SOCIAL EXPLANATION AND
COMPUTATIONAL SIMULATION
R. Keith Sawyer

I explore a type of computational social simulation known as artificial societies. Artificial society
simulations are dynamic models of real-world social phenomena. I explore the role that these
simulations play in social explanation, by situating these simulations within contemporary
philosophical work on explanation and on models. Many contemporary philosophers have
argued that models provide causal explanations in science, and that models are necessary
mediators between theory and data. I argue that artificial society simulations provide
causal mechanistic explanations. I conclude that in their current form, these simulations are
based on methodologically individualist assumptions that could limit their potential scope of
social explanation.

Simulation and Explanation
In this paper, I explore the role of computer simulations in social explanation. I
focus on artificial societies, computational simulations of human societies that use a new
technology known as multi-agent systems (MAS; Sawyer 2003a). A MAS is a set of autonomous computational agents that operate in parallel. The simulation consists of first
designing a model of the agent, designing a communication language, specifying a
network of connectivity, and then activating all of the agents and observing the macrobehaviour that emerges over time as the agents interact. This recent approach can be
contrasted with an older generation of social models that use equation-based modelling
or analytics—for example, system dynamics models that use difference or differential
equations to relate macro-social variables like population, immigration and unemployment
(Parunak, Savit, and Riolo 1998). In the 1990s, computer modelling techniques and computational power evolved to the point where MAS became a viable simulation tool for sociologists and economists (Sawyer 2003a).
In what sense can an artificial society be said to explain a real-world sociological
phenomenon? Although there has been almost no philosophical attention to these simulations, artificial society modellers themselves have often engaged in discussions of the
scientific status of their simulations. Within this community, there is disagreement about
the scientific status of the simulations. Opinions fall into two camps: the ‘simulation as
theory’ camp, and the ‘simulation as experiment’ camp.
Representing the first group, many of those developing simulations believe that in
building computer simulations, they are engaged in a form of theory construction
(Conte et al., 2001; Markovsky 1997; also see Ostrom 1988). Multi-agent technology
emerged from the artificial intelligence community, and as long ago as the 1970s, artificial
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intelligence developers often argued that their models were improvements on the theories
of cognitive psychologists. This attitude has been inherited by some artificial society developers; they argue that social simulation is a more sophisticated and advanced form of social
theory, because concepts and axioms must be rigorously specified to be implemented in
a computer program, unlike the ‘discursive theorizing’ of many sociologists, which is relatively vague and hard to test empirically (Conte et al. 2001; Turner 1993). As Markovsky
(1997) noted, turning a (discursive) sociological theory into a simulation is not a transparent
translation. A variable in the theory may turn out to be central to the simulation, or it may
turn out not to matter very much; one cannot know which without going through the exercise of programming the simulation. Writing a simulation almost always reveals logical gaps
in a theory, and these must be filled in before the simulation will work. As a result, simulations often introduce logical relationships that the original theory did not specify, and
they contain gap-filling assumptions that the theory never made.
Representing the second group, other social simulators have argued that running a
simulation is akin to running a virtual experiment (Carley and Gasser 1999). Simulations
cannot explain in and of themselves, but can only serve as tests of a theory. In a virtual
experiment, a model is developed that simulates some real-world organization, but with
one or more features modified to create experimental conditions that can be contrasted.
For example, the same organization could be modelled multiple times, but with a strong
authority figure in one simulation, and a diffuse authority structure in another (Carley
and Gasser 1999). Whereas it would probably be impossible to implement such an experiment with real-world societies, a computer model readily allows such manipulation. When
the model is started, the simulations that result behave in ways that are argued to be analogous to how the real-world organization would have behaved, in each of the different
conditions. In this view, because the simulation plays the role of a data-generating experiment, it doesn’t provide an explanation; rather, it provides raw data to aid in theorizing,
and the theory ultimately provides the explanation.
To clarify the potential role of simulation in social science, I draw on two longstanding topics in the philosophy of science: the nature of explanation and the role of
models in science. I propose that artificial society simulations mediate between theory
and data. Many philosophers argue that in playing this mediating role, models are more
fundamental to science than theories. To the extent that such arguments are correct, artificial society simulations will increasingly play a central role in social explanation.

Scientific Explanation
Explanations are attempts to account for why things happen—singular events or
regular, repeatable patterns. In the philosophy of science, there is a long history of discussion surrounding scientific explanation, including the deductive-nomological (DN) or
covering-law approach (Hempel 1965), the statistical relevance approach (Salmon 1971),
and mechanistic approaches (Bechtel and Richardson 1993; Salmon 1984). In this paper, I
limit the term ‘explanation’ to causal explanation (cf. Little 1998; Woodward 2003). The
relation between causation and explanation is complex; some philosophers of science
hold that all explanation must be causal, whereas others deny this. For example, in the
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DN tradition of logical empiricism, laws are said to provide explanations, even though the
status of causation is questionable—causation is thought to be nothing more than an
observed regularity as captured by a covering law. In the more recent mechanistic
approach, in contrast, causation is central to explanation. In this paper, I take the mechanistic position that causal mechanism is central to explanation, but I first briefly summarize
the covering-law notion of explanation.
In the covering-law approach, a phenomenon is said to be explained when salient
properties of the event are shown to be consequents of general laws, where the antecedents can also be identified. The phenomenon is said to be explained by the combination
of the antecedent conditions and the laws that then result in the phenomenon. A strength
of the covering-law approach is that laws both explain and predict; once a law is discovered, it can be used both to explain past phenomena and also to predict when similar
phenomena will occur in the future.
Covering-law models have always been problematic in the social sciences, primarily
because of difficulty translating the notion of ‘law’ to social reality. After all, advocates of the
covering-law model have had trouble adequately defining ‘law’ even in the physical world
(Hempel 1965). Candidates for social laws always have exceptions—they are ceteris paribus,
and laws with exceptions are problematic in the DN approach. There is a history of debate
concerning whether social laws exist at all, with prominent social theorists such as Anthony
Giddens arguing that there are no social laws (1984), and other prominent social theorists
arguing that there are (e.g. Peter Blau 1977, 1983). Philosophers of social science have taken
various positions on the status of social laws (Beed and Beed 2000; Kincaid 1990; Little 1993;
McIntyre 1996). Much of this discussion centres on what constitutes a law: must it be invariant and universal (Davidson’s ‘strict law’ 1980), or can it be ceteris paribus, admitting of
some exceptions? Even the strongest advocates of lawful explanation admit that there
are no strict laws in the social sciences; these laws will typically have exceptions, and in
those cases, the law cannot provide an explanation.
In the last decade or so, philosophers of biology (Bechtel 2001; Bechtel and
Richardson 1993; Craver 2001, 2002; Glennan 1996; Machamer, Darden, and Craver 2000)
and philosophers of social science (Elster 1989; Hedström and Swedberg 1998; Little
1991, 1998; Stinchcombe 1991) have begun to develop a different approach to explanation,
one based on causal mechanisms rather than laws. In the mechanism approach, a phenomenon is said to be explained when the realizing mechanism that gave rise to the phenomenon is sufficiently described. Mechanistic accounts of explanation are centrally concerned
with causation. For example, Salmon’s (1984, 1994, 1997) causal mechanical model focuses
on causal processes and their causal interactions; an explanation of an event traces the
causal processes and interactions leading up to that event, and also describes the processes
and interactions that make up the event.
Mechanists generally reject the Humean account of causation as a linked chain of
events that happen regularly. Rather than explanation in terms of laws and regularities, a
mechanism approach provides explanations by postulating the processes constituted by
the operation of mechanisms that generate the observed phenomenon. The explanation
is provided by the specification of often unobservable causal mechanisms, and the identification of the processes in which they are embedded. Thus, mechanistic approaches
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implicitly assume a realist perspective and reject empiricism (Aronson, Harré, and Way 1995;
Bhaskar 1997; Layder 1990; Little 1998). Mechanists are realists in that an explanation is constructed by identifying the real causal processes operating in the world. They are antiempiricists to the extent that they reject the claim that covering laws explain anything—
on the grounds that such laws do not tell us anything about the (real) underlying
(causal) processes that gave rise to the observed regularity.
The mechanism approach to explanation has many precedents in sociology; microsociologists have long argued that macro-social properties can only be explained in
terms of the mechanics of the relationships between individuals (Collins 1981; Ellis 1999;
Lawler, Ridgeway, and Markovsky 1993; Rawls 1987, 1990; Ritzer and Gindoff 1992).
For example, Collins (1981, 990) argued that macro-sociological statements must be
explained in terms of the ‘mechanism by which conditions—certain arrangements of microconditions—motivate human actors to behave in certain ways’. In empirical practice, this
concern with relationships has led to a focus on social mechanisms; much of social psychology focuses on the interactional mechanisms that give rise to the emergence of group
properties (see Sawyer 2003b).

Artificial Societies: Explaining by Simulating
Using artificial society simulations, researchers have begun to model the mechanisms
whereby macro-social properties emerge from interacting networked agents. An artificial
society contains many autonomous computational agents that negotiate and collaborate
with each other, in a distributed, self-organizing fashion. The scientific realist foundations
of this approach are strongly implicit among such researchers (Cederman 2002; Epstein
1999), and the parallels with causal mechanism approaches in the philosophy of science
are striking (Sawyer 2004).
Many artificial societies have explored one of the most fundamental economic and
sociological questions: what is the origin of social norms? For example, how do norms of
co-operation and trust emerge? If autonomous agents seek to maximize personal utility,
then under what conditions will agents co-operate with other agents? In game theory
terms, this is a prisoner’s dilemma problem. Many studies of co-operation in artificial
societies have been implementations of the iterated prisoner’s dilemma (IPD), where
agents interact in repeated trials of the game, and agents can remember what other
agents have done in the past (Axelrod 1997).
The sociologists Macy and Skvoretz (1998) developed an artificial society to explore
the evolution of trust and co-operation between strangers. In prior simulations of the prisoner’s dilemma, trust emerged in the iterated game with familiar neighbours, but trust did
not emerge with strangers. Macy and Skvoretz hypothesized that if the agents were
grouped into neighbourhoods, norms of trust would emerge among neighbours within
each neighbourhood, and that these norms would then extend to strangers. Their simulation contained 1,000 agents that played the prisoner’s dilemma game with both familiar
neighbours and with strangers. To explore the effects of community on the evolution of
PD strategy, the simulation defined neighbourhoods that contained varying numbers of
agents—from nine agents per neighbourhood to 50. Different runs of the simulation
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varied the embeddedness of interaction: the probability that in a given iteration, a player
would be interacting with a neighbour or a stranger. These simulations showed that conventions for trusting strangers evolved in neighbourhoods of all sizes, as long as agents
interacted more with neighbours than strangers (embeddedness greater than 0.5). The
rate of co-operation among strangers increased linearly as embeddedness was raised
from 0.5 to 0.9. Simulations with smaller neighbourhoods resulted in a higher rate of
co-operation between strangers: at 0.9 embeddedness, the rate of co-operation between
strangers was 0.62 in the 10-member neighbourhood simulation, and 0.45 in the
50-member neighbourhood simulation (Macy and Skvoretz 1998, 655).
Macy and Skvoretz (1998, 657) concluded that these neighbourhoods—characterized
by relatively dense interactions—allow conventions for trusting strangers to emerge and
become stable and then diffuse to other neighbourhoods via weak ties. If an epidemic
of distrusting behaviour evolves in one segment of the society, the large number of
small neighbourhoods facilitates the restoration of order. This simulation demonstrates
how social structure can influence micro-to-macro emergence processes; co-operation
with strangers emerges when agents are grouped into neighbourhoods, but not when
they are ungrouped.
An advocate of the causal mechanist approach to explanation would argue that the
Macy and Skvoretz simulation provides candidate explanations of several social phenomena. First, the simulation explains how norms of co-operation could emerge among
friends in small communities—because exchanges are iterated, and agents can remember
their past exchanges with each other, they learn that co-operation works to everyone’s
advantage. Second, the simulation explains how norms of co-operation with strangers
could emerge—as local conventions diffuse through weak ties. And in addition, the simulation explains how several variables contribute to these effects—variables like the size of
the neighbourhood and the embeddedness of each agent.
Advocates of a covering-law approach to explanation might prefer to think in terms
of lawful generalizations. The above simulation suggests at least two: first, cooperation
among strangers is greater when the neighbourhoods are smaller, and second, cooperation
among strangers increases linearly with embeddedness. In a DN empiricist approach, such
laws could be hypothesized and then tested through empirical study of existing human
societies, and no understanding of the causal mechanism would be necessary. The mechanist would counter that the identification of empirically supported lawful relations does not
constitute an explanation. One hasn’t identified a causal explanation until one has identified the underlying social mechanisms that realize the regularities captured by the law.
The Macy and Skvoretz simulation helps to provide this form of causal explanation.

Models in Science
Multi-agent simulations are quite new in the social sciences, and there has not yet
been much philosophical attention to them. However, there is a long philosophical tradition of studying the role of models in science more generally. In this section, I briefly summarize this tradition, and I explore how it can help us to understand the role of
computational simulation in social explanation.
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Most philosophers who emphasize the importance of models in science agree with
what I call the standard view: models are not theories and are not data, but they play an
essential role in mediating between the two. Cartwright (1983) was an influential treatment
of models as mediators between theories and the world. Cartwright noted that models are
not deducible from the theories in which they are embedded; also, that mutually inconsistent models can be used within the same theory. Models tend to be robust under theory
change; even when the theory is discarded, the model is retained.
Logical empiricism rejected modelling, instead focusing on theory as logical and algebraic form. In logical empiricism, a theory is an axiomatization in first-order logic. Axioms
are formulations of laws that specify relationships between theoretical terms. There are
theoretical terms and observation terms; the latter have to ‘correspond’ to some observational consequences (using ‘correspondence rules’). This is sometimes known as the ‘syntactic view’ or the ‘received view’ of theories.
The model view of theories replaces the syntactic formulation with the theory’s
models. Instead of formalizing the theory in first-order logic, one defines the intended
class of models for the theory. This approach is known as the ‘semantic view of theories’,
which identifies theories with sets or families of models—a structured set of objects with
properties and relations among them (after Suppes 1969a). The semantic view is an
alternative to the syntactic view of theories associated with logical empiricism, which identifies a theory with a body of theorems or axioms, stated in a language chosen to express
that theory. ‘Semantic’ means that the model provides a realization in which the theory
is satisfied. Families of models can be characterized axiomatically/syntactically, but those
characterizations don’t play much of a role in the scientist’s understanding or use of theories; a model is ‘non-linguistic’ (Giere 1988; van Fraassen 1980). Some philosophers hold
that models are isomorphic to the real system (van Fraassen 1980; Suppes 1969a; but
see Giere 1999). Others emphasize that a model is structurally similar to the real system;
it is representational (Giere 1999; Taber and Timpone 1996).
In the standard view, models are not theory and are not copies of data, but rather are
mediators between both, and as such are not subordinate to theory nor data but are autonomous from both. Some models are more similar to theories, others more similar to data (Morrison and Morgan 1999, 25). Modelling always involves simplifications and approximations
which are decided independently of theory and data (Morrison and Morgan 1999, 16). They
typically embody elements of idealization and abstraction, even sometimes including
objects that don’t have physical analogues—like treating the electron as a point particle.
Models are used as instruments to build theory (Morrison and Morgan 1999, 18) and
as tools to explore existing theories (1999, 19). They are essential ingredients in the practice
of science, like measuring instruments and experimental methods (Guala 2002). We learn
from models not by observing them, but by building and manipulating them (Lave and
March 1975; Morrison and Morgan 1999, 12). Thus, the recent interest in models parallels
a strong turn towards a focus on science as practice, rather than a view of science as a
body of knowledge.
Some philosophers make strong arguments for the centrality of models in science.
For example, Giere (1999, 54) holds that many models are in fact theories too, ‘it is
models almost all the way up’. And because models are not compared to unmediated
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data, but to models of data (following Suppes 1969b), ‘it is models almost all the way down’
too (Giere 1999, 55).
Models can be either static or dynamic. Simulations are dynamic models in which
temporal processes are represented (Guala 2002; Hartmann 1996). Artificial society simulations are dynamic models, because they are simplified representations of postulated
real-world processes. They are mechanistic because they represent the causal structure
of social mechanisms.

The Problem with Artificial Society Models
Causal mechanist accounts of scientific explanation can be epistemically demanding.
For example, many behaviours of a volume of gas can be explained by knowing a single
number, its pressure; yet a mechanist account requires the identification of the locations
and movements of all of the contained molecules. A strict focus on mechanistic explanation
would hold that the ideal gas law does not explain the behaviour of a volume of gas; only
an account in terms of the individual trajectories of individual molecules would be explanatory. And even that would be an incomplete explanation, because the gas would manifest the same macroscopic behaviour even if the individual molecules had each taken a
different trajectory; certainly, an explanation should be able to account for these multiple
realizations.
A social mechanist account often requires information that is unavailable, or that
science is unable to provide. For example, many behaviours of a society can be explained
by knowing whether it is individualist or collectivist (Markus and Kitayama 1991; Triandis
1995). Such properties figure in lawful generalizations like ‘individualist societies are
more likely to be concerned with ownership of creative products’ and ‘collectivist societies
are more likely to practise co-sleeping’. In contrast to such simple and easy-to-understand
regularities, a mechanist explanation of the same patterns requires quite a bit of knowledge
about each participant in that society, and their interactions with each other. Social
mechanist approaches are analogous to the sociological positions held by methodological
individualists (Hedström and Swedberg 1998). In extremely complex systems like human
societies, it may be impossible to develop an explanation in terms of individual actions
and interactions, even though we may all agree that such processes are nonetheless
there at some underlying or ‘realizing’ lower level.
The issue here is identifying the right level of description, and the mechanistic or realizing level is often too detailed to provide us with understanding. There are many cases in
science where it seems that reduction is not the best strategy for scientific explanation. For
example, higher-level events like mental events supervene on physical processes but do
not seem to be reducible to a unique set of causal relationships in terms of them.
The most accurate simulation would come very close to replicating the natural phenomenon in all its particulars. After such a simulation has been successfully developed, the task
remains to explain the simulation; and for a sufficiently detailed simulation, that could be
just as difficult as the original task of explaining the data (Cilliers 1998). Computer programmers often have difficulty explaining exactly why their creations behave as they do, and artificial society developers are no different. Mechanistic accounts of explanation need to more
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directly address issues surrounding levels of explanation and epistemic and computational
limits to human explanation and understanding (see Sawyer 2003a, 2004).
The unresolved sociological debate is about how explanation should proceed.
Methodological individualists argue that one should proceed by analysing the system’s
components, then their relations and the behaviours of bigger system components, and
all the way up until we have the explanation of the emergent social property. Artificial
societies that simulate only individual agents and their interactions are methodologically
individualist (Conte et al. 2001). The great majority of these simulations do not contain
any explicit representation of macro-social properties or entities (there are exceptions;
see Sawyer 2003a). But if there are real emergent social properties, with downward
causal powers over component individuals, then methodologically individualist simulation
will fail to provide explanations of those social phenomena—for essentially the same
reasons that philosophers of mind now believe that physicalism is inadequate to explain
mental phenomena (see Sawyer 2002). Some social properties—such as the property of
‘being a collectivist society’ or ‘being a church’—are multiply realized in widely different
social systems. A simulation of a realizing mechanism of one instance of ‘being a church’
would explain only one token instance, but would fail to explain broadly the full range
of mechanisms that could realize the social property. To return to the Macy and Skvoretz
simulation, the norm of co-operation could emerge in many other realizing social
systems, yet the norm might have the same downward causal effects regardless of its
realizing mechanism. If so, then a simulation of one realization is only a partial explanation
of a more general social phenomenon; it does not explain the other ways that human
co-operative behaviour could be realized.
Artificial societies and social mechanists alike deny a sociological realism that accepts
social properties as real: for example, ‘A “class” cannot be a causal agent because it is
nothing but a constructed aggregation of occupational titles’ (Hedström and Swedberg
1998, 11; also see Abbott 1996, 3). If macro-social properties are real, then they have an
ontological status distinct from their realizing mechanisms, and may participate in causal
relations (this point continues to be actively debated and the arguments are complex;
see Sawyer 2003c). An accurate simulation of a social system that contains multiply realized
macro-social properties would have to represent not only individuals in interaction, but also
these higher-level system properties and entities (Sawyer 2003a).

Laws and Mechanisms
Philosophers who examine models generally believe that in scientific practice,
models work hand-in-hand with theories; both are necessary. Analogously, many philosophical advocates of mechanism believe that mechanistic explanation is compatible with the
existence of higher-level laws. Mechanisms are said to explain laws (Beed and Beed 2000;
Bunge forthcoming; Elster 1998). Bunge (2004) and Little (1998) argued that causal mechanistic accounts are fully compatible with covering-law explanations; the mechanisms do the
explanatory work, and the covering laws provide a convenient shorthand that is often
useful in scientific practice. However, it is possible that social laws may exist that are difficult
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to explain by identifying realizing mechanisms—in those cases where the laws relate multiply realized social properties. If so, the scope of mechanistic explanation would be limited.
Many sociological theorists use the philosophical notion of emergence to argue that
collective phenomena are collaboratively created by individuals, yet are not reducible to individual action (Sawyer 2001). In the social sciences, emergence refers to processes and mechanisms of the micro-to-macro transition. Many of these accounts argue that although only
individuals exist, collectives possess emergent properties that are irreducibly complex and
thus cannot be reduced to individual properties. Thus they reject sociological realism and
are methodologically collectivist. Other accounts argue that emergent properties are real.
The resolution to the apparent contradiction between mechanistic explanation and
social emergence is to develop a sufficiently robust account of emergence so that mechanistic explanation and lawful explanation can be reconciled. I propose a version of emergence that I call non-reductive individualism (NRI; Sawyer 2002, 2003c). Some emergent
social properties may be real, and may have autonomous causal powers, just like real properties at any other level of analysis. NRI argues that this is the case for social properties that
are multiply realized in wildly disjunctive mechanisms. To the extent that social properties
are multiply realized, artificial society simulations may be limited to the explanation of individual cases that do not generalize widely, resulting in a case study approach rather than a
science of generalizable laws and theories. The emergentist nature of NRI is compatible
with a more limited form of mechanism, but one that is elaborated in a sociologically
realist direction—with the mechanisms containing explicit models of social properties at
levels of analysis above the individual.
Most artificial societies are methodologically individualist, in that they explicitly simulate individuals and their interactions, but do not explicitly simulate any higher-level social
properties. Yet this individualism remains implicit in the simulations, rather than an explicitly stated theoretical position (Conte et al. 2001). Most social mechanists are methodological individualists, as well, and for the most part they are quite explicit in stating their belief
that the realizing mechanisms of social phenomena must be individuals and their interactions (Hedström and Swedberg 1998). But if a social property is multiply realized in
many different (methodologically individualist) mechanisms, a mechanistic explanation of
any one realizing instance will have limited explanatory power—particularly if the social
property participates in causal relations across its multiple realizations. A covering-law
approach might be necessary to capture generalizations of higher-level phenomena
across different realizing mechanisms. Alternately, a mechanism could be proposed
which explicitly models emergent social properties, in addition to individuals and their
interactions. Although almost all artificial societies are currently individualist—with no representation of higher-level social properties—there is no reason why computer simulations
could not be extended to model both individuals and macro-social phenomena, apart from
an implicit commitment to methodological individualism.

Conclusion
An artificial society is a special type of model—a dynamic model, simulating temporal
social processes. These dynamic simulations allow an exploration of the processes of social
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emergence. Many contemporary philosophers have argued that models are central in
scientific practice. Models mediate between theory and data, and play a central role in
causal mechanist forms of scientific explanation.
Most of the philosophers who believe that science is fundamentally dependent on
models are at least implicitly realist about science (e.g. Giere 1988). This is not surprising,
because the model approach is quite similar to the mechanism approach, which is also
implicitly realist (Sawyer 2004). Scientists propose models and they think those models represent real aspects of the world; in Giere’s (1988) ‘constructive realism’, for example, the
relation between the model and the world is a relation of similarity between an abstract
model and a real system. Accounts of social explanation that focus on causal mechanism
likewise hold that social causal mechanisms are real (Little 1998). This is causal realism
because it asserts that there are real causal powers underlying causal relations (1998,
202). The mechanist view and the model view are cut from the same cloth (see Little
1998, 210).
Whether or not a complex social system can be explained at the level of its realizing
mechanisms, or requires explanation at the level of emergent macro-properties, is an
empirical question (Sawyer 2004). It cannot be known a priori whether or not a given
social property can be given a useful mechanistic explanation in terms of individuals—
nor whether a given social property can be adequately simulated by representing only individuals and their interactions in the model.
If individualist simulation is so limited, sociologists could respond by developing
simulations that contain the terms and properties of macro-sociology, in addition to individual properties and relations. Although the social mechanism approach is commonly
associated with methodological individualism—because its advocates assume that a
social mechanism must be described in terms of individuals’ intentional states and relations
(e.g. Elster 1998)—there is no reason why social simulations cannot include systems and
mechanisms at higher levels of analysis. The system dynamics models of an earlier era
focused on macro-social properties; but with the availability of multi-agent technology,
new hybrid simulations could be developed that contain both societies of autonomous
agents, and explicit simulations of emergent macro-social properties.
In sum, artificial society simulations are a form of social explanation. To explore how
such simulations could be said to provide social explanations, I drew on contemporary philosophical accounts of scientific models and of causal mechanism. Artificial societies are
dynamic models of real-world social phenomena. They are not themselves theories, but
are realizations in which theories are satisfied. Because of the central role of models in scientific practice, artificial society simulations may ultimately be just as central as theories in
providing social explanations.
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