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Abstract
This dissertation investigates causal relationships leading
to emergence in agent-based models of human behaviour.
A new method based on nonlinear structural causality is
formulated and applied to a model of human behaviour
from project EUSAS for European Defence Agency EDA.
The method is based on the concept of a causal partition
of a model variable which quantifies the contribution of
various factors to its numerical value. Quantifying and
separating their effects makes it possible to judge their
relative importance in crucial early periods during which
the emergent behaviour begins to form. Moreover, causal
partitions can be used as the predictors of emergence: the
time evolution of the predictive accuracy of their components hints at the deeper causes of emergence and at the
possibilities to bring it under control.

Categories and Subject Descriptors
I.2.11 [Artificial Intelligence]: Distributed Artificial
Intelligence—Intelligent agents, Multiagent systems; I.6.6
[Simulation and Modeling]: Simulation Output Analysis

Keywords
human behaviour modelling, agent-based models, multiagent simulation, emergence, causal analysis, data mining
and machine learning

1.

Introduction

The recent European Agent Technology Roadmap [15]
views agent-based computing as “one of the most vibrant
and important areas of research and development” in IT.
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The Roadmap considers agent technologies from three
perspectives: (a) agents as design metaphor; (b) agents
as a source of technologies; and (c) agents as simulation.
This dissertation is concerned mainly with the third perspective in which agents figure as natural models for many
complex real-world phenomena. In particular, their ability to generate surprising emergent behaviours from simple rules governing individual agents has made them an
attractive modelling tool for social sciences. Yet the underlying causes and the actual processes by which the
emergent behaviours arise have often remained a mystery. The Roadmap states that “understanding the mechanisms that can be used to model, assess and engineer
self-organisation and emergence in multi-agent systems is
an issue of major interest.” In a similar vein, a UK governmental report [3] declares that the “difficulty in forming rigorous causal characterisations of the aggregate behaviour of a complex system (rather than the absence of
regularity or predictability in this aggregate behaviour)
. . . is the more legitimate barrier to adopting complexsystems approaches in an ICT engineering context.” This
dissertation is an attempt to contribute towards the discovery and exploration of causal relationships leading to
emergence in agent-based models of human behaviour.
This goal has been realised in three steps. First, a generic
agent architecture has been designed for easy incorporation and exploration of various models of human nature
and behaviour. Second, a new analytical method was proposed on the basis of the theory of nonlinear structural
causality, which is a nonlinear and nonparametric form
of Structural Equation Modelling – SEM. Third, the new
method was demonstrated through an exemplary application to the simulation data from experiments conducted
in the proposed agent architecture.
As a result, the dissertation spans four large fields: (a)
human behaviour modelling; (b) agent-based simulations;
(c) nonlinear structural causality; and (d) data mining
and machine learning. The first has provided the investigated model, the second various technologies for its
software implementation and simulation, the third general analytical principles, and the fourth the means for
applying those analytical principles to large amounts of
computer-generated simulation data. Each of these four
fields is large enough to merit a dedicated dissertation of
its own. In order to keep the dissertation manageable, it
was therefore necessary to restrict the attention only to
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the most relevant aspects of each field. The focus was provided by the needs and requirements of project EUSAS
(“European Urban Simulation for Asymmetric Scenarios”)
for European Defence Agency EDA, in the context of
which a major part of this dissertation was realised. The
project dealt with asymmetric security threats in which
security forces face rioting crowds, insurgents or terrorists
rather than regular military forces [9]. Its main goal was
to build a virtual training environment for security forces
in which real people (security forces) would interact with
simulated characters (civilians) in a highly realistic 3-D
cyber environment in real time.
The rest of this article is organised as follows. Section 2
briefly reviews the four areas relevant for the dissertation,
and section 3 lists the main thesis objectives. Section 4
describes the investigated model from project EUSAS and
the simulation scenario that served as the motivating usecase of the dissertation. It also briefly introduces the design of a generic agent architecture for human behaviour
models as a contribution toward the fulfilment of the first
thesis objective. Section 5 then introduces the concept of
a causal partition, section 6 provides a generalized version of causal partitioning, and section 7 summarises the
results achieved by the application of causal partitioning
to the investigated model. Finally, section 8 characterises
the main scientific contribution of this dissertation and
outlines ideas for further research.

2.

State of the Art

2.1

1

Since MASON was not geared specifically towards modelling human behaviour, the PECS reference model [30,
25] was chosen for the purpose. According to [25], “PECS
is a multi-purpose reference model for the simulation of
human behaviour in a social environment.” The “PECS”
acronym stands for P hysical conditions, E motional state,
C ognitive capabilities and S ocial status – the four kinds
of internal factors that need to be modelled in order to
achieve realistic agent behaviour. At the same time, the
PECS model only provides these four empty slots without specifying the factors to be modelled or the level of
modelling detail: these decisions are left to the modeller
as they depend on the task at hand. The PECS simply
requires that these factors be modelled as state variables
with associated state transition functions conforming to
general systems theory.

Human Behaviour Modelling

In the relevant subfield of human behaviour modelling for
security and military applications, the focus is often on
modelling the military combatants and higher-level military units [22]. Project EUSAS on the other hand focused on modelling the non-military participants – civilians in their various roles as rioters, insurgents or casual
bystanders – and the emergence of collective aggression on
the civilian side. Collective aggression means the instrumental use of violence by people who identify themselves
as members of a group against another group or set of individuals, in order to achieve political, economic or social
objectives [28]. Metzger [16] notes that collective violence
should not be equated with the aggregation of individual
aggressive behaviours. Individual aggression mostly targets an individual person, whereas collective aggression
targets another collective. According to Nolting [17], individual violence is self-motivated, i.e. the individual decides and acts on his own. By contrast, collective violence
is mostly caused by external motivations (e.g. obeying
commands or following role models) and compunction is
often reduced because of anonymity, distribution of responsibility and group ideology. Moreover, “the activities
of most functioning groups are not determined by the motivations of each member in equal proportion to the others
in his group” [2]. This implies that individual and collective violence need to be distinguished. Based on these
observations, a socio-psychological model for the emergence of collective aggression was developed for project
EUSAS by a team from Cassidian (now Airbus Defence
& Space)1 . This model underlies the motivating use case
of this dissertation and is presented in detail in section 4.

2.2

The choice of a suitable agent-based simulation platform
for project EUSAS was a two-step process. The first phase
consisted of perusing existing surveys, such as [5, 1, 24],
and short listing the most promising candidates. In the
second phase, the short listed candidates were evaluated
in depth through the implementation of a simplified exemplary scenario. Simulation platforms mentioned in the
surveys included NetLogo, MASON, Repast, Swarm and
Java Swarm. Out of these, NetLogo and MASON were
shortlisted for an in-depth evaluation by implementation.
Based on the exemplary implementation, MASON2 – a
Java-based open-source simulation library – was selected
as the most suitable agent-based platform for project EUSAS.

Agent-Based Simulation Platforms

http://airbusdefenceandspace.com/

The “canonical” internal structure of PECS agents is shown
in Figure 1. Black arrows represent causal dependencies,
red arrows the actual flow of information. Following general systems theory, PECS agents are structured into input, internal state and output. Sensor and Perception
components receive and pre-process the information from
the environment, so they represent input. The middle
four components (Social Status, Cognition, Emotion and
Physis) together represent the internal state of the agent.
Each of them has its own internal state variables (Z) along
with their state transition functions (F). Cognition component additionally includes goals (G), action plans (P)
and thinking functions. Behaviour and Actor components
represent output: the first determines the actions to be
executed, the second executes them.

Figure 1: Structure of a PECS Agent (reproduced
from [25])
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The PECS also requires that some state variables produce
or act as motives, i.e. forces that drive agents to action.
A good example is the level of physical energy (a state
variable in the “physical conditions” slot) and hunger –
a motive driving us to search for food and replenish the
energy. In the PECS model the motives compete for control over the behaviour of the agent: the strongest wins
and becomes action-guiding. The motives thus need to be
mutually comparable, which is typically achieved by normalizing and restricting their values to the closed interval
[0, 1].
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by external intervention without affecting the remaining
ones [21]. A set of such equations is called a “structural
model.” If, in addition, each variable (apart from the
error terms uk ) has a distinct equation in which it appears
on the left-hand side, then the model is called a “causal
model.”
In order to illustrate the concept of a structural equation,
let us consider two simple electrical circuits shown in Figure 2. Both include a variable resistor connected to an
ideal source of (a) voltage or (b) current.

Agent behaviours are conceptualized in PECS as sequences
of atomic, uninterruptible elementary actions, e.g. one
step in a certain direction or one stone-throw. When a
new motive becomes action-guiding, it only takes effect
after the current elementary action is completed: the current behaviour pattern is then cancelled and a new one
activated.

2.3

Causal Analysis

This dissertation deals mainly with practical aspects of
causality, such as the relationship between causality and
manipulability [32] or between causality and scientific explanation [33]. The focus is on computational approaches
to causality surveyed for example in [26]. Although there
exist several competing accounts of causation, a prominent place among them belongs to the comprehensive nonlinear structural approach formulated by Judea Pearl and
others [20, 6, 7], which subsumes and unifies the probabilistic, manipulative, counterfactual, and other specialized approaches. Its comprehensiveness makes it particularly suitable for the purposes of this dissertation. This
section broadly follows Pearl’s account from [20, 18, 19].
The structural approach to causality is usually termed
structural equation modelling (SEM). It first appeared in
1921 in the work of American geneticist Sewall Wright and
was further developed by Trygve Haavelmo and Tjalling
Koopmans in the 1940s and 1950s. These early structural
models were linear.
The extension of structural approach from linear to nonlinear systems was primarily due to Judea Pearl and his
collaborators. In his seminal book on structural causality [20], Pearl considers a very general system described
by the structural equations of the form

xk = fk (pak , uk ),

k = 1 . . . n,

(1)

where pak stands for the set of the parent variables of xk ,
uk for the errors (or disturbances) due to omitted factors,
and fk for an unspecified nonlinear function encoding the
real or hypothesised causal mechanism determining the
value of xk . Pearl and his collaborators used the language and formalism of directed acyclic graphs (DAGs)
to establish a number of strong results for such systems
without any need to restrict the form of fk . As a result,
this approach is not simply nonlinear, but also nonparametric in the sense that we do not need to estimate any
hypothesised internal coefficients of fk .
As in the linear case, the causal mechanisms encoded in
fk (and, in consequence, the equations as well) should
be autonomous so that any of them could be changed

Figure 2: Two simple electrical circuits

The relationship between the current I passing through
the resistor and the voltage U on its terminals depends
on its resistance R and conforms to the Ohm’s law, which
can be expressed in many nearly equivalent ways:

I · R = U;

U/I = R;

I = U/R;

R = U/I.

From the algebraic point of view all these formulations are
permissible and any of them could be said to apply to both
circuits. Structural causal theory, by adding extra rules
governing the form of equations, manages to encode in
them additional information about the flow of causality.
Essentially, it treats the equality sign as an assignment
operator in programming languages. Thus, on the lefthand side of a structural equation there can be only one
variable. Moreover, this variable has to be genuinely “dependent” on the right-hand side, which is meant to capture the causal mechanism determining (or “assigning”)
its value in the system under investigation. Interpreted
in this way, each of the two circuits can be represented
by just one form of the Ohm’s law. In order to identify
the correct “structural” forms, we need to contemplate
the effect of an “intervention” by an experimenter: what
would happen if he or she changed the value of the resistor
from r0 to r1 ? We can immediately see that for (a) it is
the current that would change, while for (b) it is voltage.
Thus the structural equations describing the circuits are
(a) I = U/R and (b) U = I · R.
Let us now consider a slightly modified version of Figure 2(b): instead of an ideal current source we might have
a photovoltaic cell producing current dependent on the
intensity of light (E), and our resistor might be a thermistor whose resistance depends on temperature (T ). A
simplified structural model of such a circuit might look as
follows:
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I = g(E)
R = h(T )

(2a)
(2b)

U =I ·R

(2c)

where g, h are unspecified nonlinear functions. By including only these equations in the model we stipulate
that there are no other significant dependencies among
the model variables, at least in the space of parameter
values under consideration. It is not our intention to defend this model as realistic; it serves merely to illustrate
the principles of structural causality and our new method
of causal partitions.
The variables that occur on the left-hand side of structural equations are called endogenous, i.e. determined by
the model. In our example, these are {I, R, U }. The remaining variables {E, T } are exogenous: in their case we
are not interested in modelling the mechanisms that set
their values and simply consider their values as given.
The value assignment to the exogenous variables, e.g.
(E = e1 , T = τ1 ), is called the background or context
in which we try to solve the model equations.
In structural theory, causation is interpreted as a relation
between events. A primitive event is defined as a model
variable assuming a value from its permitted range, e.g.
R = r1 [6]. More complex events can be expressed as
Boolean combinations of primitive events. We normally
speak of an event when something happens as a consequence of model equations, e.g. in our case the event
R = r1 would imply that the temperature T assumed a
value τ1 such that h(τ1 ) evaluated to r1 . Causal thinking
also requires a special kind of event called intervention
(sometimes also action): this is when we intervene from
“outside” and impose the value assignment R = r1 regardless of the temperature or the causal mechanism h(T ), e.g.
by replacing the thermistor with a normal resistor whose
resistance equals r1 . An intervention means that we wipe
out the affected structural equation from the model and
replace it with another (typically a straightforward value
substitution). The solution of this modified system of
equations represents the response of the model to the intervention. In our case, equation (2b) would be replaced
with R = r1 , giving the model response U = g(e1 ) · r1 .
Structural approach to causality enables us to inquire
whether one event (X = x) is a cause of another (Y = y)
in a given context C = c. Unfortunately, for causal models with real-valued variables, it will typically lead to the
conclusion that each event X = x is a cause of the event
Y = y, so long as (a) X is a parent variable of Y (i.e. X
occurs on the right-hand side of the structural equation
which has Y on the left-hand side), and (b) X = x was
observed in the system alongside Y = y. And while such
an answer may be formally correct, it is not really helpful
for understanding the dynamic behaviour of the modelled
system. A key contribution of this dissertation is the way
to extract additional meaningful information from such
models through causal partitioning of its model variables,
which we introduce in section 5.

2.4

Data Mining and Machine Learning

In this dissertation, data mining and machine learning
are used as auxiliary techniques in order to determine the

predictive accuracy of causal partitions with respect to
the investigated phenomena. Drawing on [31], we recapitulate here their salient aspects.
Data mining can be viewed as the extraction of information from raw data, i.e. of regularities or patterns from
recorded facts. Machine learning is the technical basis
of data mining – the algorithms used to extract information and to express it comprehensibly. Machine learning
tries to infer the structure underlying the raw data – in
other words, to perform abstraction or generalization. It
can be characterised as the acquisition of structural descriptions from examples. These structural descriptions
support not only prediction of future data but also explanation and understanding of the existing data from which
the description was derived.
The input to the machine learner typically takes the form
of a set of examples or instances. Each instance usually belongs to one, and only one, class. Instances are
characterized by the values of attributes (features) that
measure their different aspects. There are many different
types of attributes, although typical data mining schemes
deal only with numeric and nominal (also called “categorical”) ones. When the measured attributes are too low
level, they may be augmented by intermediate concepts
(i.e. functions of basic attributes) which are defined in
consultation with experts and embody some causal domain knowledge.
In general, there are four types of machine learning. In
classification learning, the learning scheme is presented
with a set of classified examples from which it is expected
to learn a way of classifying unseen examples. In association learning, any association among features is sought,
not just ones that predict a particular class value. In
clustering, groups of examples that belong together are
sought. In numeric prediction, the outcome to be predicted is not a discrete class but a numeric quantity. Regardless of the type of learning involved, we call the thing
to be learned the concept and the output produced by
a learning scheme the concept description. Concept descriptions have to be intelligible so that they can be understood, discussed, and disputed, and operational so that
they can be applied to actual examples.
Considering the very specific and limited role that data
mining and machine learning play in this dissertation, we
briefly characterise below only the most relevant groups
of machine learning methods.

2.4.1

Linear models

A linear model is a simple style of representation applicable when both the output and the input attributes are
numeric: its output is a weighted sum of the attribute
values and the trick is to come up with good values for
the weights. Linear models are easiest to visualize in
two dimensions, where they are tantamount to drawing
a straight line through a set of data points.
Linear models can also be applied to binary classification problems. In this case, the line produced by the
model separates the two classes: It defines where the decision changes from one class value to the other. Such a
line is often referred to as the decision boundary. This
model can be extended to multiple attributes, in which
case the boundary becomes a high-dimensional plane, or
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“hyperplane,” in the instance space. Examples of linear
classifiers include perceptrons (precursors to modern neural networks), logistic regression, and support vector machines (SVM).
In this dissertation, SVM with SMO (sequential minimal
optimization) was used to gauge the predictive accuracy
of causal partition components. SVM tries to maximize
the margin between the decision boundary and the closest
instances of both classes as shown in Figure 3. These
closest instances are called support vectors.
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into just a few clusters, each of which divides into its own
subcluster at the next level down, and so on. Clustering
is often followed by a stage in which a decision tree or rule
set is inferred that allocates each instance to the cluster
in which it belongs. Then, the clustering operation is just
one step on the way to a structural description.
In this dissertation, clustering is used as a prerequisite
for classification. In the early stages the Weka’s simple
k-means clusterer was used. Later experiments relied on
the Weka’s hierarchical clusterer.

3.

Thesis Objectives

In line with the main goal of this dissertation, the following detailed thesis objectives were set:

1. Design a generic agent architecture enabling easy
incorporation and exploration of various models of
human nature and behaviour;
2. Analyse the limitations of the standard approach to
structural causal analysis from the point of view of
simulation studies;
3. Propose a new method based on structural causal
analysis that overcomes these limitations and can
assist in the discovery of causal relationships leading to emergence in agent-based models of human
behaviour;

Figure 3: A maximum-margin hyperplane separating two classes in two dimensions illustrates
the principle of support vector machines (SVM).
(Reproduced from [31])

2.4.2

4. Implement the algorithmic elements of the proposed
method at the level of “proof of concept”;

Trees

When the classes in question are not linearly separable,
more powerful methods are needed. One of them, based
on a “divide-and-conquer” approach, is a decision tree.
Its internal nodes involve testing a particular attribute
against a constant. (In two dimensions this amounts to
splitting the data vertically or horizontally). Leaf nodes
then give a classification that applies to all instances that
reach the leaf. To classify an unknown instance, it is
routed down the tree according to the values of the attributes tested in successive nodes, and when a leaf is
reached the instance is classified according to the class
assigned to the leaf.

5. Apply the method to simulation data and validate
the results.

These objectives were realised in the context of project
EUSAS. As a result, the dissertation analyses the agentbased model used in project EUSAS and investigates its
surprising emergent behaviour in one of the project’s scenarios, which became a motivating use-case for the dissertation. Both the model and the scenario are described
in more detail in the next section.

4.
The same kind of tree can be used to predict numeric
quantities. In that case, each leaf might contain a numeric
value that is the average of all the training set values to
which the leaf applies. Such trees are called regression
trees. A regression tree whose leaf nodes contain linear
models is called a model tree. A model tree with oblique
splits (a result of testing linear combinations of attributes
against a constant in its internal nodes) is called a functional tree.
The results obtained in this dissertation through SVM
classifiers were independently validated in [8, 13] by C4.5
decision trees and M5P model trees.

2.4.3

Clusters

When a clusterer rather than a classifier is learned, the
output takes the form of a diagram that shows how the
instances fall into clusters. In the simplest case this involves associating a cluster number with each instance.
Some algorithms produce a hierarchical structure of clusters so that at the top level the instance space divides

The Model and the Scenario

In this scenario, which was inspired by the peacekeeping
ISAF mission in Afghanistan, a crowd of civilians is looting a shop and an approaching security patrol is supposed
to stop the looting and disperse the crowd. The scene is
depicted in Figure 4. The black areas represent buildings
and barriers unreachable to agents. The rectangle with
gray interior near the top is the looted shop. It is surrounded by dots, each representing one agent. The dark
ones are the looters; the white ones are aggressive individuals whose intention is to attack the soldiers. In the
scenario there are 40 looters and 15 aggressive individuals.
The security patrol is represented by the three medium
gray dots in the bottom part of the figure.
Civilian agents are endowed with one “default” motive and
a matching behaviour by which they try to satisfy it. For
looters this leads to looting and for the violence-prone individuals to stone-pelting the soldiers. The agents also
monitor their surroundings. As the patrol approaches,
this may induce fear in some looters who then start leaving the scene. The violence-prone individuals, however,
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Figure 5: Key factors affecting the behaviour of
civilian agents
Figure 4: Initial setting of the simulation scenario
do not get afraid but rather attack the patrol. The violence may impact the remaining looters in two possible
ways – they may either get afraid and leave, or get angry
and join the attack. The ratio of looters who get afraid
to those who get angry depends on their motivational dynamics, which we explain next.
A simplified diagram of the key factors affecting the behaviour of our civilian agents is shown in Figure 5. The
model draws primarily on Berkowitz [2], Prentice-Dunn et
al. [23], Staub [27] and Cañamero [4]. The main ideas and
processes underlying the model were developed by Airbus
Defence and Space (former EADS Deutschland GmbH)3
in collaboration with the Department of Social Psychology of the University of Zurich and the chair for Operations Research at the University of Passau on behalf of
the German Bundeswehr.
As depicted in Figure 5 (starting from the top left corner), the number of people surrounding the agent, their
actions and other events in the vicinity affect the agent’s
emotional motives (fear, anger) and other internal variables (arousal, readiness for aggression). Besides events
and actions, there is also a direct social influence of other
agents on the agent’s fear and anger. This was modelled
according to Latané’s formula of strength, physical proximity and the number of influencing agents [14].
Speaking qualitatively, the agent’s internal arousal depends on the number of people in the vicinity and their
violence: the higher the number and the more violent they
are, the sharper the increase of the agent’s arousal. Deindividuation means the agent considers himself a part
of the crowd and no longer a separate individual: the
higher the agent’s arousal and the cohesion of his group,
the higher the de-individuation. Readiness for aggression
(RFA) is jointly affected by the norms for anti-aggression,
de-individuation and external events as follows: (a) the
3

http://airbusdefenceandspace.com/

higher the norms for anti-aggression, the lower the RFA;
(b) the higher the de-individuation, the higher the RFA;
and (c) the more violent actions are witnessed, the higher
the RFA. The form of the agent’s eventual aggression depends primarily on the RFA. In our scenario, the initial
value of RFA was set to a level guaranteeing that civilians
would resort to stone-pelting the soldiers whenever they
became aggressive.
Our model includes four state variables that act directly
as motives: fear, anger, looting motive (present only in
looters) and will to attack (present only in violence-prone
civilians). These compete for control over the behaviour
of the agent: the strongest wins and becomes actionguiding. Unlike fear and anger, which were endowed with
complex dynamics described below, the looting motive
and will to attack were both set to constant values which
fear and anger had to cross in order to affect the agents’
behaviour.
Each motive, when it becomes action-guiding, pre-selects
a group of behaviours that can satisfy it. In our model,
for example, there are three “fearful” behaviours: withdrawal (walking away), flight (running away) and panic
flight (running away at extra speed with sensory perception blocked). Which of them is triggered when fear becomes action-guiding depends on a secondary selection
criterion, in this case the actual intensity of fear. This
criterion can be arbitrary, e.g. while anger pre-selects
a group of aggressive behaviours, the final choice of the
form of aggression depends on the readiness for aggression (RFA). As we have already mentioned, we set RFA
so that aggressive civilians would always resort to stonepelting the soldiers.
As for the dynamics of the simulated emotions fear and
anger, they comprise a continuous part and a discrete
part. The continuous dynamics of fear (F) is driven by
the differential equation

dF
= c1F · F · (c2F − F ) · (c3F + IF )
dt

(3)
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Figure 6: Internal structure of civilian agents for project EUSAS (implementation view)
where c1F , c2F , c3F are fear-related constants (see Table 1)
and IF fear-related social influence of nearby agents. Analogously, the continuous dynamics of anger (A) is driven
by the equation

dA
= c1A · A · (c2A − A) · (IA + L − c3A )
dt

Social influence IV of nearby agents on a motive variable
V (where V stands either for fear F or anger A) of an
observing agent j is defined by the following sum:

X  (Vk − Vj ) · prestigek · sympathyjk 
k6=j

distancejk

Value
5

c2F

1.1

c3F

0.1

c4F

12.5

c5F

1

c1A

2

c2A

1.1

c3A
c4A

0.3
12.5

c5A

1

(4)

where c1A , c2A , c3A are anger-related constants (see Table 1), IA anger-related social influence of nearby agents
and L the model variable arousal.

IV = c4V ·

Table 1: Fear- and Anger-related constants
Name
c1F

(5)

Here, the summation is over those agents (indexed by the
subscript k) who are not farther away from agent j than a
certain social influence radius (set to 100 metres for both
fear and anger ), and in whom the motive V happens to be
action-guiding at the moment of evaluation. Each agent
is assigned a constant social rank prestigek which modulates its influence on others: group leaders enjoy higher
prestige than ordinary members, and thus influence the
others more. Analogously, there are constant sympathies
assigned between groups: sympathyjk captures the sympathy of agent j’s group towards agent k’s group, and is
interpreted here as the susceptibility of the former to the
influence of the latter. Finally, distancejk is the physical
distance between the two agents. In the original model,

Interpretation
Sensitivity of the first derivative of fear
dF/dt.
Maximum value of fear F at which
dF/dt becomes zero.
Inbuilt tendency of fear to increase – a
composite constant defined as the difference between the effect of the expected negative consequences and the
agent’s resilience to fear.
Sensitivity to fear-related social influence of other agents.
Sensitivity to fear-inducing events (see
Table 2).
Sensitivity of the first derivative of
anger dA/dt.
Maximum value of anger A at which
dA/dt becomes zero.
Resilience to anger.
Sensitivity to anger-related social influence of other agents.
Sensitivity to anger-inducing events
(see Table 2).

variables and many constants were expressed in the percentage scale [0, 100]. For the sake of simplicity, in this
paper we have converted them into the ratio scale [0, 1]
(see Table 1).
During the simulation, differential equations (3) and (4)
for each agent are solved numerically by the Euler method
with a constant (but user-definable) time step ∆t. Resorting to numerical method enabled us to ignore the specific
form of the equations’ right-hand side and consider the
general case

8

Kvassay, M.: A Contribution Towards the Discovery of Causal Relationships in Agent-Based Models of ...

Table 2: Main event impacts on Fear and Anger
Event
Effective shot
Warning shot
Stone thrown

Impact
Direct
0.4
0.3
0.002

on Fear
Indirect
0.35
0.3
0.002

Impact
Direct
0.1
0.1
0.18

on Anger
Indirect
0.25
0.1
0.15

dF
= f (F, IF )
dt
dA
= h(A, IA , L)
dt

(6a)

Numerical solution of this model by iterating through
equations (7) and (8) can give us a complete and detailed time-evolution of simulated fear and anger of civilian agents. Our present goal, however, is more ambitious. In the case of fear, for example, we want to know
what portion of its actual value at any time should be
attributed to the social influence of nearby agents (variable IF in equation (7a)) as opposed to the direct impact
of external events (variable ∆EF in equation (8a)). We
tackle this question in the sections that follow.

(6b)

where f, h are bounded (but not necessarily continuous)
nonlinear functions. The Euler method approximates the
new values of fear F (t + ∆t) and anger A(t + ∆t) on the
basis of the current ones F (t), A(t):

F (t + ∆t) ≈ F (t) + ∆t · f (F (t), IF (t))
A(t + ∆t) ≈ A(t) + ∆t · h(A(t), IA (t), L(t))

our agents decreased with expended effort and sustained
injuries, they slowed down and their actions took longer.

(7a)
(7b)

After calculating these new “continuous” values, discrete
dynamics come into play: the cumulative effects of the
perceived external events on fear (∆EF ) and anger (∆EA )
are added in order to obtain the new “total” values:

FT (t + ∆t) = F (t + ∆t) + c5F · ∆EF

(8a)

AT (t + ∆t) = A(t + ∆t) + c5A · ∆EA

(8b)

In the next iteration the new total values of fear FT and
anger AT will be used as initial conditions in the numerical solution of the differential equations representing
their continuous dynamics. This sequential coupling of
the continuous and the discrete dynamics qualifies our
agent models as sequential hybrid in the sense of Swinerd
and McNaught [29].
The constants c5F , c5A (see Table 1) capture the agent’s
individual sensitivity, while ∆EF and ∆EA are the sums
of the emotion-inducing impacts as per Table 2 for all the
events perceived by the agent during the time interval
(t, t + ∆t). The “direct” values from Table 2 are used
when the perceiving agent is within 20% of the maximum
perception distance. When the agent is farther away than
40% of this maximum distance, the “indirect” values are
used. In the intermediate zone (from 20% to 40%), a
weighted average is used, sliding down linearly from the
direct value towards the indirect one. Sensory perception
of the agents is limited by a radius of 50 m for events like
throwing stones and 150 m for gun shots.
Besides the constants in Table 1 and the event impacts in
Table 2, emotional dynamics is greatly influenced by the
initial values of fear F0 and anger A0 . In our scenario,
these were set to F0 = 0.3 and A0 = 0.2. Additionally, our
agents underwent the moderating influence of emotions
and fatigue: when the average of fear F and anger A
(termed in our model the emotional moderator ) crossed
the level of 0.5, further sensory perception of external
events was blocked. Moreover, as the physical energy of

In contrast to our civilian agents, the soldier patrol characters were intended primarily as avatars to be controlled
by real people in a high-fidelity 3D cyber-environment
of a commercial battlefield simulator VBS24 . In consequence, our soldier agents were not defined at the same
level of detail as the civilian ones. In our scenario, for
example, they are just passing by and act in self-defence.
Their rules of self-defence say that when a given civilian
first throws a stone at a particular soldier, that soldier
responds by a warning shot in the air. If the same civilian throws a stone at the same soldier a second time, that
soldier is permitted to use an effective shot aimed at the
legs of the attacker in order to immobilize him. That is,
of course, an extreme simplification, but it proved useful
in the early phases of project EUSAS for calibrating the
civilian agents.
While experimenting with this model in this scenario, we
noticed that for the parameter setting listed above, the
emergent collective behaviour of the civilians seemed to
bifurcate along two different trajectories. In some cases,
almost all the looters got afraid and left the scene, while
in others almost all got angry and joined the attack. Because our model incorporated an element of randomness,
some variation in its behaviour was expected, but the extreme variation we witnessed was unusual and called for
an explanation. This spurred our search for analytical
methods that could unravel causal chains and dependencies in complex systems of this kind. The method of causal
partitions presented below is the result.

5.

The Concept of a Causal Partition

We shall illustrate the concept of a causal partition on
the same electrical circuit that was used in subsection 2.3
to elucidate the concept of a structural equation. Let
us again consider a variation of Figure 2(b) with a photovoltaic cell and a thermistor described by structural equations (2). As mentioned there, the application of the classical structural causal theory to the variable U (voltage)
in this circuit leads to the correct but rather unilluminating conclusion that its actual value was caused by the
values of its parent variables I and R on the right-hand
side of its structural equation (2c). This problem of the
triviality of results occurs as a side-effect of working with
real-valued model variables.
In our previous work [11] we suggested how to extend
the structural approach in order to cope with real-valued
variables. Instead of asking, “What is the cause?” we
proposed to ask a modified question: “In what proportion
4
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have all the causes contributed to the effect?” Continuing with the example, we should try to determine the
proportion in which the change of U from some previous level u0 to the present one u1 could be attributed to
(or split among) its parent variables I and R. Let us assume that U = u0 was observed at time t0 together with
I = i0 , R = r0 in the context C = c0 = (E = e0 , T = τ0 ).
For the sake of simplicity, let us further assume that our
two observations were so close in time that the state-space
trajectory of the system between them can be considered
linear. In such a case we can approximate the change of
U by a scalar product of two vectors. The first is the
gradient of U along its parent variables according to its
structural equation (2c). The second is the vector form
of the change in these parent variables between the two
observations (contexts C = c0 and C = c1 ):

∆U ≈ grad(U ) · (∆I, ∆R)


∂U ∂U
,
· (∆I, ∆R)
≈
∂I ∂R
∂U
∂U
≈
· ∆I +
· ∆R
∂I
∂R

j=1

∆U

≈

m
X



+

∆I

j=1

m
X
j=1

UR

=

m
X
j=1

∆I

(j)

∂U
·
∂I

∆R(j) ·

∂U
∂R

!
I=Iˆ(j)
R=R̂(j)

!
I=Iˆ(j)
R=R̂(j)

Note that in this example the contribution of the initial
value u0 remained constant throughout the trajectory, i.e.
(j)
UU 0 = u0 , j = 1 . . . m. In general, however, this contribution can vary.

(9c)

6.

Summary and Generalization of the Method
of Causal Partitioning

The concept of a causal partition introduced above on a
simple electrical circuit can be generalized. This leads
to a generalized method of causal partitioning applicable
to systems modelled by structural equations whose righthand sides are differentiable with respect to their parent
variables.

Causal partitions and their components. A causal partition of a model variable Y is a vector-like structure
(YC1 , YC2 . . . YCn ) whose components sum up to Y and
where each component YCi represents the portion of the
value of Y attributed to one specific causal factor Ci . In
this way it is possible to quantify the extent to which various factors can be considered “responsible” for the value
of Y at a given time and in a given simulation scenario.
In order to cover the general case, let us consider a model
variable Y driven by the structural equation



j=1
m
X

=

u0 ,

(9b)

Suppose that we trace further evolution of U at times
t2 . . . tm as it assumes new values u2 . . . um along some
trajectory representing our observational study or experiment. Expressing each of these changes of U as per (9c)
and summing up the contributions of I separately from
those of R, we obtain a general formula quantifying the
total contribution of each causal factor (parent variable)
along an arbitrary trajectory (implicitly approximated
here by a piecewise linear curve):

(j)

UI

=

(9a)

Equation (9c) can be interpreted as a general “recipe” for
quantifying the responsibility of the parent variables I, R
for the change of their dependent variable U : the first
summand on the right-hand side (∆I · ∂U/∂I) captures
the contribution of I, the second one (∆R · ∂U/∂R) that
of R.

m
X

UU 0

9

(j)

∂U
·
∂I

I=Iˆ(j)
R=R̂(j)


∆R

Y = f (Xk , k = 1 . . . n),




(j)

∂U
·
∂R

I=Iˆ(j)
R=R̂(j)

(11)

(10)



The above formula uses superscript indexing where X (j)
denotes the value of the variable X at time tj , and ∆X (j)
its backward difference: ∆X (j) = X (j) − X (j−1) . Partial
derivatives are evaluated at midpoint (Iˆ(j) , R̂(j) ) of each
linear segment of the trajectory, so Iˆ(j) = 0.5 · (I (j) +
I (j−1) ) and R̂(j) = 0.5 · (R(j) + R(j−1) ).
In order to keep the total contribution of each causal factor separate, we proposed a new, vector-like representation of model variables termed a causal partition. Thus
the variable U at the end of our observational study would
be represented by the causal partition vector (UU 0 , UI , UR )
where

where {Xk , k = 1 . . . n} are the parent variables of Y and
fk is an unspecified nonlinear function differentiable with
respect to all these parent variables. Let us further assume that Y starts from the initial value Y = y0 and
proceeds through Y = yj , j = 1 . . . m. (This means
that the potentially arbitrary trajectory along which Y
moves is implicitly approximated here by a piecewise linear curve.) The causal partition vector of Y at the end of
this trajectory (Y = ym ) is then expressed as the structure

(YY 0 , YX1 , YX2 . . . YXn ),

(12)

where each partition component YXk stands for the total contribution of the corresponding parent variable Xk
along this trajectory and is calculated as

10
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YXk =

m
X

∆X (j) · ∂Y
k

∂Xk
j=1

(j)

(j)




X1 =X̂1 
···
(j)
Xn =X̂n


=

to go beyond this basic form of partitioning in order
to gain more information, improve interpretability,
remove redundant parent variables, or factor in dependencies among them.





m
X

∆X (j) · ∂f
k

∂Xk
j=1

(j)

These more advanced forms of causal partitioning
were demonstrated on the simulated emotion of fear
F in chapter 5 of the dissertation, whose full text is
available online elsewhere in this ACM bulletin5 .

(13)




X1 =X̂1 
···
(j)
Xn =X̂n

3. Software implementation and data provision.
The algorithms for computing and logging the causal
partition components for the chosen model variables
have to be implemented in the simulator, and appropriate simulation experiments then need to be
defined and executed.

(j)

where (X̂1 . . . X̂n ) is the midpoint of the j-th linear
segment of the approximated trajectory.
The first partition component YY 0 has a special role: it
denotes the contribution of the initial setting Y = y0 to
the final value Y = ym . It makes the partition components sum up to the value of the represented variable,
which helps to interpret causal partitions:

ym = YY 0 +

n
X

(YXk )

4. Data analysis and hypothesis generation. Logs
of simulation runs deemed relevant for causal analysis need to be analysed by suitable machine learning techniques (clustering, classification, etc.) using partition components as predictors in order to
generate and test hypotheses about the causes and
developmental stages of the phenomena of interest.
This typically proceeds iteratively in conjunction
with the next step.

(14)

k=1

5. Hypothesis validation by confirmatory simulation experiments. In this phase we need to
go beyond statistical hypothesis testing by taking
advantage of the fact that simulation models are
fully observable and manipulable by setting their
initial conditions, parameters and, if necessary, by
the modification of their software implementation.
Thus we can ultimately prove or disprove our causal
hypotheses by directly manipulating the suspected
causes and observing the effects of our interventions
on the behaviour of the simulated system.

This approach implies that, at the beginning of the trajectory, Y is represented by the causal partition vector
(y0 , 0, 0 . . . 0).

Practical steps of causal partitioning. Let us assume
that we already have at our disposal the structural equations describing the system of interest, as well as their executable implementation in the form of a simulator. The
application of causal partitioning to such a system then
involves the following steps:

This step is required because high predictive accuracy of a given partition component does not by
itself guarantee that the causal factor behind it is
actually causing the phenomenon – it may be merely
associated with it. Additional validation activities
are needed – separate experiments manipulating the
suspected cause and confirming or disconfirming its
effect on the emergent phenomenon. In any case, the
best early predictors help us focus on the relevant
aspects of the system in search for its real causes
and generating processes.

1. Choice of model variables for partitioning. In
all but the most rudimentary cases it will be impractical to partition all the variables in the model.
The analyst should start with the variables directly
connected with the phenomenon of interest, and add
others as and when needed.
Regarding the agent-based model investigated in this
dissertation, the phenomenon of interest was the
surprising bifurcation of simulation trajectories along
either the timid or the aggressive path. Since the
timid behaviours were triggered by fear and the aggressive ones by anger, the model variables representing these two emotions were the obvious choices
for causal partitioning. As a matter of fact, the
analysis was successfully concluded without having
to partition any other model variable like arousal or
readiness for aggression.
2. Deriving formulas for individual partition components. In the ideal case, each model variable Y
chosen for causal partitioning will have a dedicated
structural equation in the model in which it appears
on the left-hand side, such as (11) above. The “basic version” of causal partitioning will then produce
one partition component for each parent variable on
the right-hand side of that equation, and each such
component can, in general, be calculated as per formula (13). In practice, however, it may be necessary

In conclusion it needs to be stressed that causal partitioning involves numerous heuristic elements. Its application
therefore does not automatically guarantee analytical success. Rather, it is meant as a set of guidelines that should
significantly improve our chances in this respect.

7.

Results of the Application of Causal Partitioning to the Investigated Model

Causal partitioning was applied to the model and the scenario from project EUSAS described in section 4. In this
scenario, for certain initial values of fear F0 and anger A0 ,
a surprising emergent phenomenon was observed: simulations starting from these initial values seemed to bifurcate
along two radically different paths. Along one branch, almost all the looters in the simulation became angry and
5
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Figure 8: Time-evolution of predictive accuracy
of selected predictors.
Predictor ALL incorporates all components of causal partitions of fear and anger, predictor MoE the three traditional MoE measures (numbers of stone-throws, warning
shots and effective shots), predictor Fec only the contribution of civilian actions to the value of fear, predictor
Fes only the contribution of security actions, and Fs only
the contribution of social influence of nearby agents.
Figure 7: Two global clusters of simulations in the
new set of experiments.
Each simulation is represented as a dot with coordinates
(A-count, F-count), where A-count says how many times
anger prevailed among its civilian agents and F-count how
many times fear prevailed. (Each simulation included a
total of 55 civilian agents, out of which 15 were aggressive.)

attacked the security patrol, while along the other nearly
all the looters became afraid and fled to safety. Such bifurcation is typical of complex systems whose behaviour
cannot be captured by a closed-form expression. The goal
of this investigation was to uncover the causes and the
stages of the observed bifurcation and, if possible, to suppress it. Through the application of causal partitioning,
the following results were obtained:

1. Confirmation of the existence of two highlevel clusters of simulations. Our clustering
exercises confirmed the existence of two clusters of
simulations in both series of simulation experiments
carried out in the dissertation. These clusters broadly
corresponded to each simulation taking either a timid
or an aggressive turn. Clustering results for the second set of simulation experiments are shown in Figure 7.
2. Confirmation of the relevance of causal partitions. Already the first set of experiments using
a less-developed version of causal partitioning succeeded in establishing the relevance of causal partitions to the observed phenomenon. In other words,
causal partitions reliably indicated the timid or aggressive turn of each simulation and equalled in this
respect the more traditional Measures of Effectiveness (MoE) used in project EUSAS (these MoE included the numbers of stones thrown as well as of
warning and effective gun shots).
3. Support for hypothesis generation. Causal partitions also supported and guided the process of hypothesis generation regarding the possible causes

and stages of the observed phenomenon. In contrast, the more traditional Measures of Effectiveness
did not provide any such guidance.
4. Early onset of the predictive accuracy of causal
partitions. Subsequent improvements to the method
of causal partitioning made it possible to study the
time evolution of the predictive accuracy of causal
partitions. Figure 8 shows that already in the 16th
second of simulated time they could predict the subsequent timid or aggressive turn of each simulation
with 99% accuracy. In this respect they significantly surpassed MoE, which in this early stage only
reached about 70% accuracy.
5. Establishing the time limits for the casual
mechanism of emergence. Early onset of the
predictive accuracy of causal partitions helped us
delimit the time interval in which the “cause” of
the bifurcation must have acted: the future turn of
each simulation was shown to be invisibly decided
between the 8th and the 14th second of simulated
time.
6. Establishing the stages of emergence. The
peaks of predictive accuracy of individual partition
components in this time-frame (shown as local maxima in Figure 8) helped us identify three distinct
stages through which the resulting emergent behaviour
of the system gradually arose: (a) the initial attack
of aggressive individuals on the security patrol; (b)
the patrol’s response; and (c) the reaction of the
looters who could either join the attack or flee to
safety.
7. Identifying the mechanism of emergence. Investigation of selected model variables in this timeframe revealed that, by the 14th second, sensory
perception of most civilian agents was already blocked.
This led to the formulation of the final, correct hypothesis that the timid or aggressive turn of each
simulation depended on how quickly and resolutely
the patrol members reacted before the sensory perception of civilians got blocked. This hypothesis was
confirmed by a subsequent simulation experiment in
which the patrol reaction time was varied and whose
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Another interesting question is how many clusters really
are there. In our early report [10] we decided to work
with two clusters, but that was a provisional decision in
order to keep the analysis simple. We were not at all sure
that we would succeed and were ready to consider more
clusters if necessary. The fact that we could complete
the analysis using only two clusters does not by itself settle the question; it might merely show that our method
tolerates some uncertainty in this respect.

Figure 9: Proportion of “aggressive” simulations
in the batch as a function of patrol reaction time.
results are shown in Figure 9. Prolonged patrol reaction time was shown to dramatically increase the
probability of the aggressive turn of the scenario.
8. Suppressing the bifurcation. Setting the patrol
reaction time to five seconds suppressed the bifurcation and forced all the simulations along the “aggressive” path.

8.

The second direction – and a natural next step – is to
apply our method to other similar systems. By similarity
we mean that, besides being modelled through structural
equations, the variables and functions used in them should
be numerical (ideally, real-valued). The most straightforward application would be to systems governed by ordinary differential equations, but we believe an extension to
systems driven by partial differential equations should be
possible as well.
Agent-based models using structural equations would make
another legitimate and interesting analytical target. (Note,
however, that other types of agents, e.g. simple rule-based
agents, are likely to fall outside the scope of this method.
In order to apply causal partitioning to them we would
have to define, first, what we mean by cause and effect
in these systems and, second, how we could quantify such
causal effects.)

Conclusions and Future Work

The main scientific contribution of this dissertation has
three aspects:
1. Formulation of a new causal analytical method.
Causal partitioning is based on nonlinear structural
approach to causality, which is a nonlinear and nonparametric form of structural equation modelling (SEM).
2. Successful application of the new method to
a surprising emergent phenomenon in a complex system. Results of the application of causal
partitioning to the investigated agent-based model
of human behaviour are summarised in section 7.
3. Generalisation of the method. Causal partitioning was generalised in section 6 so as to apply
to systems described by nonlinear structural equations with differentiable right-hand side.
Regarding future work, there are several directions. The
first is to investigate our agent-based model in greater
depth and elucidate certain subsidiary aspects before we
try to apply our method to other systems.
The first such aspect is the significance of social influence
for the bifurcation of simulation trajectories. At present
we tend to think that social influence is not crucial, i.e.
the bifurcation would persist even if we kept IF and IA
in equations (3) and (4) at zero level, e.g. by setting the
constant c4V in equation (5) to zero. Furthermore, we do
not expect this to significantly affect the time-evolution of
predictive accuracy of causal partition components shown
in Figure 8. What we expect to change is the composition
of the clusters, that is, some simulations might shift their
cluster affiliation, although we are at present unable to
say which cluster would grow and which would shrink.
We also expect this effect to be relatively mild (if any).

We also see an exciting possibility to adapt our method for
use in artificial neural networks – these too are described
by structural equations, because each neuron has only one
output (the dependent variable) which is a function of one
or more inputs. In this way we might be able to study e.g.
the processes of learning in complex neural architectures.

System Dynamics example. The discipline of System Dynamics (SD) merits special mention: it not only deals with
dynamical systems, but also meticulously maps the flows
of causality through them. In most cases, therefore, SD
model equations should qualify as structural equations,
which would make causal partitioning applicable to them
at least in principle. This enables us to offer a few broad
hints regarding the application of causal partitioning to
an SD model. As an example, let us consider a variable X
(modelled in SD as a stock ) with n inflows and outflows
x1 , x2 . . . xn . For simplicity, let us assume that the dynamical process we are interested in starts at time t = 0
with zero initial value of X. Then its value at an arbitrary
subsequent point of time t can be expressed as the sum
of all its inflows and outflows separately integrated (or
summed) over the time interval [0, t]. Thus, if Xi denotes
the integrated or summed flow xi over the concerned period, then X(t) = X1 + · · · + Xn . We can then represent
X(t) by a vector-like structure (X1 , . . . Xn ) which closely
corresponds to what we called the basic causal partition
introduced in the dissertation.
In this “basic” version of causal partitioning we look on
each flow as contributing to its own dedicated partition
component of X. More sophisticated (“enhanced”) forms
of causal partitioning might try to re-define this basic partition, typically by splitting some components into two
or more in order to gain more information, or by eliminating others in order to improve interpretability. Any
significant functional dependencies among the inflows and
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outflows of X might have to be taken into account as well.
The whole point in calculating causal partitions is to gain
additional information: we learn not only the resulting
value of X but also how much each flow contributed. This
might provide valuable clues for understanding the global
dynamics of the model, especially if we study the timeevolution of predictive accuracy of partition components
and succeed in mapping their local maxima to various
developmental stages of the observed global behaviour.
Finally, the last direction of future work comprises the
study of the method’s mathematical properties, especially
the limits of its stability. Elsewhere in the dissertation
we mentioned that we had to reject some data because
it exhibited signs of numerical instability. We did not
go into details, but in [12] we mentioned how this could
be improved, and we intend to follow it up alongside our
work on further practical applications.
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