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The agent-based model is a new scientific tool which
constitutes a distinctive approach to social science
and is especially useful for the investigation of decen-
tralized but organized systems, such as the capitalist
economy. Or so Joshua M. Epstein claims. His
new book can be viewed as representing the current
state of agent-based modeling, not only as a tool for
building more realistic models but as a method to
illustrate how macro-regularities emerge, or “grow”,
from microspecifications without imposing any
top-down control (e.g. a Walrasian auctioneer al-
lowing trade only to take place at equilibrium prices).

What does it mean that some regularity emerges?
Epstein puts much effort in to clarify this ques-
tion by going back to British emergentism of the
1920s, Samuel Alexander, C.D. Broad and C. Lloyd
Morgan, who argued that emergent properties are
neither deducible nor explainable. Epstein refutes
this position and illustrates that emergent is relative
to a theory and a microstructure. Emergent features
might be presently unexplainable, but that does not
mean that they are unexplainable in principle. Or
as Hempel and Oppenheim phrased it: “Emergence
is not an ontological trait inherent in some phe-
nomena, rather it is indicative of the scope of our
knowledge at a given time; thus it has no absolute,
but a relative character; and what is emergent with
respect to the theories available today may lose its
emergent status tomorrow” (quoted in Epstein, pgs.
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35-36). Let (C1, ..., Cn;O) be a microspecification,
i.e. the C ′s are the constituents standing in relation
O to one another. Also, let there be a theory
T . Then the property P is emergent relative to
the microstructure and the theory if (1) there is
a law LP stating that for every system having
microspecification (C1, ..., Cn;O) property P holds,
and (2) the theory T is not able to deduce LP from
the laws governing the C ′s in isolation (pg. 34). For
example, Schelling’s segregated neighborhood is such
an emergent property. It is not deducible from the
agents in isolation since they prefer a mixed neigh-
borhood (2), but whenever we have a microstructure
like the one in Schelling’s model we get an outcome
that looks like a segregated neighborhood (1).

And this is exactly where the agent-based model
comes into play. A population of agents and in-
teraction rules are specified (microspecification),
and, by running the simulation, some macrostruc-
ture emerges. A central point is that “growing”
the phenomenon is a necessary condition for the
explanatory endeavor. So the task of the generative
social scientist, Epstein stresses, consists of finding
a microspecification that generates (“grows”) the
macrostructure of interest. The outcome of the
simulation can then be compared to the real-world
macrostructure (explanandum), and, if there is
a good fit, the microspecification is a candidate
explanation. Moreover, one could metrize the
explanandum so that it is possible to measure
the distance from the generated to the real-world
pattern, and select the “fittest” microspecification
among competing specifications. In case that there
are multiple sets of micro-rules all generating the
explanandum, Epstein suggests to select among
them by relying on further work, such as behavioral
experiments, but, as he tells the reader, such cases
are rather rare (pg. 54).

Let me mention two issues that underline Ep-
stein’s point of agent-based modeling being a
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distinctive approach to social sciences, namely
equilibria and decoupling.

In chapter 3 Epstein and Ross A. Hammond
use a simple model to illustrate that the time
required to get to an equilibrium is often astro-
nomically high, and that some equilibria are not
attainable at all. So what explanatory significance
does the equilibrium concept have? Here, the
authors question the traditional role of equilibrium
by arguing that an equilibrium, in order to have
explanatory power, must be attainable on reasonable
time scales. A formal proof stating that an outcome
of a game is a Nash equilibrium, is devoid of content
for the generative researcher since it does not tell us
anything about attainability (pg. 82).
A more concrete discussion of equilibria is presented
in chapter 8, jointly written by Epstein, Robert L.
Axtell and H. Peyton Young. Agents are boundedly
rational, they have finite memory and play a noisy
best response constructed from beliefs based on ex-
perience from previous plays. Two undistinguishable
agents are chosen from the population and play a
Nash bargaining game, each agent demanding 30,
50 or 70 percent of the pie. If the sum exceeds
100% both get nothing, otherwise each agent gets
what she demanded. While the equity norm with all
agents playing the 50%-strategy is the state with the
highest long-run probability, the simulation shows
that fractious regimes (with agents playing either
30 or 70) can emerge. To get from the fractious
state to the equity state about a million interactions
per agent would be required. Hence, the pure
equilibrium (equity) as well as the fractious regime
are very persistent, and it might take very long to
get to the equity norm (pgs. 178-185).
By discussing the role of equilibria Epstein touches
upon the question of the relation between neo-
classical economics, with its focus on equilibrium
dynamics, and agent-based modeling, which de-
picts non-equilibrium dynamics. Although he does
not spill much ink on neoclassical economics, Ep-
stein’s way of reasoning comes close to W. Brian
Arthur, who says about agent-based modeling: “It
[agent-based modeling] is not in competition with
equilibrium theory, nor is it a minor adjunct to the
standard economic theory. It is economics done in a
more general, out-of-equilibrium way. Within this,
standard equilibrium behavior becomes a special
case” (pg. 1563, Arthur 2006).

Chapter 7, jointly written by Epstein and Ax-
tell, is about retirement norms and illustrates what
Epstein calls decoupling: complete micro-rationality

is neither necessary nor sufficient to generate macro-
efficiency, both are logically independent (pg. 22,
pg. 144, pg. 169). Agents are assigned a random age
between 60 and 100 and a social network consisting
of S agents that are at most E years older or
younger, i.e. E measures the extent of the network.
At age 65 agents are eligible for retirement and
each agent faces the decision whether to retire or
not. In this model there are three types of agents:
rational agents who retire as soon as they are eligible,
random agents who retire with probability p once
they reached the age of eligibility for retirement, and
imitators. An imitator plays a coordination game
among the members of her network. If more than
some fraction τ of the members of her network who
are eligible for retirement are actually retired, the
imitator retires. As the simulation is running one
can see quick convergence to the retirement norm
65, so the equilibrium is attainable at a reasonable
time scale. This equilibrium is exactly what one
would predict for a population of solely rationals,
but in the simulation we had only 15% rationals, 5%
randoms and 80% imitators. Epstein conducts some
sensitivity analysis which reveals that with more
rationals and larger, more homogeneous2 networks
the fraction of eligible agents retired converges faster
to 100%. This example illustrates that an efficient
macro-outcome can be generated from a population
with only a small fraction of rational agents. 3

Having illustrated decoupling the model is applied
to replicate actual data. In 1961 Congress reduced
the minimum age at which workers are eligible
for social security benefits from 65 to 62, but the
retirement norm adjusted only sluggishly and it
took about three decades until modal retirement
age settled at 62 (pg. 147, pg. 163). The model is
run (with 5% rational and 5% randoms) and after
the 65-norm is established the exogenous policy
shift is announced. Due to the change in optimal
retirement age rational agents now retire at age 62
and claim benefits; however, randoms and imitators,
though being eligible, do not necessarily retire and
claim benefits at age 62. The authors demonstrate
that it takes about 25 periods for the 62-norm to
become established, so the model replicates the
real world pattern qualitatively, and by changing
the fraction of rational agents to 1-4% we can
mimick the result quantitatively (pg. 163). In
short, this model shows that micro-rationality is not

2Networks which are more homogeneous with respect to
age, i.e. a smaller extent E.

3For the other half of the proof, showing that a popula-
tion with 100% rationals does not necessarily reach an efficient
outcome on the macro-level, the reader is referred to Growing
Artificial Societies (Epstein and Axtell 1996).
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required for macro-efficiency and substantiates this
result by investigating the 1961 policy change, which
was the original motivation for this chapter (pg. 144).

In fact, Epstein’s decoupling thesis suggests that
bounded rationality can produce efficient outcomes,
a point that is not obvious at all! With respect to
the previous example, imitative behavior and social
interaction are the key factors for the generation of a
macro-pattern that comes close to the explanandum.
In this context, agent-based modeling departs from
the rigid assumption of rationality by building a more
realistic model and is able to explain the observed
retirement pattern much better than neoclassical
models relying on an optimizing representative
agent. Moreover, agent-based modeling overcomes
two limitations of rational choice theory; optimal
behavior can be uncomputable in principle, as in
the El Farol problem, or it may be computable but
at overwhelming cost.4 In this way, agent-based
modeling is still a young discipline that faces many
challenges, but it questions assumptions at the core
of neoclassical economics and eventually has the
potential to supersede it.

Noteworthy here is one strength of Epstein’s
book, namely the discussion of some challenges to
agent-based modeling. Since by simulating a model
we do not get a general solution, there is need to
sweep the parameter space. Small differences in
parameters may have large effects because basically
we are dealing with a complex, nonlinear dynamical
system. Also, small changes in agent’s rules may
have large effects on the macro-outcome. But what
is a small change in a rule? To illustrate this
point consider three rules: “Rule a = Never attack
neighbors. Rule b = Attack a neighbor if he’s green.
Rule c = Attack a neighbor if he’s smaller than
you. Which rule — b or c — represents a ‘smaller
departure from’ Rule a (pg. 30)?” Given a binary
encoding of rules the Hamming distance could be
used, but in ABM binary encoding is rarely used
since not appropriate, so there remains much work to
be done. These points illustrate that, in agent-based
modeling, sensitivity and stability analysis are still
problematic issues. Epstein suggests that sociology
might help to solve some issues (pg. 31), but besides
this hint at a direction for further research he does
not discuss what exactly sociological research could
do for agent-based modeling. In this context, I
think, it would be fruitful to investigate the relations
between agent-based modeling and its neighboring

4For a detailed discussion see Arthur (1994) and Duncan
Foley’s introduction to Albin (1998).

disciplines, especially experimental and behavioral
economics, taking into account psychological aspects
of human behavior and thus approaching rules for
agents’ behavior from a different direction. However,
that’s a topic for another book.
Another, more technical critique focuses on equa-
tions and deduction. The indictment is that, for
agent-based modeling, no equations exist and it is
not deductive. Here, Epstein argues that an agent-
based model is a computer program and therefore,
it is Turing compatible. Actually, for every Turing
machine there exists a unique (partial recursive)
function, so every agent-based model can be written
as a set of equations, although these equations might
be hard to interpret. From there Epstein continuous
and refutes the claim that agent-based modeling
is not deductive. Since the model is representable
by recursive functions, which can be computed
deterministically from initial values, each realization
of the agent-based model is a deduction. Actually,
the deduced result (call it δ) is a proposition which
is usually represented in a few graphs and English
language, but in principle it can also be expressed
in mathematical terms as a disjunctive normal form
(DNF) δ =

∨n
i=1

∧m
j=1 φij , where φij is a statement

form (pg. 58). Finally, every realization of the model
is a strict deduction, and by running the model
several times (possibly with different parameters) a
result is reached by induction over all realizations.

In sum, Epstein’s book is a remarkable achieve-
ment. Since agent-based modeling is a rapidly
expanding field, Epstein has chosen to illustrate the
big picture by giving some examples in a very clear
style, representing the achievements since Growing
Artificial Societies (1996), and has not tried to
present the most complex models.
Let me give a brief summary of the book. After the
first three chapters concentrating on methodological
issues, chapters 4-6 are concerned with the Artificial
Anasazi Model. The Anasazi civilization lived
in what is nowadays northeastern Arizona from
about AD 800 to AD 1350, and at that time they
enigmatically vanished. Luckily there is lots of
data, so these chapters are devoted to explaining
how legitimate empirical research is done by using
agent-based models for the exploration of spatial
settlement clusters and the explanation of a spatio-
temporal history. Chapters 7 and 8 are discussed
above. The emergence of cooperation in a Prisoner’s
Dilemma game is investigated in chapter 9, a model
of thoughtless conformity to norms is built in chapter
10, civil violence and epidemic dynamics are the
subjects of chapters 11 and 12 respectively, and the
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concluding chapter is on organizations that adapt
their structure (i.e. hierarchy of variable height) to a
changing environment. The book is accompanied by
a CD which makes it possible for the reader to vary
the parameters and run the models herself.
Within the chosen area of agent-based modeling, Ep-
stein provides an excellent and up-to-date treatment
of methodological and epistemological issues with
the examples giving flesh to the analysis. Personally
in this book I would love to have seen a chapter on
comparison of agent-based models and on standards
of model evaluation. There is need for criteria
determining whether or not two models trying to
explain the same pattern produce equivalent results.
Using such criteria the researcher would be able to
reject one model in favor for another. It would be
unfair not to mention that Epstein already tackled
this question (Axtell, Axelrod, Epstein and Cohen
1996) but I argue that this is an important topic
where much work remains to be done. Elaborating
on this topic would have strengthened Epstein’s
main thesis of agent-based modeling constituting a
distinctive approach to social science. Nonetheless
I enjoyed this book. All in all it is self-contained,
written in a clear style and I think it represents
significant contributions to the field.
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