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The Potential and Limitations of

Agent-based Simulation
An Introduction

Gianluca MANZO

Abstract This article has a general goal: it provides an overview of the main theo-
retical and methodological dimensions structuring the field of research that is based
on agent-based modelling and simulation. It also has a more specific aim, namely to
help the reader better understand the contributions in the special issue the Revue
Francaise de Sociologie is devoting to this method. To meet both requirements, the
article addresses the following points: 1) the originality of agent-based modelling and
simulation; 2) the kind of explanation facilitated by this method; 3) the method’s com-
putational root; 4) its flexibility in dealing with the “micro—macro transition” problem; 5)
the link that can be established between agent-based modelling and empirical data;
6) the criticisms this method usually receives.

Key words. ACTION THEORY—AGENT-BASED SIMULATION— CALIBRATION —
CELLULAR AUTOMATA— EXPLANATION— GENERATIVE MODELS—MATHEMATICAL MODELS—
MICRO—MACRO TRANSITION—MICROSIMULATION—NUMERICAL SIMULATION—
ROBUSTNESS ANALYSIS—SENSITIVITY ANALYSIS—SOCIAL INTERACTIONS —
SOCIAL MECHANISMS—VALIDATION

To introduce the subject of this article I propose to begin with an example.
Imagine having identified on a macro-scale a positive relationship between actors’
socio-economic backgrounds and their chances of reaching a higher educational
level (Jackson, 2012). Suppose also that we want to explain this relationship and
that to do so we hypothesize that this association is derived from a complex set of
cultural factors and strategic decisions (Jonsson and Erikson, 2000). To test this
hypothesis the researcher can choose from several research strategies (Kroneberg
and Kalter, 2012). For example, data could be collected on a range of cultural and
economic resource indicators and, using multivariate statistics, the researcher could
study whether there was a systematic variation between the distribution of these
resources between socio-occupational groups and the preferences among actors for
a particular level of education (Stocké, 2008). The researcher could also carry out
laboratory experiments to assess the way in which actors make educational decisions
when certain parameters of the decision structure, such as the benefits and risks as-
sociated with different educational options, are artificially changed (Page, Garboua
and Montmarquette, 2007). Another option is to recreate the relationship between
the actors’ social groups and educational levels within a virtual population in which,
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The Potential and Limitations of Agent-based Simulation

in the same way as a video game, each entity evolves over time on the basis of rules
of behaviour and interaction established by the researcher (Manzo, 2013a). If one
opts for this research strategy one is embarking on an agent-based simulation, which
is the method I intend to present in this article.

It should be acknowledged from the outset that this task is not an easy one given that
a substantial amount of work on modelling and agent-based simulation has now been
done. Nearly ten years after the first literature reviews (Macy and Willer, 2002; Sawyer,
2003), it seems impossible to cover all the debates currently shaping the research do-
main in a single article (for a recent work that attempts this, see Edmonds and Meyer,
2013). This is the result of several developments. Firstly, there has been an increasing
number of social phenomena that have been studied using agent-based simulation (for
an overview, see Squazzoni, 2012). Secondly, there has been a diversification in the
disciplines that use this method (in economics, see Farmer and Foley, 2009; in finance,
Mathieu, Beaufils and Brandouy, 2005; in political science, Cederman, 2005; in geogra-
phy, O’Sullivan, 2008; in criminology, Birks, Townsley and Stewart, 2012; in epidemi-
ology, Auchincloss and Roux, 2008; in social psychology, Smith and Conrey, 2007; in
demography, Billari and Prskawetz 2003; in biology, Thorne, Bailey and Peirce, 2007).
Thirdly, agent-based simulation is now often used in combination with other more clas-
sical methods, such as statistical analysis, network analysis and laboratory experiments
(for a general discussion, see Chattoe-Brown, 2014). Fourthly, these developments have,
in turn, stimulated deep reflection in the philosophy of science (see, among others,
Griine-Yanoff, 2009; Marchionni and Ylikoski, 2013). Finally, agent-based simulation
now plays a part in interdisciplinary research, such as socio-physics (Helbing, 2012) and
studies on “complexity” (Miller and Page, 2007).

In this introductory article I intend to present the themes that run through the
varied literature on agent-based simulation, focusing on the aspects that may be of
particular interest to sociologists. My aim is to reveal both the potential and the
limitations of the method. To this end, I will clarify what agent-based simulation is
and in what ways it differs from other older forms of computer simulation currently
used in our discipline. Then I will address the problem of the type of explanation
made possible through agent-based simulation. In order to justify the claims made in
these first two parts, I will ask the reader to follow me in an analysis of the method’s
low-level infrastructure. On this basis, I will discuss the classic problem in sociology
of the “micro—macro” transition and explain how agent-based simulation can make a
contribution. Next I will discuss the relations that can be established between agent-
based simulation and empirical data. Finally, I will cite the criticisms that have been
made of agent-based simulation and the responses that might be made to these. This
general introduction should also aid comprehension of the contributions published in
this special issue. For readers who want to pursue the subject further, in addition to
a long bibliography, I have also provided suggestions for learning more about agent-
based simulation' (see the “To go further” Box on pages 461-462).

1. In order to make reading easier, throughout the text I will use “agent-based simulation” as a lin-
guistic shortcut even though it will be clear in what follows that theoretical modelling and formaliza-
tion will always be prior to the simulation itself. In the same spirit I will omit the subtle distinction
sometimes used in the literature between “agent-based modelling” and “multi-agent systems,” the latter
being a variant of the former in which there are few “agents” that are endowed with a complex internal
architecture (see, for example, Axtell, 2001: 33). In fact, the distinction relates to different disciplinary
traditions (notably, on the one hand, computer science, artificial intelligence, and computer engineer-
ing, and on the other, the human and social sciences) that use the same methods but with different
points of view and objectives (on this point, see also Livet, Phan and Sanders in this issue).
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What is agent-based simulation?

According to a common distinction,? the term computer simulation relates to
two broad classes of application: 1) the techniques used when a statistical or math-
ematical model raises estimation, analysis or visualization problems for which an
analytical approach would be inadequate; 2) the methods used when a model is
constructed with the primary aim of imitating the details of a mechanism or real
process (for which it may be impossible to formulate equations in practice; on this
point, see Axtell, 2000).

Although this distinction is exaggerated—a statistical or mathematical model
can indeed be formulated to describe a mechanism or a real process—it draws at-
tention to a fundamental dimension that can guide us through the variety of simu-
lation methods: that is the theoretical richness and the realism of the model that
a particular method helps to convey through computer algorithms. The enormous
flexibility made possible by agent-based simulation in this procedure is the feature
that I intend here to characterize as its originality in comparison to other methods of
computer simulation conceived as a support for statistical and mathematical analysis,
and compared to other forms of simulation also designed for a more direct imitation
of real mechanisms (for an overview of the latter, see Gilbert and Troizsch, 2005).?

To clarify this subtle point, it is instructive to compare pioneering applications
of simulation in the social sciences, in particular, Raymond Boudon’s (1973) and
Thomas C. Schelling’s (1971) analyses that respectively proposed generative mecha-

nisms for educational inequalities and spatial segregations.

Let us begin with Boudon (1973: 108-16). To account for differences in the
distribution of levels of educational achievement between social groups, the French

2. Among the philosophers of science, see,
among others, Julian Reiss (2011: 244-5) and
Franck Varenne (2013: § 2); among the practi-
tioners, see, among others, Averill Law (2007:
ch. 1), and, formerly, André Davidovitch and
Raymond Boudon (1964: 222, 232—-4) and Bou-
don (1965: 3).

3. The following examples may help the
reader to understand what is meant by com-
puter simulation serving as a support for sta-
tistical and mathematical analysis: a (pseudo-)
random distribution of numbers can be simu-
lated by iterating a deterministic function
(Tjims, 2012: 50-5); the theoretical distribu-
tion of a certain type of random variable can
be simulated by transforming a variable whose
values have the same probability of appearing
(Ross, 2006: § 4.1 and 5.1); the independence
between two discrete variables can be simu-
lated by constructing a fictional cross-table re-
sulting from simple multiplication of marginal
distributions (Powers and Xie, 2000: 90-3); the
variability of a measure of interest can be simu-
lated by extracting a number of sub-samples of
a sample and recalculating the measure of in-
terest for each of them (Davison and Hinkley,

1997); the probability of a given choice (as a
function of a series of observed factors) can
be simulated by calculating the average prob-
ability produced by this choice when random
values are attributed to the error terms that syn-
thesize unobserved factors affecting the choice
in question (Train, 2009: 3-7); a purely ran-
dom network (i.e., one in which each node has
the same probability of being linked to each of
the others) can be simulated to obtain a bench-
mark network for an observed network (Jack-
son, 2008: 9); a series of discrete time units can
be simulated to approximate the solution to a
differential equation (Feldman, 2012: 310-1,
323-5); the behaviour of an algebraic solution
whose form is not transparent can be simulated
by attributing a series of specific values to the
variables that define it (Gould, 2002: 1157); the
sequence of states a system can find itself in
can be represented by constructing transition
matrices whose probabilities only take into ac-
count the last state of the system for each time
unit and, by varying these probabilities the sys-
tem’s most probable equilibrium state can be
simulated (Tjims, 2012, chs. 15 and 16).
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sociologist postulated that the actors had varying degrees of success because of the
unequal distribution of cultural resources in the cultural space and that given this
success, the assessment of benefits (in terms of maintaining social status) and the
cost and risks of educational investment also varies as a function of social milieu.
To deduce the consequences of his microscopic hypotheses, Boudon proceeds as fol-
lows: a) he creates a fictional distribution of educational achievement as a function
of social group; b) he creates a fictional distribution of the probability of survival as
a function of social group and achievement at each point of bifurcation in the school
system; c¢) he determines the probability of obtaining a given educational level for a
given social group by multiplying these two distributions (ibid.: 170-3). Through this
procedure, and its extension in the case where the probabilities of survival change
over time, Boudon generates the social stratifications of fictitious qualifications, the
qualitative structure of which resembles that of real distributions.

Conversely, how does Schelling (1971) proceed? To demonstrate that residential
segregation can occur at a systemic level even though the ethnic preferences of ac-
tors taken separately are not discriminatory, the American economist constructed a
series of models whose basic principle is that the decision of a given entity to remain
in the place they find themselves rather than moving depends on the proportion of
similar entities they are surrounded by. Schelling thus implicitly introduces the no-
tion of the local “neighborhood”, which would become central to the agent-based
approach. In a series of experiments in which he manipulates the spatial distribu-
tion of the virtual entities, the structure of these entities’ neighbourhoods and their
preferences for similar neighbours, Schelling demonstrates that the repetition of the
“stay/depart” choice over time changes the composition of each entity’s neighbor-
hood and that, at the collective level, this dynamic can lead to a spatial concentration
of entities depending on their group.

A forgotten pioneer

From a historical point of view, we should note that the Swedish geographer, Thorsten
Hiégerstrand (1965) devised and studied an agent-based simulation even before Schelling, with-
out naming it as such, in his study of the diffusion of two agricultural innovations in Sweden.
To study the hypothesis according to which the spatial structures of this diffusion depend on
the way in which information is spread through social networks (and in part on the degree of
the actors’ resistance to the innovation), he represented space in the form of a bidimensional
grid in which each cell is inhabited by a certain number of “robots” (ibid.: 50). Then, he postu-
lated that the innovation is diffused when a “robot” that has adopted the innovation speaks to
a “robot” that has not done so. According to his model, the probability that this exchange hap-
pens depends on the distance between the two cells in which the “robots” reside (Hégerstrand
uses migration data to calibrate this probability). By iterating the selection of discussion part-
ners on the basis of this simple rule, Hidgerstrand produced forms of spatial concentration
that resembled the real Swedish distribution. In contrast to Schelling’s model, which has been
repeatedly replicated and refined (see, among others, Bruch and Mare, 2006; Clark and Fossett,
2008), Hédgerstrand’s study has remained confined to the study of the diffusion of innovations
(Rogers, 2003: 90). Its importance is, however, significant since it illustrates the possibility of
relating an agent-based simulation to real data, while Schelling’s model is completely discon-
nected from any empirical data. As we will see, these two directions continue to shape the
research field (on this point see also Livet, Phan and Sanders in this issue).
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For our discussion, it is important to recognize the following difference between
Boudon’s and Schelling’s approaches: while the French sociologist, despite a formu-
lation of the theoretical model at the microscopic level, formulates a mathematical
model operating on defined probability distributions at the group level and adopts
simulation to study this aggregated model, Schelling directly manipulates computer
entities representing actors and moves them iteratively as one would do with pawns
on a chessboard (on Schelling, see also Livet, Phan and Sanders in this issue).*

This is the distinctive feature of agent-based simulation. It helps avoid a gap
being created between the level of abstraction at which hypotheses are made and
that of the formal model used to study them. If there is a transition from a “low”
to a “high” level, this method enables it to be recreated. Moreover, as suggested by
Schelling’s example, since we are not obliged to use a simplifying mathematical
model, agent-based simulation enables us to remove as many theoretical simplifica-
tions as we wish.’

What is agent-based simulation more precisely? An “agent”, in a computational
sense, should be thought of as a computer program in itself (Wooldridge, 2009: 5).
This program can be simple (as in the cases of Schelling and Higerstrand) or com-
plicated (as in a robot capable of interacting with a human being). The presence of
at least two agents creates a “multi-agent system”, defined by Michael Wooldridge
as a system ‘“that consists of a number of agents, which interact with one another,
typically by exchanging messages through some computer network infrastructure.”
The system is far from operating as a homogenous whole. Quite the contrary, a) each
agent can have its own attributes and its own states; b) each agent can be designed as
driven by rules that are its own; c) each agent can be inserted into a geographical or
relational space that limits its behaviour; d) the behaviour of each agent can depend
on the behaviour of other agents in its local space; e) each agent possesses variable
quantities of information (Epstein, 2006: 6). In the context of a multi-agent system,
simulating means asking each agent repeatedly to execute the rules that define them.
In the course of these iterations, the aggregated results of agents’ behaviour can be

4. Fararo and Kosaka (1976) had no dif-
ficulty reconsidering Boudon’s model by
completely excluding his microscopic verbal
formulation and then proposing a version in
continuous time through use of differential
equations. The approach Schelling followed is,
in contrast, now recognized as an ante litteram
agent-based simulation (on this point, see also
the new material discussed in Hegselmann,
2012).

5. Marc Granovetter’s (1978) pioneering
study also illustrated this point. His objective
was to study the situations where aggregation
of actors’ preferences is not sufficient to ac-
count for the collective result because of the
interdependence between the actors’ choices.
Granovetter focuses in particular on binary
choices and imagines that each actor chooses
option A rather than B on condition that a num-
ber of actors have already opted for option A.
Granovetter calls this number the “threshold”
(ibid.: 1422). The model is used to determine

how many actors engage in a given action and
at which point the number of engaged actors
stabilizes for a given distribution of actors’
“thresholds”. Yet, despite the verbal micro-
scopic formulation of a model, Granovetter
formalizes it by use of a difference equation
(which, starting from the frequency distribu-
tion of thresholds, gives, for each unit of time,
the number of actors who can be engaged as a
function of the number of actors engaged in the
previous time unit) and he studies this equation
using a combination of numerical examples and
graphics (ibid.: 1425-8). On several occasions,
the American sociologist also notes that his
equation does not enable him to study finer
variations of the model taking into account,
for example, the hypothesis that active actors
could have varying influences on a non-active
actor’s choices depending on a friendly rela-
tionship between them (ibid.: 1429-30). To do
this he admits that computer simulation would
be necessary.
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determined step by step and be reinjected into the behaviour of these same agents.
Thus, through a dynamic chain of loops connecting different levels of abstraction,
agent-based simulation enables the behaviour of “low” level entities to be combined
to generate the macroscopic regularity that we want to reproduce.

Agent-based simulation thus allows us to go beyond the forms of numerical
simulation adopted by Boudon and Granovetter, which in fact used simulation in
support of a mathematical model formulated at the aggregate level. It also enables
the generation, in the sense of producing gradually “from below”, of distributions
and sequences between a system’s states that Boudon and Granovetter were obliged
in contrast to postulate. To express this difference, Michael Macy and Andreas
Flache (2009: 248) suggested thinking of agent-based simulation as a method in
which “a single unified model of the population” is replaced with “a population of
models each of which is an autonomous decision-maker”. This decomposition makes
it possible to model mechanisms governing the dynamics of each level of analysis
and their relationships.

To conclude, let us take a final step in the characterization of agent-based simu-
lation. Very often this method is presented solely as being qualitatively different to
forms of simulation based on mathematical equations and, in particular, on equa-
tions linking macroscopic states (see, for example, Macy and Flache, 2009: 251-61).
As we have just seen, this representation is not incorrect. It is, however, a partial
one. On the one hand, as highlighted by Epstein (2006: 27, 54-6), it tends to create
a false opposition between simulation and mathematics, while, in principle at least,
an agent-based simulation can always be reformulated in terms of equations (on
this point, see Treuil, Drogoul and Zucker, 2008). On the other, the fact that agent-
based simulation frees the researcher from constraints imposed by other forms of
numerical simulation does not mean that the latter are incompatible with agent-based
simulation. The opposite is true. As the application of this method in biology shows
(for two examples, see Zhang et al., 2009; Wang et al., 2013), various current math-
ematical and numerical techniques can coexist within an agent-based simulation.

This is why I suggest that, in comparison to mathematical modelling based on
aggregated variables, to types of numerical simulation in support of mathematical
models with no analytical solutions, and to other forms of computer simulation closer
to agent-based simulation—such as cellular automata (see, among others, Feldman,
2012, chap. 27)—the best way to characterize the novelty of agent-based simulation
is to stress its flexibility. That is, its flexibility from the point of view of the details
and levels of analysis that it enables to be represented and to be related to each other,
but also its flexibility in terms of the formalism that can coexist within the same
agent-based simulation (on this point, see also Varenne, 2011: 171-3, 2013: §11.4.3).

Types of explanation and agent-based simulation

We are so used to associating the practice of simulation with the use of com-
puters that it may be surprising to learn that Schelling studied his ante-litteram
agent-based simulation by hand (Hegselmann, 2012). As the economist Joshua M.
Epstein maintains, “[...] the essential move is conceptual, not technological. [...] The
computer is not the point” (2006: XIII, emphasis added). It is this idea that I would
now like to develop. Beyond its flexibility as a modelling method, agent-based simu-
lation should in fact be appreciated in sociology for the type of explanation it allows.
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J. M. Epstein calls this type of explanation “generative.” By this he means that
the regularity of interest is generated or reconstructed from the “bottom” in nu-
merical form through the step-by-step repetition of a series of rules governing the
behaviour and interactions of entities that are assumed to have participated in the
production of the regularity in real life. According to Epstein, the generative concep-
tion of explanation contains the following imperative: “If you did not grow it, you did
not explain it” (ibid.: 67). He considers that the essence of agent-based simulation is
precisely this generative capacity in the sense that an agent-based simulation “I...]
provide(s) computational demonstrations that a given microspecification is in fact
sufficient to generate a macrostructure of interest “ (ibid.: 8).° Although formulated
differently, these ideas are not alien to our discipline. In an article on the way in
which statisticians have influenced the concept of causal explanation in sociology,
the British sociologist John Goldthorpe (2001) distinguishes three conceptions of
causation. According to the first, which he calls “causation as robust dependence”,
a causal explanation amounts to proving that a zero-order correlation between two
variables is resistant to the introduction of third variables (ibid.: 2—4). He then iden-
tifies a form of “causation as consequential manipulation”, according to which a
causal explanation amounts to modifying the values of a given fact and to proving
that a modification in the variable of interest follows from this (ibid.: 4-8). Finally,
he identifies a conception of causation that he labels “causation as generative pro-
cess,” according to which a causal explanation can only be given when we formulate
hypotheses on a “process” at a lower level than the data to be explained, and that
we prove that this process “does in fact operate to produce, or help to produce” this
data (ibid.: 12).

Goldthorpe justifiably raises the problem of the method to use to furnish this
proof. Indeed, when we conceive of causation as robust dependence or as consequen-
tial manipulation, to neutralize the effect of hidden variables that can add “noise”
to the effect of X on Y, there are multivariate statistics and the experimental method
(or if the latter is not applicable, sophisticated variants of multivariate statistics
that attempt to approach experimental conditions based on observational data; see
Winship and Morgan, 1999). In contrast, when it comes to testing the existence of
an unobservable process underlying the data, Goldthorpe admits that the methodo-
logical options are limited. He proposes two (ibid.: 13—14). The first is an indirect
strategy deriving the postulated process from consequences that are not directly
linked with the regularity that it is the intention to explain, and demonstrating the
existence of these “secondary” consequences using traditional statistical tools. The
second is a direct strategy formulating an explicit (statistical) model of the process
that is thought to be at work and studying it by simulating it.

Although Goldthorpe concludes by making it clear that quantitative sociologists
have not yet greatly developed simulation, what should be emphasized here is that
coming from different scientific traditions and disciplines Epstein and Goldthorpe
make this association between a generative conception of explanation and analysis of
a theoretical model of a mechanism through computer simulation. Goldthorpe does
not refer specifically to agent-based simulation but the basic argument is the same.

6. This is a “demonstration”, notes Epstein, since a simulation is based on a strict process of
deduction. In fact, the execution of a computer program containing rules of behaviour and inter-
action amounts to the deduction of the consequences of these rules, given the numerical starting
conditions (i.e., the simulation’s inputs). This is why, he continues, while it is true that simulation
does not lead to theorems, simulation shares its deductive nature with mathematical models.
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Today this argument can be found in the sociological approach called “analyti-
cal sociology” (Hedstrom, 2005). Since the 1990s, this perspective has sought to
develop older intuitions concerning the role the concept of mechanism could play
in the construction of precise and detailed explanations in sociology (for a review
of the historical development of these ideas, see Manzo, 2010). The central idea
is that an explanation gains depth as we hypothesize on the way in which a set of
entities interact to create a link between two (or more) events, as well as on the
properties and activities characterizing these entities. Following a definition from
biology (Machamer, Darder and Craver, 2000), analytical sociology thus defines
a mechanism as a triad of “entities/properties/activities,” while the specific form
of the elements of this triad depend on the regularity being examined. Insofar as
a mechanism so defined is not, in general, directly observable, this means con-
structing a “model”, i.e., a simplified theoretical representation. Since the epistemic
function analytical sociology assigns to a model of a mechanism is that of account-
ing for the genesis of an association between two (or more) events, on the basis
of older definitions (Fararo, 1969) I propose calling this specific form of model
“generative models” (Manzo, 2007). What I am interested in highlighting here is
that analytical sociology recognized that agent-based simulation and modelling is
a powerful tool for formalizing and studying generative models (Hedstrom, 2005,
ch. 6; Hedstrom and Bearman, 2009: 16; Manzo, 2014). Here we thus find the as-
sociation between computer simulation and a “generative” conception of explana-
tion independently proposed by Epstein and Goldthorpe (in political science, see
Cederman, 2005).

To conclude, it is not without significance that this generative and “reconstruc-
tive” conception of explanation is at the root of so-called “computational” biology.
A growing number of studies on cellular growth, the development of vessels, and
the immune system, are indeed based on the ideal that an understanding of these
phenomena can progress provided that they can be reconstructed in silico and by
programming the elementary mechanisms. On the methodological level it is in effect
agent-based simulation that is proposed as the most flexible tool to carry out this
reconstruction (for two examples of this literature, see Thorne, Bailey and Peirce,
2007; Chavali, Gianchandani, Tung et al., 2008).

Objects, mechanisms, and processes

To better understand the source of agent-based simulation’s flexibility and its
generative ability, it is useful here to describe the technical infrastructure underlying
this method. To do this, the concept of “object” should be introduced. In the sense

7. The fact that several authors with different theoretical, methodological and disciplinary orien-
tations find the same association suggests that we are faced with a general phenomenon that very
likely relates to the type of knowledge facilitated by computer programming. The mathematician
and logician, Gregory Chaitin (2006: XIII), expressed this idea in the following way: “Well, the
computer changes epistemology, it changes the meaning of ‘to understand.” To me, you understand
something only if you can program it (You, not someone else!). Otherwise you don’t really under-
stand it, you only think you understand it.” Chaitin’s claim arises from the fact that programming
requires the specification of each detail in the chain of entities and events leading from a set of
starting conditions to a given result, and the execution of the program allows us to test whether the
“chain” of postulated details leads effectively to generating the expected result.
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used in computer science, “objects” can be defined as “computational entities that
encapsulate some state, are able to perform actions, or methods, on this state, and
communicate by message passing” (Wooldridge, 2009: 28). The similarity between
this definition and that of “agent” and “multi-agent system” introduced in the first
section stems from the fact that “objects” are the “deep” units of a multi-agent sys-
tem, that is, the basic elements that are programmed when these types of model are
constructed (Hummon and Fararo, 1995). A multi-agent system can in fact be seen
as a set of object classes, a “class” being a set of objects that share the same proper-
ties (or “attributes”) and the same rules (or “functions” or “methods”, depending on
the terminology of the programming language being used).

Conceiving of a multi-agent system in terms of objects enables a better un-
derstanding of the root of the distinctive characteristics I ascribed to agent-based
simulation in the two previous sections, namely the flexibility of the method and its
ability to provide explanations in terms of mechanisms. Let us now return to these
two points in the light of the notion of the object.?

In terms of the flexibility of multi-agent systems, the concept of the object firstly
allows us to observe that the basic unit of a multi-agent system is conceptually
empty. Depending on the set of attributes and rules the modeller/programmer de-
cides to assign to a given class of objects, these objects can represent particles, cells,
individuals, groups, organizations or spatial entities (such as buildings or roads), for
example. Contrary to what the term “agent” suggests, the concept of an object thus
enables us to see that anything can be programmed in terms of objects, provided
that we have a clear theoretical understanding of what we want to represent. A
multi-agent system is therefore not limited to representing individuals. It is as much
from its foundations in terms of objects that the method derives its flexibility in the
representation of four central elements of sociological analysis: a) the logics of indi-
vidual action; b) heterogeneity; c¢) interdependence between actors; and d) multiple
levels of analysis.

Individual action

In terms of action theory, the “empty” nature of an object implies that any sort of
rule can be defined to characterize the behaviour of objects belonging to a given class.
The objects can certainly be programmed to represent actors accomplishing more or
less sophisticated utility calculations (see, for example, Shoham and Leyton-Brown,
2009). However, contrary to what one often reads (see, for example, Elster, 2009: § 2),
there does not necessarily have to be a link between agent-based simulation and
rational choice theory (a point well illustrated by Noguera et al. and by Squazzoni’s
review article in this issue). Objects can be used to construct agents’ internal archi-
tectures thanks to which emotions and beliefs interact in a complex way without
necessarily leading to utility maximization calculations (on “cognitive agents”, see
Wooldridge, 2000). Multi-agent systems are also the realm of “heuristics” in the sense

8. A possible objection to the relationship I am trying to establish between the flexibility of a
multi-agent system and object-oriented programming is that, in principle, a multi-agent system can
be constructed using classical procedural or functional languages (see, on this point, Izquierzo,
Izquierzo and Segismundos, 2013, § 3). The response to this objection is that, in practice, the more
complex a model becomes, the greater the effort needed in terms of programming when not using
a tool that either directly or indirectly uses object-oriented programming.
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that objects can be designed to execute very simple direct rules of behaviour (Miller
and Page, 2004: 10). It is moreover to multi-agent systems that economists turn when
they need to study certain “games” in which actors are supposed to follow simple
behaviours iteratively, such as imitating the behaviour of the actor who was most
recently successful (Alexander, 2007: 38—42; Gintis, 2009: 72-3).

Heterogeneity

Objects enable us easily to model at least five forms of heterogeneity. Within the
same class of objects, the objects can have different values for the attributes belong-
ing to this class. Between classes, objects in contrast are by definition heterogeneous
in terms of attributes. Objects can also be heterogeneous in terms of the temporal se-
quence in which the actions assigned to them have to be executed. Finally, classes of
objects can represent entities relating to various levels of analysis. The heterogeneity
of beliefs, preferences and logics of action can be represented and the macroscopic
consequences of this heterogeneity can be deduced. Within a multi-agent system, the
researcher is thus not constrained by the simplification contained in the “representa-
tive agent” metaphor (Gallegati and Kirman, 1999).

Interdependence

The fact that the objects can “communicate”, according to Wooldridge’s definition
introduced earlier, enables an understanding of the deep root of the ability of multi-
agent systems to represent the interdependence of the entities of interest. The funda-
mental procedure through which this is achieved is to enter (numerically or logically)
the values of a property of object A into one of the rules responsible for the behaviour
of object B. By creating a transfer between objects in the computer’s memory, we can
then define the pertinent entities for a given entity (the concept of “neighbourhood” to
which I referred when describing Schelling’s pioneering model). Thus a multi-agent
system makes it possible to create structures that are spatial (in which the physical
distance between entities defines the neighbourhood) and relational (in which a link
between A and B defines neighbourhood) within which entities are supposed to evolve
(spatial and relational neighbourhoods can also be interlinked). It thus becomes pos-
sible not only to represent any sort of interaction structure, but also to make the
behaviour of entities (and their internal states) dependent on the state of their local
neighbourhoods as well as the global structure of interactions.

Levels of analysis

Finally, paying attention to the empty nature of the fundamental unit of a multi-
agent system, i.e., the objects, provides an understanding of the root of this meth-
od’s ability to represent multiple entities representing different levels of abstraction
within the same model. For example, one class of objects could represent a set of
organizations while a second class of objects could represent actors; communication
between the objects could then be used to represent the effects of the influence of
organizations over actors (for an example of this type of complex architecture com-
bining several levels of analysis, see Ferber, Gutknecht and Michel, 2004; Ferber,
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Michel and Baez, 2005; see also the discussion of “agent-cities” in Livet, Phan and
Sanders in this issue).’

We now have all the elements needed to understand why the fundamental unit on
which a multi-agent system is constructed, namely the object, makes this method a
favoured approach for studying explanations conceived in terms of mechanisms. First
of all, when we think in terms of objects, a profound affinity appears between a (set
of) mechanism(s) and a multi-agent system. As I defined it in the previous section, a
mechanism is a set of entities, with their properties and activities that interact to pro-
duce a given result at a higher level of abstraction. We now know that a multi-agent
system is a collection of objects defined by their attributes and operating rules that
exchange information influencing each other. In terms of its contents, a mechanism,
just as a multi-agent system, is in principle neutral. Depending on the observed phe-
nomenon, the entities in a mechanism will be a certain type, just as the objects of a
multi-agent system will take a particular form depending on the entities/actions we
want to model. Thus, there is a strong structural homology in form (entities/proper-
ties/activities/interactions versus objects/attributes/functions/communications) and in
the content (empty in both cases) between what we want to study—mechanisms—and
the method used—multi-agent systems. Provided you have a theoretical representation
of these mechanisms, the method can model their structure with any level of detail.

Note, finally, that explanation by mechanisms does not only require the precise
description of the behaviour of entities and the connections between them that might
have led to the facts of interest. This conception of explanation also requires that
we prove, according to Epstein’s expression, the “generative sufficiency” of this de-
scription, in the sense that the fact of interest must be generated by the model of the
postulated mechanism. The algorithmic nature of a multi-agent system makes this
reverse engineering possible.” In effect, a multi-agent system simulation involves
the step-by-step repetition of rules defining the behaviour of objects, the system-
atic updating of their attributes, and the exchange of information between them. In
this way, the processes potentially contained in the mechanism represented by the
agent-based model can run and, ultimately, the consequences of the model can be
deduced and quantified. The requirement of “generativity” specific to an explana-
tion through mechanisms is thus implemented in the dynamic part of a multi-agent
system through what Patrick Doreian (1999: 98-9) called “algorithmic causality”.

There are thus profound reasons why the association between the study of
mechanisms and agent-based simulation is often made in sociology, as elsewhere
(in biology, see, for example, Thorne, Bailey and Peirce, 2007: 252), which relate
to the internal functioning of the method. The “object”-based structure enables the
most flexibility in the representation of the details of a mechanism while the step
by step updating and the communication between these objects ensure that dynamic
consequences, i.e., the process of the mechanism, can be activated. What therefore
becomes possible, ultimately, is the determination of macroscopic consequences of
the (model of a) mechanism under observation, whatever its form or complexity.

9. 1 am aware that objects are all located
at the same level of analysis, in the sense that
they are all stored in the computer’s RAM
(Boschetti, 2011). The issue is that this physi-
cal reality does not imply that objects cannot
be designed and arranged (through the flow of
information transmitted between them) in such

a way that they represent entities relating to dif-
ferent levels of analysis (Epstein, 2014: 165; for
an example in biology, see Wang et al., 2013).

10. In general, reverse engineering involves
trying to reproduce the behaviour of an object
(software for example) without knowing its in-
ner workings (Eilam, 2005).
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The micro-macro transition problem

The discussion of the “internal” structure of a multi-agent system that I offered
above can be used in support of the idea that agent-based simulation opens promis-
ing avenues for tackling a central issue in sociology, the “transformation problem”,
or alternatively the “micro—macro” transition (see Wippler and Lindenberg, 1987
and Cherkaoui, 2003 respectively); that is, the analysis of mechanisms that enable
the behaviour of low-level entities to combine to produce regularities at a higher
level of abstraction.

In a classic article, James S. Coleman (1986: 1321) recognized the centrality of
the transformation problem and went as far as to assert that this problem, and not
that of the refinement of action theory (Coleman was then in debate with Talcott
Parsons), is “the major theoretical obstacle” to the development of sociological the-
ory. What matters for my purposes here is the way in which Coleman justifies this
assertion. According to him, the transformation problem is underdeveloped because
while quantitative techniques are well equipped to study the effects of belonging to
a particular group or a particular behaviour, sociologists do not possess comparable
refined techniques for studying systems of interdependent entities and the way in
which these interdependencies combine in a dynamic way to produce macroscopic
effects (ibid.: 1316, 1329).

When Coleman was developing this argument, although some embryonic forms
of agent-based simulation, such as Schelling’s, had already been formulated, it was
difficult to imagine the method’s recent developments. The preceding discussion
suggests that today multi-agent simulation is a powerful tool for addressing the
“transformation problem” because of the way in which it enables, on the one hand,
the modelling of low-level entities’ behaviour and, on the other, how it can tackle
the interdependence between these entities.

Regarding the first point, in economics, as in some sociology, the strategy that
is frequently adopted to deal with the transformation problem has been to give the
actor a very simple image (as a device carrying out optimization calculations) and
to suppose that all actors follow the same logic of action, which, because of the
postulated homogeneity, enables all actors to be treated as if they were one and
thus to apply the “representative agent” shortcut (on this point, see Alan Kirman,
1992). The argument that the image of the actor should remain simple in order to
avoid the aggregation problem becoming too difficult to examine (mathematically
in particular) is, moreover, often found within a particular actionist inspired tradi-
tion (Coleman, 1990: 19; for a more recent discussion, see Raub, Buskens and van
Hassen, 2011: § 5).1

Agent-based simulation provides us with a way out of this impasse because, since
the base entities are individually modelled in the form of “objects” and the result of
their behaviour at a given aggregation level is determined step-by-step, neither the
heterogeneity nor the type of actions that we grant to these entities is an obstacle to

11. Note that the realism that is the goal of an agent-based model can result in a more complex
image of the actor just as much as it can result in a greater simplification. In his latest book, Ep-
stein (2014: 3) draws inspiration from the neurosciences to increase the inner complexity of agents
and remarks that, while this discipline looks for more complexity within the actor, it does not have
the tools to describe the collective consequences of this infra-individual complexity. Agent-based
simulation, he emphasizes, should therefore be urged to do something about this. Many recent

444, Revue frangaise de sociologie, 55-4, 2014



Gianluca MANZzO

studying the transition from the “micro” to the “macro” level. Agent-based simula-
tion thus overcomes this compromise between simplistic microscopic hypotheses
and the feasibility of establishing macroscopic consequences by which a large part
of mathematical modelling and natural language are constrained.

The interdependency of actors, the aspect which, according to Coleman, is the
principal obstacle to modelling the passage from the microscopic to macroscopic
level, is the second element that can be particularly flexibly handled by agent-based
simulation. We have seen that one of the typical features of “objects” is that they are
able to communicate between themselves and to be arranged in spatial and/or reticu-
lar structures such that the behaviour of each artificial agent can depend on the agents
that make up its “neighbourhood”. This dependency can be modelled in a very de-
tailed way, since by playing with the “object” attributes we can represent the agents’
inner components, such as their beliefs, reasons and emotions, and make these evolve
dynamically as a function of the behaviour of the agents’ neighbourhood or even a
specific agent. The fundamental point here is that, since the elementary rules of be-
haviour are executed step-by-step, and the result of the local influences to which these
behaviours are submitted calculated progressively (by reinjecting these results in the
next iteration), the macroscopic result can be derived. Essentially, it is the recursive
nature of simulation that enables the determination of the macroscopic implications
of the local macro—micro influences embedded in a given interdependent structure.

To conclude, let us ask why agent-based simulation would be better able to tackle
interdependence in the micro—macro transition than social network analysis methods
(methods that Coleman himself considered to be a promising avenue) (the article
by Gabbriellini, in this issue, also addresses this question). If we consider the most
sophisticated statistical modelling of relational data (for an overview see Tom A. B.
Snijders, 2011), the difference between it and agent-based simulation stricto sensu
is two-fold. On the one hand, on the downside of effects constraining actors’ behav-
iour, the postulated mechanisms in these statistical models are limited to structural
properties, such as transitivity, without illuminating the microscopic origins of these
effects. An agent-based model can, in contrast, describe how each of these properties
has an effect on agents’ behaviour, by for example clarifying how the topology of the
network impacts on the components of the actors’ actions, such as opportunities and/
or beliefs. On the upside, then, the most sophisticated forms of statistical analysis of
social networks are intended to calculate the probability of the creation/destruction
of a tie and, consequently, the only types of macroscopic consequences these statisti-
cal models are interested in is the structure of the network itself. Agent-based simu-
lation, in contrast, can insert interdependencies mediated by a network of ties into
a more general mechanism and is thus interested in the macroscopic consequences
situated at a higher level of abstraction than the network itself.!?

(note 11 continued)

studies in cognitive psychology in contrast,
have disregarded the inner complexity of ac-
tors and experimentally study the shortcuts (the
“heuristics”) that the latter use to manage the
complexity of social life (for an overview of
this literature, see Gigerenzer and Gaissmaier,
2011). Agent-based simulation can also be
used to derive the macroscopic consequences
of models postulating networks of actors fol-
lowing a logic of homo heuristicus (for two

examples, see Todd, Billari and Simao, 2005;
Manzo and Baldassarri, 2015).

12. It is indeed to agent-based simulation as
a complement to network analysis that we turn
when the objective is to model the mechanisms
responsible for a particular structural property
in a more detailed way (Monge and Contractor,
2003: ch. 4) and when the aim of the analy-
sis is to study the systemic consequences of a
particular network structure (see, for example,
Centola and Macy, 2007).
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Agent-based simulation and empirical data

So far I have presented agent-based simulation as being capable, as a result of its
deep structure, of implementing theoretical models with whatever detail and of using
these to reconstruct in silico, in numerical form, the regularities we want to explain.
Conversely, I have not mentioned the relationship that can exist between agent-based
simulation and empirical data.

According to some, this is not a big omission. Indeed, agent-based simulation
(and simulation in general) is often considered to be incapable of making inferences
about the real world (see, among others, Griine-Yanoff, 2009). According to this
point of view, this method can only be an instrument for theorizing. In light of the
variety of strategies that are available today to relate agent-based simulation to em-
pirical data and to assess the robustness of a simulation, this criticism can be consid-
ered to be based on a simplistic vision of the method (for analyses along these lines,
see Muldoon, 2007; Reiss, 2011: 253—4; Casini, 2014). It is thus to these strategies
that relate agent-based simulation to empirical data that I would briefly like to turn.'

Depending on available data, one possibility is to compare the macroscopic nu-
merical structures (and dynamics) generated by the model simulation to aggregated
quantitative data from surveys, administrative sources or digital traces of various
types (such as those left on the internet) enabling the objectivization of macroscopic
regularities of interest. To make this comparison, statistical analysis can be used
both to describe the simulated and empirical data in parallel and to assess the dif-
ferences between the two data sets (see Gabbriellini in this issue). This process is
not simple (Fagiolo, Windrum and Moneta, 2007) and new procedures are regularly
proposed (Thorngate and Edmonds, 2013). It can nevertheless be done rigorously
when the data allow, either from a transversal or diachronic perspective (for two
examples, see Manzo, 2013a and Gonzalez-Bailon and Murphy, 2013, respectively).

The second agent-based simulation validation strategy is linked to the limitations
of the first. Indeed, the congruence between simulated and real macroscopic struc-
tures is not proof in itself of the realism of the microscopic and relational details
designed to generate the macroscopic structures. In Epstein’s (2006: 8—9) terminol-
ogy, this congruence only proves the model’s “generative sufficiency”, but it does not
exclude the fact that (partially) alternative microscopic specifications could generate
equally realistic macroscopic structures (and dynamics). Empirical “calibration” of
an agent-based simulation is a strategy destined to respond to this problem. The

13. The position I am defending here takes account of the point made by Michael Macy and
Yoshimichi Sato (2008: 1.4) when they note that “it is empirical research, not an agent-based model,
that bears the burden of proof. The computational model can generate hypotheses for empirical
testing, but it cannot ‘bear the burden of proof’.” Moreover, it is incontestable that wanting to relate
an agent-based simulation to empirical data has its dangers. Indeed, if the behaviour of the model
has not previously been studied systematically over its entire parameter space (I will come back to
this point in the following section), the researcher may fail to identify strange results (that could
result, for example, from a programming error) or incoherent results in relation to the theoretical
signification attributed to the represented mechanisms (signalling that these mechanisms have been
incorrectly formalized). Thus, approaching empirical data too early can lead to wanting to validate
a model that does not (yet) deserve this effort. While a purely theoretical exploration of an agent-
based model thus has a value in itself, it is completely legitimate (and technically possible) to con-
nect an agent-based simulation to empirical data once we have sufficient confidence in its solidity
and theoretical coherence.
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general idea is to base the microscopic and relational specification of the simulation
on empirical data so that the realism of the “low” level specification can be justified.

This calibration can be done indirectly or directly. In the first case, qualitative
and ethnographic observations (see Casilli, Rouchier and Tubaro in this issue; more
generally, Moss and Edmonds, 2005; Moss, 2008) or the results of laboratory experi-
ments (Duffy, 2006; Fischbacher and Géchter, 2010; Boero et al., 2010) are used
to define the agents’ behaviour and interactions. When calibrating an agent-based
simulation directly, in contrast, empirical information is introduced to several of the
model’s components in a quantitative form (as Noguera et al. and Gabbriellini do
in this issue). Depending on the model studied and the available data, we can for
example, input the values of the agents’ attributes based on the real probability dis-
tributions of these attributes or randomly extract these values from probability distri-
butions adjusted to real distributions (Brown and Robinson, 2006; Bruch and Mare,
2006). Functional (probabilistic) forms estimated from real data can also be used to
represent the way in which the artificial agents’ attributes combine and lead them to
a particular behaviour (Hedstrom, 2005: ch. 6). In a similar way, information from
empirical networks can be used to define the properties and topology of an artificial
network in which agents are supposed to evolve (Rolfe, 2014). Using georeferenced
data, we can even define the spatial structure of agents’ interactions on the basis of
real physical distances (Crooks and Castle, 2011; Girardin and Cederman, 2007).

By combining these different dimensions, when possible, we quickly arrive at
agent-based simulations that are tightly constrained by empirical data and have a
high degree of realism, in terms of the initial conditions for the agents’ behaviour,
their interactions, or their environment. Some now classical studies in archaeology
(for an overview, see Epstein, 2006: chs. 4-6), and epidemiology (for a recent ex-
ample, see Frias-Martinez, Williamson and Frias-Martinez, 2011) amply illustrate
these developed forms of empirical calibration, the objective of which becomes
the almost perfect reproduction in silico of the phenomenon of interest and the
prediction of its future states rather than the elimination of competing micro- and
meso-specifications."

The connection between agent-based simulation and empirical data is undoubt-
edly essential for this method to achieve the explanatory objectives attributed to it.
However, one must be aware that asking too much from empirical calibration, at
the “macro” as well as “micro” level, can lead the researcher to select the aspects
to model on the basis of the availability of empirical data. In this sense, empirical
calibration contains within it a “conservative” tendency at the theoretical level (on

14. When this variant of empirical calibration is used, agent-based simulation approaches other
forms of computer simulation, such as micro-simulation, which also model the behaviour of each
entity singularly on the basis of random empirically-calibrated events (for a detailed analysis of
micro-simulation in demography, see Imhoff and Post, 1998). Agent-based simulation differs,
however, from micro-simulation because it always leaves open the possibility of detailing some-
thing for which we have no empirical data in order to estimate a probability that we nevertheless
want to explore theoretically (Billari et al., 2006: 8). Work comparing agent-based simulation and
micro-simulation (see, among others, Mark Birkin and Belinda Wu, 2012; Eric Silverman et al.,
2013), stresses the greater flexibility of the former for modelling the effect of “high” level feedback
on the “low” level as well as the complexity of behaviours and interactions (on interdependence in
micro-simulation, see Imhoff and Post, 1998: 117-9). This is why Francesco C. Billari and Alexia
Prskawetz (2003: 4) suggest that micro-simulation should be considered to be a special case of
agent-based simulation.
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this point, see Fagiolo, Windrum and Moneta, 2007: 211-2). Thus, a compromise
should be found on a case by case basis between, on the one hand, the underlying
reason for using agent-based simulation as opposed to other forms of simulation,
namely the possibility to detail and investigate aspects for which there is insufficient
empirical data, and on the other hand, the legitimate desire to constrain the model
through empirical data.

Criticisms of agent-based simulation

The objection that inspired the previous section, according to which agent-based
simulation can only serve as a theoretical exploration tool, lies behind other criti-
cisms regularly made of this method (made with particular force by economists, see
Leombruni and Richiardi, 2005, for an overview). Since the results of agent-based
simulation depend on initial conditions (Fararo and Kosaka, 1976: 431-3; Sgrensen,
1976: 85, 89; more recently, Gould, 2002: 1169-70), are uncertain (Reiss, 2011: 258—
9), are not transparent (Young, 2006; Gintis, 2013; Treuil, Drogoul and Zucker, 2008,
ch. 7) and are only moderately comparable and reproducible (Fagiolo, Windrum and
Moneta, 2007: 198), agent-based simulation could not contribute to an understanding
of the real world and should, therefore, be limited to guiding our theoretical interests.

Although it is undeniable that these are valid criticisms, when looking in detail
at how agent-based simulation works in comparison to other methods that it is sug-
gested are more reliable, such as laboratory experiments, mathematical models or
statistical analysis and econometrics (for comparative analyses of this type, see, for
example, Leombruni and Ricchiardi, 2005; Winsberg, 2009; Reiss, 2011), we see
that agent-based simulation’s detractors (and those of simulation more generally)
tend to underestimate the presence of similar problems for the methods they prefer;
the cost of resolving certain problems with the help of these methods; and the solu-
tions that can be used to increase the reliability of results produced by (agent-based)
simulation. Without disregarding the fact that these solutions are still improvable
and difficult to implement (Thiele, Kurth and Grimm, 2014), I would like to focus
on the latter in what follows.

The conditional nature of agent-based simulation’s results

Simulated results always depend, on the one hand, on the parameters’ values
under which the simulation was performed, and, on the other hand, they depend on
each detail of the “internal” structure of the model. The strategies to pursue to ad-
dress the problem differ depending on available empirical information.

Dependency with respect to input values

In terms of the dependency of results on the chosen values for the model’s parameters,
if the researcher at least has accurate data on the macroscopic structure of inter-
est and if he has sound theoretical and empirical reasons to believe in the micro-
scopic specification of the model, it is possible to “fix” the value of these parameters
through the use of non-parametric iterative procedures that change the parameters’
values until the greatest proximity between the observed and simulated macroscopic
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structures is achieved (see Gabbriellini in this issue). This form of parameterization is
common among agent-based simulation’s practitioners: it is often called “calibration”
(Railsback and Grimm, 2011: ch. 20)."5 Conversely, when the researcher does not pos-
sess sufficiently detailed empirical data to “fix” the value of the parameters, analysis
of the model can only be based on what is called “sensitivity analysis”. Beyond the
variety of available technical options (for a detailed review, see Saltelli, Chan and
Scott, 2000; see also, Stonedahl and Wilenski, 2010), this approach can be under-
stood in two ways. In a strict sense, sensitivity analysis amounts to evaluating how
variable a model’s given result is for a given variation of one of its parameters (this
is what is sometimes called “local sensitivity analysis,” see Railsback and Grimm,
2011: 293-5; Casilli, Rouchier and Tubaro in this issue follow this procedure). In a
broader sense, sensitivity analysis means any strategy aimed at studying the way in
which the model’s behaviour changes in its parameter space, that is across all possible
combinations of values that each parameter of the model can receive (this is what we
call “global sensitivity analysis,” see Railsback and Grimm, 2011: 297; Noguera et al.
and Gabbriellini use a similar procedure). Multivariate statistical analysis can then be
used to describe the variations in the simulated results depending on the variations
in the parameter values (for two examples, see Fararo and Butts, 1999: 51-2; Manzo
and Baldassarri, 2015).

Dependency with respect to the internal structure

As for the model’s results’ dependence on its internal structure, when we do not
have sufficiently detailed empirical information to “fix” this structure (in other words,
when the forms of “calibration” discussed in the previous section are not feasible),
the avenue to pursue is that of “robustness analysis” (Railsback and Grimm, 2011:
302-6). In contrast to sensitivity analysis, it is not easy here to suggest general reci-
pes because, by definition, the internal structure of a model is specific to that model
(Epstein, 2006: 30—1). As a general rule, however, assessing result stability is a matter
of adjusting the following aspects: a) the form of probability distributions used for the
stochastic parts of the model; b) the functional forms adopted to link the elementary
entities’ attributes; c¢) the rules of behaviour of these entities; d) the structure of their
interactions (which is often done by simulating the model under several network to-
pologies, a practice made popular by R. Axtell, 2001; see also Noguera et al. in this
issue); e) the sequence followed to “call” each entity; and f) the way in which the
behaviours of elementary entities are adapted and updated from a temporal point of
view (on these last two points, see Axtell, 2001; Miller and Page, 2004).

The uncertainty of the results of an agent-based simulation

A second tricky aspect of the analysis of an agent-based simulation is the vari-
ability of results obtained depending on the internal structure of the model for the
same set of parameters when the model is repeated several times (Troitzsch, 2014).

15. In macroeconomics, there is a lively debate around the possibility of calibrating theoretical
models studied through simulation (see the critique by Hansen and Heckman, 1996, on the ap-
proach to the study of real economic cycles). J. Reiss (2011: 256—60) explains why it would be a
mistake to transpose this debate as it stands to the field of agent-based simulation and therefore to
use it to criticise this specific form of simulation.
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The source of this variability is in the random elements contained in the model (such
as a probabilistic decision rule determining the choice of agents, for example). It
should be controlled so as not to confuse the variability due to a substantial change
in the model with that derived from its random components (which can be done
by controlling the “seed” that manages the generation of pseudo-random numbers
in the simulation). This variability must also be quantified and described, which
requires that the simulation be replicated a certain number of times for each set of
parameters. This requirement increases the calculation time needed to study a model
(especially when systematically examining the parameter space) and demands the
researcher be creative in the presentation of results. In this regard, when looking at
the macroscopic behaviour of the model, we can describe the central tendency of
the distribution of repetitions accompanied by a measure of dispersion. If the objec-
tive is to compare simulated macroscopic data and real aggregated data, a possible
strategy is therefore to evaluate the degree of overlap between variability in the
simulation between repetitions and the empirical variability between different sam-
ples (for an example of this strategy, see Manzo, 2013a). The issue is trickier when
one is interested in the trajectories of each artificial agent. In this case, the plurality
of parameter combinations to study with the variability of simulations within each
combination rapidly generates very large and difficult to describe data structures.
Multi-level regression models have recently been suggested to deal with this twin
variability (for two examples, see Manzo, 2013b; Fountain and Stovel, 2014).

The transparency of the results of an agent-based simulation

This reference to the trajectories of each agent brings us to a third thorny issue
for agent-based simulation, namely understanding the inner workings of the model
being simulated. By inner workings I mean the numerical details of the way in which
agents evolve, their interactions and the feedback effects that take place once the
simulation is launched. Indeed, although the theoretical mechanisms coded in the
computer program might be perfectly clear (it is us who designed them!), the process
generated by these mechanisms is not always easy to understand. Moreover, it is this
process that must be understood to clarify the origin of the model’s behaviour in the
different areas of its parameter space.

The weight of this task varies depending on the complexity of the model’s micro-
scopic specification (Macy and Flache, 2009: 261-4). To some extent, sensitivity anal-
ysis is itself a tool to help develop intuitions on the model’s workings (on this subject,
see the first, second and sixth “heuristics” proposed by Railsback and Grimm, 2011:
280, 282). In a similar vein, the mathematical description of the sequences of states
through which the model passes—using differential equations (Huet and Deffuant,
2008) or Markov chains (Izquierdo, Izquierdo and Segismundos, 2013), for exam-
ple—can aid a better understanding of the model’s dynamics. To grasp the numerical
detail underlying the aggregate behaviour of an agent-based simulation, however, it
is often necessary to use more specific procedures. In some cases it is possible to
sequentially activate postulated mechanisms so that we can isolate their effects on
both the internal dynamic of the model and its aggregated results (for an example,
see Manzo, 2013a). When this operation is insufficient (or impossible because the
postulated mechanisms are embedded) ad hoc measures need to be invented—which
Railsback and Grimm (2011: 284) call the model’s “currencies”—to study how a par-
ticular “low” level aspect evolves over time, as well as its impact on the aggregated
result of interest (Noguera et al., in this issue, followed this type of approach).
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The reproducibility of the results of an agent-based simulation

The standardization of procedures for the construction and analysis of an agent-
based model is also a critical issue in itself (for a detailed review, see Miiller et
al., 2014). Despite the development of platforms for constructing and analysing
agent-based simulations (Nikolai and Madey, 2009; Lytinen and Railsback, 2012),
researchers in this field have found themselves largely in the same position as that
which characterized the use of statistical methods in the social sciences until the
appearance of software packages (on this point, see Gilbert and Bankes, 2002),
a period in which the researcher had to write his or her own computer code im-
plementing the required algorithms. This situation is, in part, due to the nature
of agent-based simulation itself. Since it requires the formalization of mechanisms
able to generate a given regularity, the type of computer code needed to implement
a representation of these mechanisms depends largely on the observed phenomenon
and the hypotheses one seeks to formalize.

This specificity nevertheless has a negative consequence: models have multiplied
rather than accumulated (on this point, see Rouchier, 2013). Since it is not easy to
explain all the details of a model in an article and the computer code is not always
made available, replication of published models is difficult. When the exercise is
done, analysis is generally limited to proving that a particular result of the observed
model is not confirmed if a particular aspect of the model is changed (see, for ex-
ample, Galan and Izquierdo, 2005; Meadows and Cliff, 2012; Van de Rijt, Siegel
and Macy, 2009; Wilensky and Rand, 2007) and, often because of the lack of infor-
mation provided, the analysis results in a controversy as to what the authors could
replicate compared to what they actually replicated (on this point, it is, for example,
instructive to read the following in order, Will and Hegselmann, 2008; Macy and
Sato, 2008).

To create more transparent communication that could aid both re-use and rep-
lication of models, two trends have emerged. On the one hand, protocols for the
standardized presentation of agent-based models have been proposed (Richiardi et
al.,2006; Grimm, Berger and DeAngelis, 2010). On the other, platforms for the clas-
sification and sharing of models—either generic (such as OpenAbm; see Janssen et
al., 2008) or specific to a particular language (such as NetLogo)—have developed.
Although it may seem like an aside, we should note finally the growing awareness
of the importance that teaching this method (still rare in university social science
programmes) could have for the diffusion of good methodological practice (on this
point, see Macal and North, 2013).

In the social and human sciences, in France as elsewhere, agent-based simula-
tion is only used by a minority of researchers. For this reason, the introduction I
have written to this method is aimed more at readers curious to discover it than at
specialists. My aim was to provide a guide to navigate a way through the principal
theoretical and methodological debates that shape the rich and continuously expand-
ing literature on agent-based simulation.

Thus, relying on examples, I first clarified what agent-based simulation is and in
what ways it differs from other forms of computer simulation. In particular, I argued
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that flexibility is a distinctive feature of this method, both from the point of view
of what it allows us to represent and the formalism that it enables us to manipulate.
Next, I stressed the fact that agent-based simulation enables the implementation of
a specific conception of explanation, namely the idea that explaining amounts to
reconstructing the explanandum, and I demonstrated that this conception was asso-
ciated with computer simulation in various disciplines (including beyond the social
sciences). Finally I showed the “deep” source of agent-based simulation’s flexibility,
notably by delving into the details of the type of programming languages underlying
the construction of a multi-agent system. This more technical section also allowed
me to show why agent-based simulation opens promising avenues for the construc-
tion of theoretical models that deal with, rather than avoid, the “micro—macro” tran-
sition problem. Finally, I addressed the criticisms that agent-based simulation has
to overcome in order not to descend into “science fiction”, which led me on to a
discussion of strategies that can be used to relate an agent-based simulation to em-
pirical data, in order to evaluate the stability of simulated results and to understand
the inner workings of a simulation.

The foregoing analysis is an enthusiastic one, well-disposed and open to the
potential of agent-based simulation. As my roundup of the criticisms of this method
suggested, my introduction (and this special issue more generally) is not however
intended to be a naive pro domo defence of agent-based simulation. Indeed, the
history of the discipline invites prudence. We need only reread Boudon (1965) and
Padioleau (1969) to appreciate that in the 1960s and 1970s, computer simulation was
perceived as being able to provide sociology with more theoretically and empiri-
cally solid foundations. The current state of the discipline shows that simulation,
however, is still not part of its current methods. Moreover, the articles by Boudon
and Padioleau raised the epistemological and methodological problems I discussed,
problems that evidence shows are far from being resolved. Thus, despite the undeni-
able power of agent-based simulation in comparison to simulation methods that have
been available for around fifty years, it is completely legitimate to feel a sense of
déja-vu towards the enthusiasm generated by this method.

So, in conclusion, allow me to indicate two avenues that should be actively pur-
sued in order to reduce the likelihood that this enthusiasm will once again prove
to be misplaced. On the one hand, our ability to use agent-based simulation in con-
junction with other methods could help this technique better connect to empirical
data and better help us to understand the functioning of the models studied (I have
stressed this point elsewhere, see Manzo, 2014). On the other hand, how we are
able to integrate teaching this method in university curricula seems crucial. It is
through circulation (between sub-disciplines and generations) and through teaching
that these ideas will take root, spread and evolve.
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To go further

At present, the sociologist eager to learn about agent-based simulation must train him- or
herself by gathering different materials scattered within a heterogeneous literature. Indeed
there is still no standard training course, codified in a manual for example, that delivers all
the conceptual and technical expertise needed to work with this method. Similarly, train-
ing opportunities are rare. To overcome this limitation (accurately described by Charles M.
Macal and Michael J. North, “Successful Approaches for Teaching Agent-Based Simulation,”
Journal of Simulation, 2013, 7: 1-11), I offer readers wishing to go further a series of stages
amounting to a possible agent-based simulation self-study course.

Stage 1

Modelling and agent-based simulation are part of a research field, which is itself hetero-
geneous, that makes reference to “complexity.” The first step is thus to familiarize yourself
with the ideas and methods that shape this field. To this end, I suggest studying in the fol-
lowing order, Melanie Mitchell’s general introduction (Complexity. A Guided Tour. Oxford:
Oxford University Press, 2007) and the more specialist book by John H. Miller and Scott E.
Page (Complex Adaptive Systems. An Introduction to Computational Models of Social Life.
Princeton, NJ: Princeton University Press, 2007).

Stage 2

To gradually work towards the more technical aspects, it is worthwhile first familiar-
izing yourself with the basic principles common to all computer simulation methods and
second, to gain a better understanding of the way in which agent-based simulation differs
from other forms of computer simulation. To do this I recommend reading, in the following
order, Averill Law’s book (Simulation Modeling and Analysis. New York, NY: McGraw-Hill,
2007) and Nigel Gilbert and Klaus Troitzsch (Simulation for the Social Scientist. New York,
NY: McGraw-Hill International, 2005).

Stage 3

Armed with this more detailed, but still relatively general, knowledge of agent-based
simulation, it is then worth familiarizing yourself with a few classic works in which this
method was used to analyse theoretical models of specific social phenomena. So I advise
you to study, in the following order, the review of models contained in Flaminio Squazzoni’s
book (Agent-Based Computational Sociology. Chichester: Wiley, 2012) as well as the many
examples presented by Joshua M. Epstein (Generative Social Science: Studies in Agent-Based
Computational Modeling. Princeton, NJ: Princeton University Press, 2006).

Stage 4

To complete your understanding of agent-based simulation, it is worth, finally, discover-
ing its computational aspects. To do this I suggest making a detour through the literature
on computing: the book by Michael Wooldridge (An Introduction to Multi-Agent Systems.
Chichester: John Wiley & Sons, 2009) is an excellent starting point, as well as the very de-
manding book by Yoav Shoam and Kevin Leyton-Brown (Multi-agent Systems: Algorithmic,
Game-Theoretic, and Logical Foundations. Cambridge: Cambridge University Press, 2009).
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Stage 5

An important element to be able to construct and study agent-based simulations is the
modelling of social networks. So, before moving on to the more practical stage (the next
stage), I suggest familiarizing yourself with the type of approach to social networks that best
fits agent-based simulation. To this end, I recommend an introductory, but rigorous book by
David Easley and Jon Kleinberg (Networks, Crowds, and Markets: Reasoning about a Highly
Connected World. Cambridge: Cambridge University Press, 2010).

Stage 6

At this stage, all the elements are in place for the reader to consider moving on to
the practical work of agent-based simulation: programming. There are now many tools
and languages for constructing multi-agent systems (for an overview, see Cynthia Nikolai
and Gregory Madey, “Tools of the Trade: A Survey of Various Agent Based Modeling
Platforms.” Journal of Artificial Societies and Social Simulation, 2009, 12(2): 2,
online: http:/ljasss.soc.surrey.ac.uk/12/2/2.html). Paradoxically, however, there are practi-
cally no books combining teaching a specific programming language, agent-based simulation
and its application to social phenomena. Although flawed in several respects (in particular
regarding algorithms enabling the construction of artificial networks) the book by Steven
Railsback and Volker Grimm (Agent-Based and Individual-Based Modeling: A Practical
Introduction. Princeton, NJ: Princeton University Press, 2011) on the NetLogo language is a
notable exception and is a very good starting point.

Stage 7

When an agent-based simulation has been built, it then has to be studied. A source
providing a practical overview of the different strategies the researcher can pursue is
the recent article by Jan C. Thiele, Winfried Kurth and Volker Grimm (“Facilitating
Parameter Estimation and Sensitivity Analysis of Agent-Based Models: A Cookbook Using
NetLogo and R.” Journal of Artificial Societies and Social Simulation 2014, 17(3): 11,
online: http://jasss.soc.surrey.ac.uk/17/3/11.html). To understand the role of mathemati-
cal analysis in the study of agent-based simulation, the demanding book by Jean-Pierre
Treuil, Alexis Drogoul and Jean-Daniel Zucker (Modélisation et simulation a base d’agents.
Exemples commentés, outils informatiques et questions théoriques. Paris: Dunod, 2008) is
a valuable reference.

Obviously, this training path is not the only possible one. It corresponds to my
own way of learning, going from the general to the specific, as well as my own experi-
ence over the years. The proposed series of steps is, moreover, based on a necessarily re-
duced selection of resources currently available in the field of agent-based simulation. To
expand on this selection and to complete my suggestions, I therefore invite the reader to
explore the American economist, Leigh Tesfatsion’s website at the following address:
http://lwww?2.econ.iastate.edul/tesfatsilace.htm.
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