social scientists use different research methods in order to
study human societies. Social methods can generally be subdivided into two broad
categories, even though both involve a systematic interaction between theories and
data [4][9]. Quantitative methods, based on natural science and positivism, are
concerned with attempts to quantify social phenomena and collect and analyse
numerical data, with focus on the links among a small number of variables across
many cases. For them, the social world is something that is out there, external to the
social scientist, and waiting to be researched (objective vision). Qualitative methods,
on the other hand, are based on comprehension, which emphasizes personal
experiences and interpretation (subjectivism) over quantification, and is more
concerned with understanding the meaning of social phenomena, with focus on links
among a larger number of attributes across relatively few cases. Interpretivists believe
that the social world is constructed by social agency and therefore any intervention by
a researcher will affect social reality (interaction builds social reality).
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However, it is increasingly recognized that the significance of these differences
should not be exaggerated and that quantitative and qualitative approaches can be and
must be complementary [6]. Quantitative methods are useful for describing social
phenomena, especially on a larger scale. Qualitative methods allow social scientists to
provide richer explanations (and descriptions) of social phenomena, frequently on a
smaller scale. By using two or more approaches researchers may be able to
'triangulate' their findings and provide a more valid representation of the social world
[10]. In fact, we can see more and more how sociologists of “one side” use tools from
“the other side” in an assistant way.
There are already several works that show how social simulation can be a useful
tool for quantitative researches [12]. From this point of view, agent based modelling
even could be thought as an experimental tool for theoretical quantitative approach, a
platform for empirical studies of social systems. With the aim of supporting this
statement, we are working on a social simulation system for a specific sociological
problem, trying to use it as a social research lab.
Qualitative researches have been used in this field just in an assistant way (in a
second level), working from the quantitative perspective and letting it to guide the
analysis and results view, as it can be seen in [16]. On the other hand, we want to
propose, even knowing that the use of computers is mostly linked to quantitative
researchers, the use of the results of agent based social simulation (ABSS) also for
qualitative social scientists, at least in an assistant way. The approach is to consider
ABSS not only for getting results that may be useful for a quantitative analysis of a
social model, but for providing some assistance from a qualitative perspective. This is
made by having advantage of the ability of agents to evolve autonomously and their
interactions with the environment and other agents. By recording “stories” of agents,
it is possible to get knowledge about their particular evolution and build a narrative
personal story, which may provide insight on their motivation along time.
This work extends some experiments that have been performed by our research
group with some sociologists of our University concerning the study of the evolution
of religiosity in Spain [14]. In principle, the ABSS used for this case was applied to
get quantitative data around a set of features that characterize the individuals. Here we
are adding the generation of stories on some particular agents of the society, in order
to get some qualitative argumentation. The next section presents roughly the multiagent system that has been used for modelling the society. Then, section 3 presents a
macro perspective of the analysis of the system, which would correspond to the
quantitative approach. And next section goes to the individuals, the micro perspective,
and explains how stories are generated and their use for qualitative research. At the
end we provide some discussion on the potential of using ABSS for gaining
knowledge on a society from the combination of qualitative and quantitative
approaches.

2 Modelling of Social Systems with Multi-Agent Systems
Social phenomena are extremely complicated and unpredictable, since they involve
complex interaction and mutual interdependence networks. Quantitative sociological
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explanations deal with large complex models, involving many dynamic factors, not
subject to laws, but to trends, which can affect individuals in a probabilistic way. A
social system consists of a collection of individuals that interact among them,
evolving autonomously and motivated by their own beliefs and personal goals, and
the circumstances of their social environment.
The idea beneath ABSS is that we may be able to understand this huge complexity
not by trying to model them at the global level but instead as emergent properties of
local interaction among adaptive autonomous agents who influence one another in
response to the influences they receive [12]. Because of that, the specification of
characteristics and behaviour of each agent is critical, so it can manage the
dimensions of the studied problem.
In the Multi-Agent System (MAS) designed, as explained in [14], agents have been
developed with several attributes: from simple ones such as sex or age, to complex
ones like for example ideology or educational level. The attributes have been chosen
with respect to the context of the problem to solve, as we will see. The population in
the agents’ society (as in real societies) also experiments demographic changes:
individuals are subject to some lifecycle patterns: they are born, get married,
reproduce and die, going through several stages where they follow some intentional
and behavioural patterns.
Moreover, agents/individuals can build and be part of relational groups with other
agents: they can communicate with other close agents, leading to friendship
relationships determined by a rate of similarity. Or, on the other hand, they can build
family nuclei as children are born close to their parents. We can see a snapshot of the
agents’ space in Figure 1. The friendship relationships are represented by yellow links
and families by green ones. Agents have different colour depending on their age and
sex.
Taking the underlying sociological model, the parameters of the social simulation
system fit all together logically. In this way, the system may be configured to reflect
the parameters (such as average number of children per couple, or mean of male
average age of death) from a specific country or even import data from surveys that
specify the attributes of the agents, reflecting the behaviour of the given population.
Besides, due to the relative simplicity of the agents, the system can manage
hundreds (and even thousands) of them, reaching the necessary amount for observing
an emergent behaviour that results from the interactions of individuals, leading to the
appearance of social patterns than can be studied [3]. And for this study, during and
after the execution of the simulation tool several graphs may be plotted that reflect the
evolution of the main attributes of the social system.
The system robustness has been tested enough to demonstrate the stability of the
results, needed for the macroscopic analysis. Besides, the system has a deep diversity,
attending to the differences between individuals. This fact will be useful for the micro
analysis.
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Fig. 1. Snapshot of the social simulation, after a certain period of time. We can see complex
networks of friends and family nuclei all over the space.

3
The “Macr o” Appr oach: Exper imentation for Quantitative
Resear ch
The case under study, which is used to illustrate the approach in this paper, makes an
analysis of the evolution of religiosity in Spain between 1980 and 2000. Initially, the
aim was to assess the usability of ABSS tools for sociologists, who are not skilled in
computer programming. Therefore, we looked for a real sociological issue, as the one
of religiosity in society. The problem was how to model this social problem with
agent concepts.
Initial data for the model and the simulation has been taken from results of the
European Values Survey (EVS), which periodically make surveys in all European
countries. EVS provides a source of quantitative information and periodical results
offer data for validation of the simulation model [1]. The problem chosen and its
simulation is widely explained in [14], so here we only focus on the main points. We
just want to notice that religious people were divided into four types [2], as we can
see in Table 1: ecclesiastical are clearly the most conservative, followed by lowintensity. Then, alternatives have a more modernized mentality, while the most
modern and left-winged are those non-religious.
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Taking the EVS-1980 of Spain, the sociologist was able to build an Excel
spreadsheet for the characterization of 500 individuals, which statistically represent
the Spanish population. These data were taken as input to generate a population of
agents in the model, which was simulated for evolution for a period of 20 years, till
year 2000. The similarity of results of the simulation with those of EVS-2000, as
shown in Table 1 and Figure 2, allow to validate MAS model for this case, on the
attributes under consideration (more specifically, those defining religious values).
Note that as the system is non-deterministic, the graphical results have some
variations at each execution. Then, Figure 2 should not be taken as static output.
Anyway, as it was previously commented, the trends are always very similar, even
though the exact data have some small comparison error. Therefore, the system
executions have structural similarity, as defined in [7].
By using this kind of simulations it is possible to experiment on assumptions about
the influence of attributes, relationships and interactions of agents in the evolution of
societal values, from a quantitative point of view.
Table 1. Evolution of the religious patterns of the Spanish society, according to the European
Values Survey.

Ecclesiastical
Low-intensity
Alternatives
Non-religious

1980 1990 1999
33
25
22
22
26
23
14
17
19
31
32
35

4 The “Micr o” Appr oach: Tool for Qualitative Resear ch
Given the results that can be obtained by analysis of the emergent behaviour of the
MAS under simulation, some explanations and theories could be also envisaged at the
“micro” level, on the individuals. If we make a U-turn of perspective, we will try to
overcome the limitations of the pure statistical analysis of characteristics from
individuals (variables). To achieve this aim we will simulate their biographic
behaviour (that follows some rules), taking each individual as a whole, with the
holistic perspective of qualitative researchers. From this point of view, the evolution
of each individual has much more importance, and instead of considering the global
emergent trend, we focus on people lives. Each person is unique and unrepeatable,
and therefore extremely important. All this statements are consistent with qualitative
methods.
We have pursued this discursive line till the point of giving name and surname for
each agent: now each one represents a person instead of a number or an ID (it’s quite
different “i214 died” than “Pablo Martínez died”). Also, we have given the agents the
possibility of “living” events across their lives, events that could change their future
decisions.
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Fig. 2. Evolution of the religious patterns according to the social simulation system (1000 steps
are equivalent to 20 years)

All these changes converge in the new output of the system: a narrated life-story in
natural language. This is achieved by adding a new module to the system: a natural
language processing (NLP) tool. This tool is a simple automatic narrator designed
with most usual techniques on this area [15]. The main purpose of this system is to
add more content to the analysis of the multi-agent simulation, and in this way
completing the graphical output.
This Natural Language Generation System has been designed following simple and
usual approaches based on rules. The system is heavily oriented on Content
Determination (filtering the facts, telling only those facts that are considered to be
really interesting for the reader), and Discourse Planning (ordering that filtered facts
in such a way that the reader perceives a coherent story). Also very simple Surface
Realization based on templates for creating the final text is addressed, to show a
human readable form of the final content.
The most natural way of choosing one (or a few) individual stories to tell is to find
the qualitative “ideal types”. We want the life-stories of the most representative
individuals, the ones that show what has happened during the simulation. These
individuals reflect the “macro” changes of the complex society. For example, a hyperinflation process can be shown through the fall of living quality of a representative
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person. This person story would capture how he/she is forced to buy cheaper products
and stop having some luxuries.
To achieve Content Determination, the NLP tool takes every individual as a whole
being, and analyses the set of agents depending on its configured rules. Those rules,
clearly context-dependant, have to be defined in order to choose correctly the
representative individual(s). They should measure the interest (weight) of different
life-events of the agents, and their relationships with others. In this way, only the
most representative individual will be selected (the closest agent to the qualitative
ideal type) from a set of many possible agents (500), the tool selects only one of them,
that who is considered to be the most interesting one.
This filter is applied by computing a numerical value over every agent based on his
life-events. This value, called interest, is based on a lookup table that assigns an
heuristic value to each fact. Each of these values represent how much importance we
give to each fact. Then the agents receives the interest value corresponding to the sum
of the interests of their facts.
Then, with the interest, we apply some set of rules like filtering those agent whose
interest falls below a given threshold, or removing redundant facts or relationships
between agents.
Discourse Planning is performed by the use of templates that gives logical and
coherent order to the text that has been filtered in the previous stage of Content
Determination. The templates have simple sequences like time-ordering of the facts
and describing the most important relationships.
To apply the rules of the original system to the social simulation domain it has
been necessary to adapt the rules to this context. To perform this task we built a
vocabulary with the aid of an expert sociologist in the domain. In this way we have
built the vocabulary of the possible events and a logical path tree which defines the
possible events that each agent can follow on each stage based on its own story (for
example, a very religious woman will have a low possibility of deciding to abort).
More details about how this tool works can be found on [11].
Biographies of agents that have been selected to build a story are not as expressive
as real textual narrations, but can be directly compared with them (because of its
natural language format). Due to the huge amount of textual and narrative material
that qualitative research deals with, a narrative story is the best way to help them. This
could help to understand the real individuals, compared with other possible lifestories, and it could be very useful due to the lack of individuals that usually
qualitative researches have. If we use clustering or statistics for building the ideal
types of the simulation, the real individuals of the qualitative research can be better
understood compared with the simulated stories of these ideal types. Even we could
use it to compare different qualitative researches over the same field.
Other applications of this new output could be to give some information very
simple to understand for any human, not necessarily familiarized with the social
simulation environment: for example an expertise on social behaviour. This expertise
could read the text, that resumes with an example a life of some character, and extract
information about the collective of people that have been simulated.
Moreover, this narration can be a good explanatory complement of quantitative
researches, as other qualitative materials can be presented for supporting the final
conclusions. This point will be deeply explained in next section.
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For the example under study, as it is in a prototype phase, we have not followed a
formal path for building the NLP rules that decided the most representative agent. We
have decided the conditioned events and the implemented rules just using advises
from an expert of the field. For computing this degree of representativeness, some
simple formulas based on lookup tables has been applied, as can be seen in [11]. Even
so, the generated text, in Figure 4, can give an idea.
The execution of the simulation of the MAS model, which resulted in quantitative
macro results, generates also an XML file. This XML is the result of logging every
event of every agent along their simulated lives. Agents that die and are born,
matching or friendship relationships, life events: all is recorded. Next, the NLP
module will process this XML, as explained in [11] and futher, to give the narrative
output. We can compare Figure 3 and Figure 4 to check the text generation, although
the big effort is to choose “Rosa Pérez” between the hundreds of individuals.

<Log Id="i49">
<Description />
<Attribute Id="name" Value="rosa" />
<Attribute Id="last_name" Value="pérez" />
<Attribute Id="sex" Value="female" />
<Attribute Id="ideology" Value="left" />
<Attribute Id="education" Value="high" />
...
<Events>
<Event Id="e1" Time="1955" Action="birth" Param="" />
<Event Id="e2" Time="1960" Action="friend" Param="i344" />
<Event Id="e3" Time="1960" Action="friend" Param="i439" />
<Event Id="e4" Time="1961" Action="friend" Param="i151" />
<Event Id="e5" Time="1962" Action="horrible" Param="childhood" />
<Event Id="e6" Time="1963" Action="best friend" Param="i151" />
<Event Id="e7" Time="1964" Action="believe" Param="god" />
<Event Id="e8" Time="1964" Action="every week go" Param="church" />
...
<Event Id="e16" Time="1968" Action="problems" Param="drugs" />
<Event Id="e17" Time="1971" Action="grow" Param="adult" />
<Event Id="e18" Time="1971" Action="friend" Param="i98" />
<Event Id="e19" Time="1972" Action="involved" Param="labour union" />
<Event Id="e20" Time="1972" Action="friend" Param="i156" />
<Event Id="e21" Time="1973" Action="get" Param="arrested" />
<Event Id="e22" Time="1973" Action="learn" Param="play guitar" />
<Event Id="e23" Time="1975" Action="became" Param="hippy" />
<Event Id="e24" Time="1976" Action="involved" Param="NGO" />
...
<Event Id="e29" Time="1980" Action="impossible love" Param="i469" />
<Event Id="e30" Time="1984" Action="couple" Param="i439" />
<Event Id="e31" Time="1984" Action="live together" Param="i439" />
<Event Id="e32" Time="1984" Action="child" Param="i679" />
<Event Id="e33" Time="1984" Action="child" Param="i680" />
<Event Id="e35" Time="1985" Action="friend" Param="i102" />
<Event Id="e36" Time="1985" Action="divorce" Param="i439" />
<Event Id="e37" Time="1987" Action="couple" Param="i102" />
<Event Id="e38" Time="1987" Action="live together" Param="i102" />
<Event Id="e39" Time="1987" Action="have" Param="abortion" />
...
<Event Id="e48" Time="1995" Action="be unfaithful" Param="i102" />
<Event Id="e49" Time="1995" Action="fired" Param="job" />
</Events>
</Log>

Fig. 3. XML example of life story
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5 Conclusions and Fur ther Wor k
We have seen the potential of the ABSS system for the quantitative analysis, reaching
to the possibilities of social experimentation. We have experimented a way for
expanding the possibilities of typical agent-based simulation, so they can build an
output appropriate for the qualitative perspective.
Rosa Pérez was born in 1955, and she met Luis Martínez, and
she met Miguel López, and she met María Valdés, and she
suffered a horrible childhood, and she had a very good
friend: María Valdés, and she believe in God, and she went to
church every week, and she met David García, and she wanted
to be a priest, and she suffered an incredible accident, and
she met Marta Alonso.
When she was a teenager, she messed with a gang, and she met
Claudia Sánchez, and she went to confession every week, and
she had problems with drugs, and she became an adult, and she
met Marci Boyle, and she was involved in a labour union, and
she met Carla González, and she got arrested, and she learned
how to play the guitar, and she became a hippy, and she was
involved in a NGO.
She met Sara Hernández, and she stopped going to church, and
she met Marcos Torres, and she fell in love, desperately,
with Marcos Torres, but in the end she went out with Miguel
López, and she lived together with no wedding with Miguel
López, and she had a child: Melvin López.
She had a child: Andrea López, and she met Sergio Ruiz, and
she separated from Miguel López, and she went out with Sergio
Ruiz, and she lived together with no wedding with Sergio
Ruiz.
She had a abortion, and she bought a house, and she had a
depression, and she had a crisis of values, and she was
involved in a NGO, and she had a huge debt, and she inherited
a great fortune, and she met Daniel Lorenzo, and she bought a
car, and she was unfaithful to Sergio Ruiz with another man,
and she was fired from her job.
Nowadays she is an atheist.
Fig. 4. The life story of a representative individual

With respect to the final appearance of the resulting text describing the life of one
agent, it does not have yet good literary quality. It is necessary to generate more
complex templates of text generation, as well as more sophisticated realization
methods (those related with the final textual form of the narration). By defining better
rules for choosing relevant agents, and for choosing most relevant facts of its life, the
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final text will be much clearer for a human reading it. To achieve this aim we must
test the different ways of building those rules (as were defined previously) and
compare their results. These rules could be:
‚ Rules built from the ideal types of a previous qualitative research, guiding
the analysis
‚ Rules built from statistics or by an expert in the field
‚ Rules built from clustering of the agent lives.
Furthermore, it is possible to create narrations about more than one character, by
inserting parts of other agents' life. There is, of course, much work in progress about
this, and, although natural language generation has many problems, it is possible to
create much better descriptions of social agents.
To evaluate the results of the NLP system there are many possible approaches. In
[8] an evaluation of the texts is presented. It could be interesting to compare this
system with other representation systems based on qualitative approaches.
It is possible to use a conceptual ontology for the communication between the
expert sociologist for representing the domain semantics. Thus, it would be possible
to formalize the hierarchy of the facts and their meanings.
Also, we are considering enriching the kind of information that is extracted from
agents’ behaviour, about their mental state. This is specially interesting with agents
that follow BDI model [5]. In this way, the qualitative aspects of the agents will be
empowered, as well as their stories, completed with mental states and motivations
(instead of only describing facts). If agents’ interactions base on this model, the
quantitative macro results obtained in this way would be much more directly
connected to the micro behaviour. With this aimed achieved, we could a) use
qualitative researches as input of the system, in the form of BDI data (attitudes,
perceptions, behavioural patterns), as is done in [16]; or b) contrast our simulated
biographies with qualitative empirical results, and validate the system model: if there
is convergence between data, the guarantees of accuracy of the system will be bigger
[13].
The application of the obtained stories as a complement for quantitative results can
be quite useful. It would explain the “why” of certain phenomena in the social system:
why they evolve in a way and not another. These questions usually arise in the social
sciences when only quantitative data is analyzed, and are referred to phenomena
derived from the complexity of individuals’ interaction and system dynamics.
However, due to is relatively usual to 'triangulate' the methodological perspectives
(as it was explained previously), we have to analyze which are the benefits of
simulated biographies above real ones. They are faster, easier and cheaper to obtain
(if we already have a simulated model), but the important issue of trust should be
tackled. We have to test the simulation with known empiric data (mainly quantitative,
but if it is possible, qualitative too) before we can consider its biographies
trustworthy. Of course, if there are discrepancies, we should trust real data. But when
both converge in the main aspects and there are some holes in real biographies that
are covered with simulated ones, we could trust simulated results. This limitation can
be assumed for the practice of social research, because it’s usual to use interpretations
and explanatory models that are not verified.
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Benefiting from the Other: Proposals on Incorporating
Agent Based and System Dynamics Approaches
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Jaffalaan 5, 2628 BX Delft, The Netherlands
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Abstract. Two of the simulation-base approached broadly used in studying
socio-economic systems are system dynamics (SD) approach and agent based
(AB) approach. Despite their common point of using simulation in studying
complex systems, their conceptualization of the system and the aggregation
level used differ significantly. These two approaches are compared mainly
based on these differences. Conversely, discussions on how one of them can
benefit from the differing aspects and tools of the other approach are very
limited. In this paper, we highlight two proposals about how these two
approaches can be incorporated in order to strengthen them. These two
proposals, which shall be considered as thought experiments, introduce
feedback-loop-based conceptualization and behaviour analysis in AB approach
and AB components in SD models in order to overcome some of the
aggregation-related shortcomings of the latter.

Keywords. System Dynamics, Agent Base Modelling, Causal Loop Diagrams,
Hybrid Modelling

1 Introduction
There is an evident increase in the popularity of the computational approaches,
including computer-based simulations, when studying social phenomena. Simulation
has been used for a long time as a very effective research approach in engineering and
natural sciences, but its inclusion as a research tool in the portfolio of the social
scientist is more recent. It is possible to identify various purposes in using simulation
models, including prediction, training, experimentation and discovery [1]. Among
those, it can be said that generating insights of the future and increasing the
understanding about the temporal dynamics of a system either via testing a
proposition or discovering important mechanisms or interactions in the system mainly
constitute the relevance of these methods for the social sciences. In that respect,
among various approaches involving simulation, like some econometric models,
micro simulations, cellular automata, agent based models and system dynamics
models [2, 3], the latter two seem to be the most relevant ones. The reasoning under
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this claim is the fact that both approaches can be seen as transparent-box models,
where mechanisms yielding a phenomenon or dynamic behaviour are explicitly
modelled. Hence, we will be focusing on these two approaches. In doing so, we aim
to address the variety of modelling approaches from the perspective of how a system
is visualized: from a holistic point of view (top-down) or addressing the heterogeneity
(bottom-up) within the system. System Dynamics will represent top-down approaches
and Agent-Based Modelling will do the same for bottom-up ones.
The paper starts with a brief discussion regarding the strong and weak points
of both approaches with respect to our perspective. This discussion will highlight
some potential points that may result in considerable added value when incorporating
certain aspects of one approach to the other. In section four, we discuss two ways of
incorporating these approaches. Being aware of the immature nature of these
incorporation proposals, it is mainly aimed to initiate some discussion and possibly
point out some direction for the research-to-follow.

2 System Dynamics (SD) Approach
The main characteristic of SD models is the fact that the dynamic behaviour of a
system is defined in the form of a set of differential or difference equations that
represent the dynamic relationships between state variables of the system. In this form
of representation, the complexity of the dynamic system behaviour comes from the
feedback relationships between state variables and the non-linear nature of these
relationships. For a comprehensive review of the SD, the reader may refer to Forrester
[4] and Sterman [5].
One of the important characteristics of SD models is the fact that the
complex dynamic behaviour is caused by feedback relationships and delays in the
system structure. Another important aspect is its aggregate-level focus, which is very
significant with respect to the decision of using SD models in order to study a selected
social system. This aspect of SD may best be clarified by a couple of simple
examples. When modelling a national economy, the dynamic behaviour of the system
will be defined in terms of relationships between aggregate level entities like gross
domestic product (GDP), total industrial capital, total labour force, etc. Another
example is an epidemic model. The dynamics of any epidemic will be represented by
relationships between aggregate population subgroups of susceptible and infected
populations. It is evident in both cases that individual behaviour of components (e.g.
individual companies or consumers in the economy example, and infected and healthy
individuals in the epidemic example), which is represented with the above mentioned
aggregate level variables, is ignored. On the contrary, this can be justified under
certain assumptions and in those cases an aggregate view of the system may be very
fruitful in terms of analyzing the system behaviour.
The choice of the aggregation level is dependent on the degree of
heterogeneity of individual system components being aggregated and the importance
of this heterogeneity in terms of the overall dynamics of the system. If it can be
assumed that the diffusion of the material and information is fast compared to the
time frame of the process being studied, it can be argued that components can be
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treated as homogeneous and aggregated without any complications. In the epidemic
case, every infected individual is the same with respect to the problem being studied,
hence aggregation seems safe. Furthermore, even if heterogeneity prevails in the
system it may not be crucial with respect to dynamics of the system and averaging out
this heterogeneity does not yield any significant loss. Another example for this case
can be found in the economy modelling example, in which different companies may
own various amounts of industrial capitals that have different productivity values, but
working with average capital productivity may be satisfactory to capture the dynamics
of gross economic output.
On the contrary, consider again the case of epidemic example. This time
individuals are distributed over a territory and contact is possible under certain
physical proximity conditions. In this case, it is evident that spatial heterogeneity of
individuals plays an important role in epidemic dynamics. Hence, sticking to a simple
aggregation of susceptible and infected groups will not be sufficient to capture the
actual behaviour of the system.
In some cases, an aggregate level phenomenon that emerges as a
consequence of the interaction of heterogeneous individual components will be
represented in the model as a deterministic relationship or a constant parameter. This
issue stands as one of the points that attract numerous published or unpublished
criticisms towards this approach. Even in the cases where aggregation can be
justified, it may not be possible to construct these models due to lack of proper
understanding of the relationships between aggregate entities. In such cases, the
researcher may be forced to leave aside the aggregate approach and constrained to
focus on individual components of the system, whose temporal behaviour could be
formalized in a simple way.
Despite those aspects discussed above, SD models have important
advantages that make them worth considering for studying socio-economic systems.
The most crucial advantages are related to the model building and analysis stages. As
an approach rooting back to the early 1960's, the know-how about model building
process of SD type models is well established and homogeneous [6, 7]. Most crucial
of all is the fact that formal validation procedures are available in SD type models,
which cover both structural and behavioural validation of the models [8, 9].
Additionally, it is possible to trace back the causes of an observed complex dynamics
in terms of model components and feedback relationships. Studying the cause of a
behaviour is both easier in an informal sense and also achievable in a formal sense,
using the recently developed analysis methods like eigenvalue elasticity analysis [10,
11], pathway participation method [12], and network theory based structure analysis
[13], etc. In other words, in SD tradition linking and/or explaining the observed
behaviour to the system structure is very important, and there are tools for
establishing that link [7]. As it will be discussed under the corresponding section, this
can be very complicated and problematic in the case of AB models.
Moreover, due to the focus on the aggregate system level, the model in
general is composed of less elements and it is easy to grasp an idea about how a
system works even just by observing the model structure. In that sense, building up
some understanding about the dynamics of a system is evaluated to be much more
efficient and easier in SD models.
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3 Agent Based (AB) Modelling Approach
Compared to SD, the AB approach to modelling may be considered as a younger one
that became especially popular in parallel to the popularity of the complexity theory.
As it can be easily inferred from the name, the system of concern is represented in this
type of models by a set of agents, whose behaviours and interactions constitute the
system's dynamic behaviour. This perspective, focusing on individual components,
also makes AB models an attractive method for methodological individualist social
scientists. In those communities, the AB approach is characterized as the simulation
approach that is most compatible with studying social phenomena, and referred to as
"social simulation" [2, 14-16].
In contrast to SD models, heterogeneity at individual component level is not
a problem for AB models. In the cases where individual level heterogeneity cannot be
averaged out and plays an important role in the overall dynamics, an AB approach
may be the logical option. This is one of the primarily appealing aspects of the AB
models. Probably, the most important discussion point regarding the justification for
using AB models is related to the nature and amount of knowledge that a researcher
has about the system of concern. It may sometimes be a very challenging task to
formalize a set of aggregate elements and relationships between those elements in
order to explain the dynamic behaviour, especially in systems composed of
interacting individual elements that are highly adaptive in their behaviour. This may
be problematic in two ways. One the one hand, the researcher may have no
knowledge about the aggregate description, but may be able to observe and imitate
the behaviour of individual components. In this case, the only plausible option will be
"to grow the phenomena being studied from bottom-up" [17] by simulating the
individual components' interactions via AB models and allowing the dynamics of
system to emerge. On the other hand, the researcher may have an initial aggregate
representation, which represents the initial configuration of the system. However, due
to the adaptive nature of the individual components and the co-evolution of their
behaviours, initial aggregate configuration may lose its validity and needs to be
updated. Unless the researcher is able to represent this co-evolution process in
aggregate terms or foresees probable update requirements in the aggregate system
representation and pre-builds them, an aggregate representation will fail to capture the
dynamics of the system. These two cases (no aggregate knowledge and evolving
aggregate configuration) seem to be the ones to which AB models fit best as models
to study the dynamics of the system.
Despite the favourable aspects of AB models, this approach has also certain
drawbacks and limitations. The first of these aspects is that AB models’ internal
complexity may easily increase up to a level that makes it almost impossible for the
researcher to deduct any conclusions from the simulations. The model itself becomes
too complex to be understood. Although this risk exists for all modelling approaches,
it is much higher in AB models from our perspective. This risk has already been
pointed out by many other researchers indicating that in order to use AB models in an
efficient way, the model should be very simple and should include only a minimal set
of component that is capable of reproducing dynamics of the system under study [1,
17]. As long as it is applicable, the construction of modular models, i.e. detaching the

722

Benefiting from the other: Proposals on incorporating AB and SD Approaches

complete model into manageable interactive sub-models, could offer a solution for
such complications in extended AB models.
The ability to capture emergent system properties by focusing on individual
components is discussed as the most important advantage of AB models. However,
this aspect of the approach also causes serious and hard to avoid complications in
terms of validating constructed models and gathering some insights based on the
observed model behaviour. As mentioned before, the way these models are used aims
to identify a minimal set of mechanisms that can reproduce the complex aggregate
level phenomenon. The problem is that this minimal set is not unique. In other words,
the mapping between mechanism sets and system behaviour is not one to one, but
many to one [18]. Hence, it is a challenge for the researcher to validate his/her choice
of individual components and mechanism when capturing the emergent phenomenon.
In cases where the dynamics of the aggregate level phenomena (e.g. traffic, network
density, segregation, etc.) are being studied, linking the changes in the temporal
dynamics of the emergent phenomenon to micro-level agent behaviour constitutes
another serious challenge.

4 Opportunities to Combine Strengths
The modelling approaches discussed above unfortunately are more commonly
perceived as competitors. Meanwhile, discussions pointing out the opportunities of
collaboration are relatively limited [7, 19, 20]. As discussed before, the SD approach
has a reliable record on linking the system structure and the resultant dynamic
behaviour while the fast diffusion of AB models in social sciences can be attributed to
its orientation towards linking the behaviour of micro level components of the system
to an aggregate level emergent phenomenon. In short, the emphasis of the SD
approach is on linking the structure to behaviour, whereas the emphasis of the AB
approach is on linking the micro level to the macro level [7]. This difference in the
emphasis of the two presented approaches supports considering them as
complementary rather than competing. In general, it is possible to identify similar
attempts among modelling communities towards combining top-down and bottom-up
modelling approaches. Researchers have started using hybrid models in order to
compensate the limitations of top-down and bottom-up approaches: while top-down
modellers are incorporating more explicitness in the dynamic behaviour of their
models, bottom-up modellers are including macro-feedbacks at agents’ level [21].
Similarly, we believe that modelling applications incorporating certain aspects of SD
and AB in particular may allow us to study much more interesting systems and may
provide richer insights than any of the approaches used alone.
The ways and degrees of incorporation of one approach into the other may vary.
However, in this brief discussion paper we will mention two of them. The first one is
using causal loop diagrams commonly used in SD as a conceptual analysis tool in AB
modelling practices in both conceptualization and behaviour analysis stages. The
second one aims to strengthen the aggregation related weak points of SD models via
introducing AB components in those models.

723

Gönenç Yücel, Catherine Chiong Meza

4.1 Causal Loop Diagrams (CLD) in AB Modelling Practices
In almost all AB modelling practices the attention goes mainly on the totality of the
discrete actions of agents in the system, which seems natural. However, what seems
to be lacking appropriate attention is the fact that changes in the agents’ behaviour are
also influenced by feedback loops embedded in these systems.
CLD may be used to enhance the insights that can be gathered from an AB
model and to communicate these insights. CLDs are a type of conceptualization tool
for representing the feedback structure embedded in a system, and are widely used in
the SD tradition [5, 6]. These diagrams include important variables about the system
and arrows indicating “causality” between them. In order to avoid confusion about the
concept of “causality”, it can also be said that arrows – links between variables –
indicate a sort of influence of one variable on another. Two types of links are
identified. On the one hand, a positive link means that if the variable at the tail of a
link (A) increases, the variable on the head of the link (B) increases above what it
would otherwise have been, and if variable A decreases, variable B decreases below
what it would otherwise have been. On the other hand, a negative link means that if
the variable at the tail of a link (A) increases, the variable on the head of the link (B)
decreases above what it would otherwise have been, and if A decreases, B increases
below what it would otherwise have been [5].
Considering the conventional usage of CLDs, it could be argued that these
types of diagrams are suitable for studying dynamics of continuous quantifiable
variables, and do not work with systems including discrete events as in the case of AB
models. We acknowledge that CLDs might not be appropriate and sufficient enough
for conceptualizing the complete dynamic richness of an AB model. However, a
similar conceptualization tool may be beneficial at some degree and it may support
the modeller, in the course of a behaviour analysis or model conceptualization, in
addition to other used tools or approaches.
In order to see what such a conceptualization may provide, we worked on a
simple sketch of a feedback loop diagram related to individual agents’ behaviours in a
neighbourhood segregation model, which is mainly inspired by the famous work of
Schelling [22]. In this model two types of inhabitants, yellow and blue, exist and they
seek for neighbourhoods having their type as the dominant one. Once their
neighbourhood is dominated by the inhabitants of the opposite colour, they move to a
better spot, if possible. Figure 1 presents a CLD-like diagram that demonstrates how
agents act and influence each other.
The variables represented by solid boxes are influenced by the actions of all
agents; hence they belong to various loops like the ones given in this figure.
Conversely, the variable represented by the circle is the basic action of the particular
agent, whose behaviour is under focus in this diagram. The agent stays on a spot as
long as certain fraction of her neighbours belongs to its type. In short, if that fraction
is high, its likelihood of performing a Move action is low. Since agents move to spots
that are better than the current one in terms of having more of the same coloured
neighbours, after each Move action the percentage of the same colour neighbours will
increase for the acting agent. These two relations constitute a loop (Loop 1) by which
every agent tries to control the percentage of the same coloured neighbours.
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City
Dynamics
Neighbourhood
Dynamics

Neighbourhood
Dynamics.

% Same colour
Neighbours

% Same colour
Neighbours.

-

+
Move

-

+
-

Spatial Distribution
of Residents

-

Move.

+

+
Better Spots

Better Spots.

Agent A

Agent B

Figure 1: An experimental feedback loop diagram for a segregation model

Additionally, the Move action is also influenced by the availability of Better
Spots in the city; the agent will not move if there is no better spot than the current one.
Hence, the more Better Spots there are, the more likely the agent will move. Since
being better, i.e. having a higher percentage of same colour neighbours, is a
comparative evaluation, the number of Better Spots is dependent on the current spot,
i.e. if the percentage of the same coloured neighbours is very high in the current spot,
it will be less likely to identify better spots in the city. These three links constitute the
second loop (% Same Colour Neighbours – Better Spots – Move - % Same Colour
Neighbours). These two loops are related to how an individual agent acts towards a
goal (i.e. live in a neighbourhood with more neighbours of its colour) and how an
agent constrains its future moves by its own action. Moreover, actions of an agent
also influence other agents. If we assume that agent A moves to the neighbourhood of
agent B, agent A contributes to the Neighbourhood Dynamics of agent B, which in
turn results in a change in percentage of same coloured neighbours for agent B. This
change may activate the Loop 1 for agent B (and probably for the other neighbours)
and trigger further dynamics in the system.
This gives a rough picture of three loops via which an individual agent alters
the general system and also its own behaviour. Looking at this experimental sketch,
we can easily conclude that as long as Loop 1 is active for some agents, those agents
will be dynamic and will be moving to neighbourhoods with more neighbours of their
colour. This may have two different effects. Assume that a yellow agent moves to a
new neighbourhood. Then this will make the neighbourhood more preferable for the
existing yellow agents and they will be less likely to move, i.e. they will be locked-in
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to that neighbourhood in a sense (loop 2). For the blue agents opposite is true;
neighbourhood will be less preferable and they will be more likely to move (loop 1).
The whole system will reach to equilibrium only when all agents are satisfied with
their current spot (loop 1 passive), or they cannot find a better spot even though they
are not satisfied (loop 1 active, but suppressed by loop 2). The first occasion where all
agents are satisfied is the situation where segregation is observed and this is a sort of
stable dynamic equilibrium observed in almost all variants of this type of models. The
case where agents want to move but cannot find a better spot, is a conceptually drawn
conclusion from the diagram given above and we have not encountered any
discussion about such a possibility. It is plausible that this option may be an unstable
equilibrium that can be observed only when system is initiated at that state, so it is
almost impossible to observe it with random model initiation. We are searching for a
geometrical plausibility of an initial state on a two dimensional grid, which may
support our conclusion from the presented diagram.
By itself, this diagram is not comprehensive enough to tell a complete story
of the system behaviour as a whole. However, it provides some clues about why
individual agents are almost never at rest and why they are inclined towards
segregation. This type of diagram may help thinking on the agent’s internal dynamics
and communicating the conclusions. However, it will never be satisfactory in
understanding why certain parameter values yield segregation and some do not. By
introducing some new and AB-specific features in the representation conventions of
CLDs, such diagrams may be used as promising conceptual tools in AB modelling
studies.
4.2 Agent-Based Components in SD Models
As mentioned above, one of the aspects regarding the SD approach is its aggregate
focus, or its more collectivist position in representing social systems and ignoring
heterogeneity. Despite some credible discussion regarding the justification of this
stance [23, 24], this point still constitutes a weak point of SD for many social
scientists [25, 26].
In a typical SD model, an aggregate level phenomenon that emerges as a
consequence of interacting heterogeneous individual components will be represented
in the model as a deterministic relationship or a constant parameter. Combining a
typical SD model with an AB component to represent that emergent phenomenon,
instead of using a constant parameter is another possibility of combining the strengths
of both approaches. This can be interpreted as a multi-resolution model, where a
parameter or a relationship at the aggregate level is modelled in a finer grained way.
In order to demonstrate the proposed use, we reconciled the heterogeneity in
AB approach and the aggregation level of SD by integrating them in a conceptual
case. The model represents the dynamics of the welfare distribution in a hypothetical
and very simple economy, which is regulated by an aggregate level regulator by
imposing tax measures. The regulator is conceptualized as a ruler who reacts to the
amount of population below a threshold welfare level. The economic interactions
between individuals of the population are assumed to be random amounts exchanged
between individuals in the system, i.e. an individual receives a random amount from
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the individual it encounters and gets it if the other individual has more than that
amount, or gets all money the other individual has in the opposite case. If the amount
of population under the threshold welfare is high, the regulator starts to alter the
transactions by introducing an additional exchanged amount which is proportional to
the individual wealth. More specifically, an agent pays a random amount plus a
percentage (referred to as tax percentage in Figure 2) of his wealth to another
randomly-selected agent.
However, considering the way this economic system is defined, it is not
straightforward for clarifying the consequences of changes in the applied tax
percentage. Hence, neither the polarity of the link between Applied Tax Percentage
and Percentage of Population under Threshold, nor the delay between a change in
Applied Tax Percentage and its consequences can be identified at this aggregate level
system representation (See Figure 2).

Desired Tax
Percentage

+

+

Perceived Percentage
under Threshold
-

-

+

Policy
Regulation Delay
-

Change in Tax
Perception
+

Change in
Perceived
Percentage

-

-

Applied Tax
Percentage

Perception
Delay

+

Percentage of
Population under
Threshold

Figure 2: Welfare model as a combination of a SD model and an AB component

In order to overcome this complication, the linkage between these two
aggregate variables is established via an AB component introduced into the model
(See Figure 2). When the heterogeneity in the population is taken into account, the
arrow between Applied Tax Percentage and Percentage of Population under
Threshold is put under the microscope, leaving aside any theoretical conceptualization
of the population as a whole. Instead, more attention is paid to the dynamics between
individuals at this micro-level, where individuals hand in money to others from their
own wealth, and receive money from other individuals, as long as they have some. In
this specific case, the attention focuses on the agents’ income and its variation due to
the transactions – i.e. the handing-in and/or the reception of money – between agents.
The agents’ distribution under and above the threshold now varies depending on the
income level of each agent. This income fluctuates depending on the transactions
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between agents which in turn are influenced by the introduction and the termination
of the tax that the regulator would introduce in order to affect the amount of agents
below the threshold welfare. In this way, Percentage of Population under Threshold
becomes a statistic calculated based on the welfare level of the individuals in the
population, and this is acknowledged by the regulator with a certain delay. The
perception of the regulator alters its tax decision, and this tax will be later on
introduced to the population’s activities in order to transfer money from those having
more income to those with less, i.e. interactions among individuals in the economy
are altered with this dynamic decision.
Such applications with hybrid structure (hybrid in terms of having both SD
and AB parts) are technically possible with the existing modelling tools. One
available option regarding software is AnyLogic. This is a young simulation platform
that appears with the promise of being capable of handling SD models incorporated to
AB models [26]. Another option is integrating SD and AB models and software while
preserving the respective components on their native platforms. For example Vensim,
a widely used SD software, is capable of communicating with Java platform. This
enables integration of models built in Vensim to an AB models built on RePast. Such
sample implementations are tested before where some SD components are embedded
into the agents in order to represent their perception and decision making processes
[19]. The discussed example is another example of such an implementation from a
technical point of view. However, conceptually they are different in the way how
these two components (AB and SD) are used.

5 Conclusions
In studying complex socio-economical systems, simulation-based approaches are
getting more popular. In this discussion paper, we focused on two of them; System
Dynamics (SD) approach and Agent Based (AB) approach. Although both of them
utilize simulation as the core of the approach, the way in which a system is
conceptualized and modelled is significantly different. With an aggregate level focus,
SD approach aims to identify feedback loops dominating the dynamics of the system.
Conversely, AB approach focuses on individual level and works with agents that
constitute the system. In this case, the aim is to identify agents’ behaviour that yields
system behaviour. This difference between the two approaches mainly induced to
comparisons resulting in discussions about the superiority of each approach rather
than proposals for collaboration. This paper attempted to highlight two of such
proposals, which should be considered as thought experiments.
The first proposal is related to feedback-loop-focused conceptual analysis of
agent behaviour and interactions. Although AB models have embedded feedback
loops driving the agent actions and system behaviour, they seem to be lacking
appropriate attention during the behaviour analysis and model conceptualization. In
that sense, CLD tools customized for AB approach may make some contribution to
the insights gathered about the system being studied and the behaviour being
observed. Such tools may strengthen the toolset of AB modellers and help them to
move more from a status of passive observer of the model output to a status of
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behaviour analyst. Future work aiming to come up with a proposal for a
representation scheme that can be used in AB approach for this purpose will follow.
The second proposal is aiming to strengthen SD models regarding the
aggregation-related shortcomings. The proposed approach aims to incorporate some
AB modules in a SD model in order to replace deterministic relations or variable
values, where appropriate. In this way it may be possible to incorporate certain
aspects that are influenced by agent-level heterogeneity and interactions in a large SD
model. We believe that such incorporation may make a SD model much stronger and
a better representation of any socio-economic systems being studied. Differing from
the former proposal, this proposal has some technical demands and, at the current
state of the tools being used, this option is technically viable. Currently, we are
working on such an implementation in order to see the added value as well as
technical and conceptual difficulties.
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Governance Based on Reputation
Rosaria Conte and Mario Paolucci
LABSS, Institute for Cognitive Science and Technology, Rome, ITALY

The governance of social, economical and cultural transformations aims to
move beyond the contrast between institutional, centralised government and
complete deregulation. In these pages we will endeavour to show that reputation constitutes an essential aspect of the governance of economy and of public
institutions.

1

What is governance

Regrettably, the term governance is vague and ill defined. Governance is understood as a new style of management, different from hierarchical, top-down
approaches, and characterised instead by a larger degree of cooperation and
interaction between the State and other actors inside mixed, public-private decisional networks.
In a more concrete sense, governance is a set of regulation mechanisms that
applies to complex social systems, and that are
decentralised
dynamical
bidirectional both from the top and from the botton, from citizens to institutions and the other way around
mixed
decentralised
both deliberate and spontaneous
realised by the intervention of several agencies both public and private
The main thesis of the paper is that reputation is the most important mechanism to satisfy such requirements: the most spontaneous, and probably the most
efficient too.

2

What is reputation

Reputation is a socio cognitive artefact, evolved to deal with different social
order problems that human societies have encountered. It is especially suited
for social control and partner selection (see Conte & Paolucci, 2002) Reputation
interacts with social evaluation, but is distinct from it . Evaluation is a value
judgement formed from the evaluator about some definite target (individual,
firm, institution etc..), based on direct or indirect experience with the target
itself. Making such a judgement explicit in the form of direct feedback, the
evaluator commits itself on the truth value of the judgement. As a consequence,
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the evaluator take responsibility both towards the target, especially for negative
judgements, and toward the information recipients, more so in the case of positive
judgements.
Not so for reputation, that is born from reporting others’ evaluation as gossip; in this case, the informer is not an evaluator; it does not give a personal
judgement on the target, and does not take responsibility toward the information
recipients.

3

Reputation for the governance of economy

Reputational systems are already appreciated by the market; they constitute an
asset with a precise economic value (compare the large literature on corporate
reputation). In addition, reputation for electronic markets, and in particular in
electronic auctions (eBay being the most striking case), is an undeniable reality. Finally - and more generally - we must account how reputation has become
a technological artefact, from its origins as a spontaneous artefact. Reputation
technology is a business, bound to grow in the next years as the business exploits the complex effects of reputation, modifying and them and making them
extreme. Moreover, business plays the double role of reputation exploiter, for
market regulation, and reputation guarantee, as the proliferation of ”reputation
defender” systems demonstrates.
However, this proliferation not always gives the desired effects. For example,
the diffusion of online reputation - especially in electronic auctions - has not
generated a decrease of frauds (see Marmo, in press), that instead tend to grow
year after year. What is also growing is the market of auctions itself: eBay has
shown an impressive growth rate, without pauses, from its beginnings. Do we
have to deduce that reputation, instead of acting as a regulatory instrument, is
simply a change to reap new profits? To the contrary, reputation is a regulatory
instrument. But what is implemented in online markets has very little to do with
reputation, apart from the name. Let’s see why.

4

Courtesy and Prudence

The first reason of the courteous variant of reputation that we find on the internet, so different from the natural experience of reputation that we share from
participating in gossip, hides behind the lack of distinction between evaluation
and reputation. Online reputation, as the current state of the art, is so courteous
and so useless because evaluators simply cannot gossip; they cannot hide behind
the screen of impersonal judgements.
In addition, often the system itself is characterised by target-oriented benevolence. Evaluators are at the same time targets and beneficiaries of the evaluation,
and thus tend to operate in collusion.
To the contrary, systems that favour an effective social control are characterised by benevolence towards the beneficiary, to the expenses of targets (imagine the gossip of students about teachers). Targets are met with a deterrent
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given by the costs of bad reputation, and an incentive to obey rules, reciprocate,
collaborate.
Reputation, quite obviously, can operate to reduce frauds in markets: but
depending on how it is built and applied. Not a rigid instrument, reputation
is a flexible artefact. In natural societies, reputation has evolved working in
two directions: decentralized norm enforcement, or social control, in the form
of punishment by isolation on one side; network enlargement, thanks to the
availability of informations beyond the familiarity network, on the other. These
function, however, appear as results of mechanism that are still under study chain like communication, narrowcast, low intersection between targets and reputation users, anonymity, and, principally, distinction between supported feedback and reported feedback. If we want to apply reputation for governance and
fraud control, we have somehow to reorient the reputational system in a richer
and different way, getting rid of the simplifications introduced by current online
systems. In short, to operate reputation based governance, we need to
– acquire a detailed knowledge on how reputation works in nature
– build theory-driven technologies, in function of the specific objectives to
pursue.

5

Reputation for the governance of public institutions

An important aspect of the current notion of governance is the interleaving of
public and private aspects. Financial crises in the 80’s and 90’s let emerge the
idea of ’steering’, that redefined public intervention.
Independently for any attribution of value, this mix of public and private
favoured two complementary directions:
– a set of new rules and new institutions (economic laws, documentation etc.)
aimed to the firms and to the market
– the ”New Public Management”, a new management of public sector aimed
at
• the reconfiguration of public structures as enterprises, often simplified in
the shape of a set of efficiency indicator to be respected
• decentrated and bottom-up control of public structures
We see this last point, in particular, with interest; this approach is based
on the idea that institutions, even public ones, are accountable and subject to
evaluation from several categories of subjects: users, operators, other institutions.
These evaluation call, in turn, for a theory of institutional reputation.
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Modelling upstream-downstream problems
using the IAD framework
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Abstract The model presented in this paper deals with different motivations of upstream and downstream users in a river system. It contrasts
three stylized regimes of transboundary flood protection: decentralised,
centralised, and collective action. Although the model is based on findings of a case study conducted in the Rhine, the model makes no claim
at being predictive. The Rhine is modelled as a simplistic environment
which serves as a learning environment for decision making agents, which
are the focus of the research.

1

Introduction

A research interest of a case study currently in process is the investigation of
how cooperation in transboundary flood protection can be established. Different
motivations can lead to transboundary cooperation. These are investigated not
only empirically, but also in form of an agent-based model. Using the Rhine
as an example, this model contrasts three stylized regimes of transboundary
flood protection: decentralised, centralised, and collective action. The model is
developed as one of several models of water management regimes [1] based on
the Institutional Analysis and Development (IAD) framework [2,3]. Using the
same conceptual framework aids model comparison and enables researchers to
use agent-based modelling as an enhanced process tracing [4] technique. Data
from case studies are used to design models, which are not primarily used to
replicate data or make predictions, but rather for exploration, explanation and
testing assumptions on real world processes. Consequently, the model makes no
claim at being predictive or descriptive with regard to the Rhine.

2
2.1

Model Outline
Environment

The Rhine is modelled as a simple three-bucket model of peak water levels.
As the area of interest is the German-Dutch cooperation, the first bucket is

761

the upper Rhine in southern Germany, the second the lower Rhine in North
Rhine-Westfalia, and the third the Dutch part of the Rhine. As long as the
current water level is below the height of the dikes, water simply flows from
one bucket to the next. The second bucket receives an additional input from a
tributary. If, however, the peak water level threatens to rise above the dikes,
water is redirected into retention areas. We distinguish between retention areas
that have a substantial impact inside the bucket and those that only have an
impact on the discharge into the next bucket. Retention amounts correspond to
decreases in peak water levels. If this is not enough to decrease it below dike
level, overflow of dikes also reduces the discharge.
This is a simplistic environment, which nevertheless serves as a learning arena
for decision making agents. Daily water peak levels can be varied as an input to
the model, corresponding to climate change scenarios.
2.2

Management Regimes

Decision making agents are authorities in the areas corresponding to the three
buckets. Their objective is to increase the water level at which no damage occurs,
that is, no dikes are overflown. This can be achieved by raising or relocating dikes
and/or by creating retention areas. Decision making agents make plans including
these three different measures based on data about their own area. This data
includes possible retention areas, but might also include expectations of how high
water levels can become. Measures have costs and decision making agents aim
for cost-effectiveness. Furthermore, creating retention areas may fail, because of
potential vetos by people living in or owning the areas. This still entails costs.
2.3

Institutional Variation

In the decentralised version of the model, decision makers calculate for their
respective areas only. No retention areas are planned, which would lower only
the flow into the next bucket. Raising dikes, which effectively creates higher
discharges into the next bucket, is an attractive measure. The external effect of
raising dikes on downstream buckets is not taken into account.
In the centralised version, decision makers are obligated to calculate effects
of measures by taking the whole river basin into account. However, it may occur,
that this rule is not effective. There are several ways around this rule. Raising the
dike in an upstream bucket can, for example, still happen on the expectation that
in the downstream buckets dike heights are also increased. A possible retention
area close to the border to the next bucket may not be build on the expectation
that residents will veto anyway.
In the collective action version, decision makers meet to potentially exchange
information and money, and by that build trust and other regard in the sense,
that it may be included in their own preferences to take the whole basin into
account. Agreements on compensatory payments, in order to build a floodplain
in another bucket, are possible. Communication is modelled in a stylised way,
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allowing only exchanges of (a) money, (b) information on water levels and potential retention areas, and (c) suggestions on flood protection plans (to include
specific potential retention areas in the plan), which may be coupled with an
exchange of money. The process of increasing other regard does not happen
consciously.

3

Expected Results

It seems obvious, that an effective centralised regime fares better than the decentralised regime. Interesting aspects are reasons for following a rule or not,
including individual preferences and potential sanctions. Other factors will have
to be further investigated in a case study.
More interesting than contrasting centralised and decentralised regimes is
comparing them with the collective action situation. It is to be expected, that
a collective action approach may, under certain conditions, work as well as an
effective centralised regime and outperform the decentralised and ineffective centralised regimes.
This model is a tool to investigate conditions and mechanisms for effective
collective action regimes based on empirical evidence gathered in case studies
and on theory (e.g. [7]).
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Modelling Primate Social Order: Ultimate Causation of
Social Evolution
Hagen Lehmann and Joanna J. Bryson
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The objective of our work is to understand the selective pressures that result in
different social organisations in primates. We approach this by means of Agent Based
Modelling. We here introduce a simulation which models the changes of social styles
in the genus macaca depending on environmental factors such as predation and food
distribution.
For many species of primates, arguably including humans, social behaviour can be
characterised along an axis usually described as running from egalitarian to despotic.
Despotic societies are characterised by a strict hierarchy with very few aggressive interactions, but where aggression occurs it is typically violent and usually unilateral
from dominant to subordinate. Egalitarian societies have less well-defined hierarchies;
frequent, bilateral, but less violent aggression, and a large repertoire of reconciliation
behaviours.
We model the closely related species in the genus macaca and the environmental
pressures working on their social organisation. To simplify the problem we have split
the modelling into the ultimate and proximate cause of behaviour. In ethology ultimate
causation explains an animal’s behaviour based on evolution, while proximate causation
explains an animal’s behaviour based on trigger stimuli and internal mechanisms.
Our present simulation focuses on the ultimate causation. We represent two groups
of macaques differing in their social style. One group is egalitarian, the other despotic.
The social styles are defined by the way the animals interact and the average distance
between them. Different experimental conditions require changing the environmental
setups these groups are confronted with. Conditions represent either environments with
high predation pressure and restricted food access, high predation pressure and high
food access, low predation pressure and high access to food or low predation pressure
and low food access. We then measure which group was more successful in which
environment. The success of a group was defined as the number of offspring.
Our results correspond to empirical findings from primate field research. The group
with egalitarian social structure did significantly better in conditions with predation
pressure and high access to food and the despotic groups did better in environments
with low predation pressure and low food access.
Our work provides additional evidence for currently discussed theories in evolutionary socio-biology, and provides a tool for testing these theories.
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Traffic Simulation with the TRASS Framework
Ulf Lotzmann
Institute of Information Systems Research, University of Koblenz,
Universitätsstraße 1, Koblenz 56070, Germany
ulf@uni-koblenz.de

In order to simulate route choice behavior of agents in complex and heterogeneous
environments, we developed an agent-based TRAffic Simulation System (TRASS)
suitable for traffic simulation with a wide range of freedom concerning agent design –
particularly in terms of implementing agent behavior1.
In TRASS, objects like traffic participants (e.g. cars, pedestrians, traffic lights) and
topographical regions are regarded as agents.
The entities of the first kind of agent are classified into two subtypes. “Simple” agents
are of the reactive type and feature properties such as shape (a freely definable set of
circles), position, direction, velocity. They include custom code for reacting on
requests by other agents or external events (triggered by timer or agents). A more
complex type of agent extends the reactive type by a powerful sensor unit (a freely
definable set of circular-sector-shaped perception areas) in combination with custom
code for perception of the environment and implementation of cognitive behavior.
The second type of agent – the topographical region – embrace behavioral properties
of the reactive agent type, but otherwise exhibit significant differences, as they are
static (in terms of size and position) and polygon-shaped objects.
In principle, the customization of agent behavior has to be done by implementing Java
methods, which are predefined by kernel interfaces. The proceeding is similar to the
way of using other well-known simulation frameworks like Repast and Mason.
In the TRASS framework, the agent behavior is encapsulated within so-called
strategy modules, which are Java objects that can be attached to respective agent
objects.
In order for agents to navigate in complex environments, the agent-strategy design has
to cover two distinct aspects. First, an agent must be able to interact within his
physical environment directly. This includes recognition and classification of agents
and topographic regions as well as conducting elementary actions (e.g. driving a
curve, changing a lane) within this environment. Second, an agent needs some kind of
reasoning to make strategic decisions with the aim to produce goal-driven behavior.
For this reason we use a two-layered approach. The first facet – recognition and basic
action – is more of a technical nature and therefore packed into a so-called “robotics
layer”. The techniques used in this layer, such as state machines, are quite similar to
those used to control autonomous robots. The other layer – called “AI layer” –
comprises all aspects subsumed under the keyword reasoning. This layer manages the
robotics layer and can be seen as the link to the social simulation domain.
1

Lotzmann, U.: Design and Implementation of a Framework for the Integrated Simulation of
Traffic Participants of All Types. In: Bruzzone, A. G. et al (eds.): Proceedings of the
International Mediterranean Modelling Multiconference, Barcelona (2006)
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The Good, the Bad and the Rational:
Attraction and Cooperation
Elpida Tzafestas
Institute of Communication and Computer Systems
National Technical University of Athens
Zographou Campus, Athens 15773, GREECE
brensham@softlab.ece.ntua.gr
In this paper we are presenting a mechanism of attraction and its impact on cooperation in a
society of agents. We adopt the benchmark setting of the Iterated Prisoner’s Dilemma (IPD,
[1]) and we implement attraction as a mechanism that changes the usual agent’s behavior
(strategy). More specifically, an agent follows its regular strategy unless it faces an attractive
agent. In the latter case, she becomes unconditionally cooperative. This implementation of
attraction makes sense in a diverse or noisy environment where many agents differing in
behavior coexist and the outcomes of agent actions may be distorted by the environment.
We perform our experiments as tournaments in populations of agents using one or more of
the extreme “irrational” models ALLC (allways cooperate), ALLD and the “rational” models
TFT (Tit-For-Tat) and Adaptive TFT. Occasionally we use other irrational models as well. We
find that in populations of 20 to 40 agents with an attraction factor from 5 to 20 (the number of
other agents that an agent is attracted by) the average agent score indeed rises. The rise is more
significant in the case of irrational agents, and reaches its maximum for the ALLD. These
results should be expected because normally irrational agents achieve low scores and especially
in front of the rational ones who retaliate consistently.
We have experimented with the type of attraction pairing by studying three variants: the
average pairing (where on average every agent is attracted by N others), the exact pairing
(where each agent is attracted by exactly N others) and the random pairing (where, unlike the
two previous cases, the attraction relations are not necessarily reciprocal). We found that the
latter type is the most performant, owing to its potential to drag rational but not-attracted
opponents to cooperation with an attracted, even if irrational, agent. The improvement also
increases with the attraction factor. In sum, all social variants that induce more interactions
between agents with non-reciprocal attraction relations, are bound to lead to a better social
average. Final experiments have been with extreme agents, namely, a “Don Juan” agent that is
attracted by all others, and a “Sex Symbol” to whom all others are attracted. Very often, the
introduction of a single extreme agent in a society with no other attraction relations may lead to
the same result as a regular society with attraction (but without the extreme agent).
Our results suggest that often social systems with economic relations (exemplified by the
IPD benchmark) can be performant and stable with the aid of external relations that act
psychologically, such as attraction, despite apparent inconsistencies or irrationalities in
individual agents behavior. Accordingly, we can sometimes manage some economic systems
by manipulating an external social condition that interferes with normal economic behavior.
Keywords: Cooperation, Iterated Prisoner’s Dilemma (IPD), Rationality, Attraction, Don
Juan, Sex Symbol, Groups.
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