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A FRAMEWORK FOR THE STUDY
OF INDIVIDUAL BEHAVIOR
AND SOCIAL INTERACTIONS

Steven N. Durlauf

Recent work in economics has begun to integrate sociological ideas
into the modeling of individual behavior. In particular, this new
approach emphasizes how social context and social interdepen-
dences influence the ways in which individuals make choices. This
paper provides an overview of an approach to integrating theoret-
ical and empirical analysis of such environments. The analysis is
based on a framework due to Brock and Durlauf (2001, forthcom-
ing). Empirical evidence on behalf of this perspective is assessed
and some policy implications are explored.

1. INTRODUCTION

Just as our political life is free and open, so is our day-to-
day life in our relations with each other. We do not get into
a state with our next-door neighbour if he enjoys himself
in his own way, nor do we give him the type of black looks

which, though they do no real harm, still do hurt people’s
feelings. We are free and tolerant in our private lives; but
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in public affairs we keep to the law. This is because it com-
mands our deep respect. We give our obedience to those
whom we put in positions of authority and we obey the
laws themselves, especially those which are for the pro-
tection of the oppressed, and those unwritten laws which
it is an acknowledged shame to break.
PericlesFuneral Oration to the Athenians. 431-430 B.C.E.
ThucydidesHistory of the Peloponnesian W§2.37)

The Athenians owed to the plague the beginnings of a
state of unprecedented lawlessness. Seeing how quick and
abrupt were the changes of fortune which came to the
rich who died and to those who had previously been pen-
niless but now inherited their wealth, people now began
openly to venture on acts of self-indulgence which before
they used to keep dark. . As forwhat is called honour,
no one showed himself willing to abide by its laws, so
doubtful was it that one would survive to enjoy the name
forit. It was generally agreed that what was both honour-
able and valuable was the pleasure of the moment.
Description of Effects of Plague in Athens, 430 B.C.E.
ThucydidesHistory of the Peloponnesian Wé2.53)

Among the many fascinating features of the Thucydides description of
the Peloponnesian War, which may be the first recorded piece of social
science in Western history, is his sensitivity to the panoply of sources of
individual behavior. One cannot read his description of the interplay of
powerful social norms, extreme forms of individualism, and the develop-
ment of a sense of individual rights of citizenship among Athenians, and
not reflect that the complexities required to understand the rise and fall of
Athens are echoed in the most modern attempts to understand various social
and political groupings. As illustrated by the influence of the plague on
Athens, longstanding features of the Athenian “character” could precipi-
tously vanish due to changes in individual incentives. And yet it is the
Athenian character that determined both the world-historical achieve-

1Taken from the translation by R. Walters (New York: Penguin Books, 1978).
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ment of the first democracy and the world-historical folly of the destruc-
tion of the Athenian empire through overambition and overcommitment.

This paper is designed to describe an approach for the formal mod-
eling of social interactions. The framework is based upon standard eco-
nomic models of individual choice, but it expands the determinants of
these choices to include social factors that are frequently neglected in eco-
nomic analyses. While social interactions, broadly defined to include phe-
nomena ranging from societal norms to role models to networks, are a
fundamental part of historical studies and other social sciences—especially
sociology, of course—they have only recently begun to play a prominent
role in economic thinking. This new research is explicitly designed to
extend the domain of inquiry by economists into areas that have been the
traditional domain of other social scientists. Economists are not making
this attempt, however, out of the belief that the substantive ideas in other
disciplines should be supplanted by economic models of decision mak-
ing. Rather, the objective of this research program is to internalize within
formal economic models a number of the substantive ideas and perspec-
tives of these other disciplines. This new work therefore has a very ambi-
tious objective: the melding of substantive ideas between economics and
sociology in such a way as to produce more powerful models of individ-
ual behavior. The current paper describes one class of efforts at such a
synthesig.

At some level, virtually all economic models exhibit some form of
interactions. However, in standard economic models, these interactions are
usually mediated by markets. Once an agent knows the prices for different
commodities in the economy, the fact that these prices reflect the supply and
demand decisions of others is no longer relevant. The new interest in social
interactions among economists stems from an increasing awareness that
individual interdependences are far richer than those that are induced by
markets. Of course, the preeminence of game theory in modern economic
theory reflects a general movement away from market-mediated to direct
models of interactions. The new interactions-based models in economics
are at one level game-theoretic models. What distinguishes them is the use

2To be clear, sociology has generated many analyses that use formal methods
to study the sorts of social dynamics | model in this article. Granovetter and Soong
(1988) offer a particularly interesting example and one that is closely linked to a num-
ber of ideas | try to address.
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of particular stochastic processes to uncover interesting properties of inter-
acting populations.

Interactions-based thinking has assumed a particularly prominent
role in recent studies of poverty and inequality. Durlauf (1999a) refers to
this body of theories as a “memberships theory of inequality” in contrast
to the family-based theories of inequality and mobility pioneered by Becker
and Tomes (1979) and Loury (198%)n one facet of this new approach,
the impact of residential neighborhoods on the future prospects of chil-
dren has been explored. Bénabou (1993, 1996a, 1996b) and Durlauf
(19964a,b) construct models of persistent intergenerational inequality based
on the presence of spillover effects from the educational and economic
characteristics of a neighborhood on the human capital acquisition of chil-
dren. In these types of models, children are assumed to be influenced by a
range of community characteristics. One source of community influences
is institutional—because of local public finance of education, the afflu-
ence of a community affects the level of per capita spending on schools.
Another source of community effects occurs via role models. If individ-
ual aspirations and assessment of educational effort depend on the observed
education levels and associated occupations of adults in a community, then
stratification of communities by income and education will induce cross-
community differences in the educational efforts and attainment of chil-

SIn fairness, Loury (1977) is a seminal contribution to group-based approaches
to the study of inequality.

4There is considerable controversy concerning the effect of educational expen-
diture on educational outcomes. Hanushek (1986) has argued that this type of effect is
negligible, when test scores are the outcome variable of interest. In contrast, Card and
Krueger (1992) find that predictions of future wages are sensitive to educational qual-
ity. I do not take a strong stand on this question, except to say that the empirical liter-
ature has typically focused on linear models, whereas the effects may be nonlinear.
Certainly Kozol (1991) is consistent with this view, in the sense that he documents
how very poor schools are handicapped in the education they provide. One reason for
this type of nonlinearity is that while schools may differ widely in the efficiency with
which they use revenues, some minimum is needed for each educational quality level.
Of course, nonlinearities may also imply that the Card and Krueger results are ques-
tionable. For example, Heckman, Layne-Farrar, and Todd (1996) find that the esti-
mated effects of school resources on labor market outcomes vary widely according to
what control variables are included and according to educational group. For example,
it appears that school quality matters primarily for workers who end up going to col-
lege. My own view of this literature is that while some effects of school quality on
student outcomes have been identified, little is known about the causal mechanisms or
even functional forms.
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dren. Empirical evidence which has argued to support the presence of these
effects can be found in many studfe&.particularly important case is the
use of quasi-experiments in which one can compare families that have
been given incentives to move to lower poverty neighborhoods with those
which have not. While issues of self-selection and interpretation repre-
sent serious caveats, analyses based on both the Gautreaux demonstration
(Rubinowitz and Rosenbaum 2000) and the Moving to Opportunity dem-
onstration (Katz, Kling, and Liebman 2001) strongly support the focus on
group determinants of inequality.

The recent attention on interactions and inequality reflects the strong
influence that sociological perspectives on poverty have had on econom-
ics. When William Julius Wilson (1987:8) claims

... changes have taken place in ghetto neighborhoods,
and the groups that have been left behind are collectively
different than those that lived in these neighborhoods in
earlier years. It is true that long-term welfare families
and street criminals are distinct groups, but they live and
interact in the same depressed community and they are
part of the population that has, with the exodus of the
more stable working- and middle-class segments, become
increasingly isolated socially from mainstream patterns
and norms of behavior.

or Elijah Anderson (1999:22-23) argues

The inclination to violence springs from the circumstances
of life among the ghetto poor—the lack of jobs that pay a
living wage, limited basic public services (police response
in emergencies, building maintenance, trash pickup, light-

SImportant examples in the sociology literature include Brewster (1994a, b);
Brooks-Gunn et al. (1993); Crane (1991); Sampson, Morenoff, and Earls (1999); Samp-
son, Raudenbush, and Earls (1997); South and Crowder (1999); and Sucoff and
Upchurch (1998). A nice recent example in economics is Weinberg, Reagan, and
Yankow (2000). In addition, much of the massive literature on social capital is in
essence attempting to uncover group influences. That being said, as discussed in Brock
and Durlauf (2000a, 2000b), Durlauf (2001), and Manski (1993, 2000), there are a
host of statistical issues with this literature that call into question exactly what causal
relations have been identified in the empirical literature.
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ing . . .), the stigma of race, the fallout from rampant drug
use and drug trafficking, and the resulting alienation and
absence of hope for the future. Simply living in such an
environment places young people at special risk of fall-
ing victim to aggressive behavior. Although there are often
forces in the community that can counteract the negative
influences—hby far the most important is a strong loving
... family that is committed to middle class values—the
despair is pervasive enough to have spawned an opposi-
tional culture, that of “the street” as consciously opposed
to those of mainstream society.

one finds exactly the sort of substantive ideas that the new theories of
inequality are trying to embody. And in fact one sees frequent reference to
the sociological literature in justifying memberships-based models of
inequality and intergenerational mobility.

Another important source of evidence on social interaction effects
is the experimental literature in social psychology; many interesting exam-
ples may be found in Aronson (1999). Perhaps the most impressive study
in this regard is the celebrated Robbers Cave experiment, described in
Brown (1986) as “the most successful experiment ever conducted on inter-
group conflict.” This experiment is described by Sherif et al. (1961), col-
laborators who studied the behavior of a group of teenage boys at an
isolated retreat in Robbers Cave State Park in Oklahoma. A group of boys
were initially placed in a common living quarters and associated social
environment. Once friendships and other social relations developed, the
experimenters announced that the boys were assigned to two groups, Rat-
tlers and Eagles. The new assignments were essentially random, with the
exception that strong friendship pairs were broken up. A set of competi-
tive activities were initiated. Sherif et al. (1961) documents in great detail
how the two groups developed strong internal senses of identity along
with great animosity toward the other group, animosity that carried over
beyond the competitive activities. Previous friendships disappeared, and
attribution of negative stereotypes to the other group became common-
place. While the introduction of cooperative activities diminished the hos-
tility, the experiment clearly demonstrated that group identification can
strongly influence individual behavior.

Rich qualitative descriptions of the type found in Anderson (1999)
or Mitchell Duneier (1992, 1999) and carefully constructed experiments
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such as the Robbers Cave study are an important reminder of the limits of
the type of formal analysis that is used in this paper. Formal modeling of
the type | describe, in many respects only crudely approximates the many
subtleties that are associated with social interactions; phenomena related
to personal identity that Anderson explores are a good exafnple.

the other hand, to the extent that the objective of a research program is
the construction of predictive or evaluative distributions of the effects of
alternative policies, then the sort of formalization | describe is essential.
To take a classic example, the Coleman report on the determinants of
educational outcomes was based upon and was ultimately in many ways
discredited because of formal analysis. Alternatively, the most important
work on the effects of Head Start and other social programs on individual
outcomes has proceeded from the sort of quantitative social science |
describé.

This paper is organized as follows. Section 2 develops an abstract
model of individual choice in the presence of social interactions. Sec-
tion 3 shows how this model can be specialized to produce different behav-
ioral rules. Section 4 develops some of the interesting properties of the
binary choice model. Section 5 addresses a number of conceptual features
of interactions-based models. Section 6 discusses statistical implementa-
tion. Section 7 describes some implications of these models for public
policy. Section 8 provides conclusions.

2. A BASIC FRAMEWORK

In this section, | develop a baseline description of individual behavior
with social interactions for a population of individuals indexediby

1...1. I will follow standard economic reasoning in assuming that these
behaviors represent purposeful choices subject to some set of prefer-
ences, beliefs, and constraints facing each individual. In other words,
the choice of each individual wj, is interpreted as maximizing some
payoff (or utility) functionV subject to a sef); of possible choices that

8 Akerlof and Kranton (2000) is an important recent effort at grappling with
these issues.

"Heckman (2000) is a wonderful overview of the contribution of formal sta-
tistical analysis to furthering social science knowledge; Heckman’s own research is
the exemplar of the uses of quantitative methods in understanding both causal deter-
minants of individual behavior as well as in the evaluation of effects of government
policies.
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are available to that individual. The goal of the analysis is to develop a
probabilistic description ofy, the vector of choices in the population.

The functional form oV embodies specific features about individ-
ual preferences. The primitive modeling assumption underlying the use of
such a function isiotthat individuals literally possess these functions and
explicitly calculate payoffs from alternative courses of action by using
them. Rather, the primitive notion is that each individual possesses pref-
erence orderings over the space of possible choices he faces and chooses
the one ranked highest. When these preference orderings fulfill certain
axioms® they may be mathematically represented by a payoff function;
from this perspective an individual's observed choice is the one that max-
imizes the function among all available choices.

This maximization problem can be given a generic form:

w; = argmaX,co,V(w,Z;,€). (1)

The payoff functionV is expressed as possessing three distinct argu-
ments. The firstis of course the choice; the second is a vector of individual-
indexed characteristic;, which allows for observable heterogeneity in
how individuals evaluate choices; the third is a vector of individual-
indexed characteristies, which is assumed to be unobservable to a mod-
eler, but is known to individual, thereby allowing for unobservable
heterogeneity across individuals. Introducing unobservable as well as
observable heterogeneity is important in developing the model in a direc-
tion that permits empirical implementation. This distinction is precisely
the same as that between regressors and the disturbance in the specifica-
tion of a linear regression. In fact, in empirical implementation, ¢he
terms will be interpreted in standard statistical fashion. For this reason, |
will always assume they are independent across individuals and indepen-
dent of allZ;.

Should one start with a utility-based framework in order to develop
decision rules? The answer to this question lies at the core of one of the
deepest methodological differences between sociologists and economists,
and can hardly be addressed, let alone resolved here. For the purposes of
this paper, | use the utility language in order to illustrate how a researcher,

8These axioms typically impose certain forms of rationality on the individual,
such as transitivity of preferences. See Mas-Colell, Whinston, and Green (1995, chap.
3, sec. C) for an introduction to the relationship between preferences and utility
functions.
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starting with standard economic reasoning, can arrive at a model that
embodies substantive notions of social influences on behavior. My own
judgment is that choice-based reasoning, at this level of abstraction, is
tautological, in the sense that without an explicit description of the deter-
minants of preferences, beliefs, and constraints, any behavior can be inter-
preted as utility-maximizing in the sense | have described. In turn, the
social interactions approach attempts to enrich the choice-framework by
introducing a substantive role for social determinants of behavior. Hence,
the framework should be judged as to how these social determinants are
embodied.

The incorporation of social interactions into the choice framework
is, at one level, nothing more than a particular choice as to what variables
to include inZ;. Suppose that the individuals in this population define a
groupg in which social interactions occur. (It is straightforward to gener-
alize the discussion to the case where individuals are members of distinct
groups.) For example, interactions can then be incorporated into individ-
ual decisions by including variables that dependi dhrough variables
that are determined at the levelgf-i.e., interactions are modeled as the
dependence of individual payoffs on variables that depend on character-
istics of the group. The average education level among parents in a com-
munity or the average rate of cigarette smoking among teenagers in a given
ethnic group are examples of such variables.

Of course, the substance of social explanations to behavior will
depend on what variables are included and in how the individual payoffs
depend on them. In developing this choice-based framework, it is impor-
tant to distinguish between variables representing the influence that
a group’s characteristics have on its members and those variables repre-
senting the influence that a group’s joint behaviors have on its members.
Following Manski (1993), variables that measure the former represent
textual effects whereas variables that measure the latteemadegenous
effects. In the context of youth behavior, role models constitute contex-
tual effects whereas the contemporaneous behaviors of friends constitute
endogenous effects. This language, of course, closely parallels usage from
sociology (cf. Blalock 1984). This consideration means that it is conve-
nient to separatg; into three distinct componentX;, which represents a
vector of variables that can vary across individuals within the grojyp,
often called contextual effects, which represents a vector of variables that
are common to all members of the same group and are predetermined
with respect to group behavior, apg(w|F; ), which captures endogenous
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effects, representing the beliefs of individualoncerning the choices of
members of the group, given some informationf5et

Contextual and endogenous effects represent group influences. The
important difference between them is that contextual effects are usually
treated as background variables for the analysis whereas endogenous
effects refer to the social consequences of these choices. For example,
consider the determination of the level of collegiality chosen by each mem-
ber of an academic department. The overall level of collegiality in a depart-
ment is an endogenous effect, if the choice of a level of collegiality by
each department member is influenced by the collegiality of others. In
contrast, suppose an individual's level of collegiality is influenced by his
salary relative to the department average. The effect of his own salary on
his behavior is an individual effect and so pardef whereas the effect of
others salaries on his behavior is a contextual effect and so is p#fof

The expression; (w| F;) refers to the subjective beliefs that indi-
vidual i has about the choices of members of the population. These sub-
jective beliefs are assumed to have the form of a conditional probability
measure, but at this point, nothing is specified as to how these beliefs
are formed, except that for individualthe beliefs do not reflect any
information concerning; for j # i. Later on, these beliefs will be made
endogenous by specifying a relationship between them and the actual
determinants of behaviors of the group. At first glance, the use of this
expression in the payoff function might appear to be odd, in that each
individual presumably knows his own choice and so should not be form-
ing beliefs about i w; is an element ofy). The underlying idea is that
each individual is affected by his beliefs about the choices of others,
not himself; | use beliefs over all choices as an argument in the payoff
function and implicitly assume that the payoff function fds unaffected
by i’s beliefs about his own choice.

The decision to treat endogenous effects as occurring through beliefs
concerning behavior rather than their actual behavior (i.e., the choice of
ui(w|F) instead of the realized choicesas an argument in the payoff
function) makes the theoretical analysis of the model substantially sim-
plerl® The appropriateness of this assumption, of course, will depend on
the particular context in which the model is employed; one would think,
for example, if an individual cares about the aggregate characteristics of a
large group, then the expectations assumption makes particular sense.

°I thank Michael Sobel for suggesting this example.
19See Glaeser and Scheinkman (2000, 2001) for analyses that use realized
behaviors in the payoff function.
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The associated decision problem and choice of individuedn
therefore be rewritten as:

w; = argmaX,co, V(w, Xi, Yy, ni(@|F),€) (2

In order to close the model, it is necessary to specify how the sub-
jective beliefsu;(w|F;) are formed. Within economics, one standard
assumption is that expectations are rational, which means that the subjec-
tive beliefs of individuals are consistent with the conditional probabilities
that actually characterize the variables over which these beliefs are formed.

Operationally, rational expectations may be understood in two steps.
First, consider the set of choices by members of the group. Suppose that
each individual choice solves an optimization problem as described by
equation (2). This means that the choice of each individual can be repre-
sented as determined by a choice functign

w;j :m(xi,Yg,/Li((L)|Fi)’Ei)i:1“'" (3)

Stacking thesé choice functions together, one has a vector funchbn
(whose elements correspond to thdunctions for each individual) such
that

w = M(Xy,..., X|,Yg,,U«1(‘Q‘ Fo,ooo, (@] F),er...6). (4)

What this formulation means is nothing more than that the individual char-
acteristics of each member of the populatidfy’s ande;’s), the common
group characteristics that affect théivy), and the beliefs each has about
the behavior of members of his groQp;(w|F;)’s), determine the set of
choices made by members of the population. This is a restatement of the
choice-based logic we have assumed for individual behavior. Notice as
well that one could start with expressions such as (3) and (4) as the basis
for analysis of the model. Empirical work on social interactions in both
sociology and economics typically does this. What the choice-based der-
ivation does is establish how such formulations emerge from a particular
set of underlying behavioral assumptions.

This formulation is useful in that it allows us to describe the con-
ditional probabilities of actual choices as a function of the individual char-
acteristics, group characteristics, and beliefs of the group members. To
see how this may be used to characterize rationality, suppose that each
individual possesses an identical informationBdétom which he forms
beliefs about the choices of others in the population. Further, assume that
F consists ofX; ... X, andYy. (This is a strong assumption on the amount
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of information individuals possess; reformulating the model with weaker
information assumptions turns out not to add anything except cumber-
some notation.) By construction, each individual uses this information to
form identical beliefsu®(w|Xy,..., X, Yy). One can, using equation (4),
compute the actual conditional probability of the vector of choices given
the model and the information set From equation (4), it follows that

/‘L((L)|Xl9---9XI’Yg) = /-L((L)|X1""’XI’Yg,/-Le((L)|X1’---’X|9Yg))- (5)
If there exists a probability measutg w| X, ..., X|,Yy) such that
M(@'Xl"-"XhYQ) = :u‘((i.)|xl,---,XlaYguu’((L)'Xl,---,XI’YQ)) (6)

then this measurg (| Xy,..., X|,Yy) is a rational expectations solution

to the model. In words, agents possess rational expectations conditional
on the information seF when their beliefs giver, as represented by
subjective conditional probabilities, are confirmed by the actual condi-
tional probabilities which arise in the environment under study. For this
reason, the concept of rational expectations is synonymous in these mod-
els with the ideas that beliefs are self-consistent.

Notice that all | have done is define the meaning of rational expec-
tations Nothing has been established about the conditions under which a
set of rational expectations exists, or if it exists, whether the set is unique.
Properties such as these can only be assessed in the context of particular
specifications of an environment.

The rational expectations assumption is controversial, and dissat-
isfaction with it has led over the last 15 years to a rich literature on bounded
rationality (Rubinstein [1998] provides a profound overview of this work).
However, the literature on interactions-based models has generally not
incorporated this approach in an interesting fasifoand | will assume

111n saying that bounded rationality or learning spillovers have not been dealt
with in an “interesting” way, | mean that many if not most models that claim to be
based on bounded rationality fail to generate insights that differ from models where
agents interact through preferences. To be a bit more precise, one can model the effects
of the behavior of peers on an individual as due to two distinct factors: (1) a psycho-
logical desire to conform to one’s peers, which is a claim about interdependent pref-
erences, and (2) an information effect whereby the behavior of others is used by an
individual to determine which choice is better for him, which (when not formulated as
an optimal extraction of information) is a form of bounded rationality. On the other
hand, there is an important related literature on social learning in which the behavior
of individuals alters the information sets of others in an environment in which each
individual acts rationally conditional on a limited information set; see Bikhchandani,
Hirshleifer, and Welch (1992) for a very nice analysis of this type.
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rational expectations in what follows, for two reasons. First, the rational-

ity assumption is in certain respects inessential for understanding the qual-
itative properties of these systems. For example, the rational expectations
equilibria of a static model often prove to be the limit points of various
learning schemes (see Brock and Durlauf [1998, 2001] and Glaeser and
Scheinkman [2000] for specific examples of this). Second, the interesting
qualitative properties of interactions-based models do not rely on rational
expectations per se but rather are generated by the presence of feedbacks
between group and individual behaviors.

Again, this abstract description of individual behaviors in a pop-
ulation under rational expectations incorporates very standard economic
reasoning. Individual decisions are explicitly modeled as purposeful
choices, and a consistency condition is imposed across the choices, in
this case consistency of beliefs with the probabilistic structure of the
population’s behavior. This combination of individual maximization and
self-consistency is no different from what occurs when one specifies a
set of individual demand and supply functions for a group of commod-
ities, where each individual takes prices as given, and then requires that
prices clear markets.

3. BEHAVIORAL RULES

The choice-based framework described in Section 2 can be specialized in
various ways. In this section, two different approaches are outlined.

3.1. Linear Decision Rules

Much of the empirical work on interaction effects has assumed that the
behavior variablev; has continuous support and depends linearly on var-
ious individual and neighborhood effects. These assumptions permit a
researcher to use standard regression methods for estimation, as will be
seen in Section 5. While these regressions have typically not been devel-
oped via choice-based reasoning, it is straightforward to do so. Suppose
that each individual makes a choiegin order to minimize the squared
distance from some ideal poin{

MaX,, e(—oo,00) — sEi(w — w)? (7)
and suppose that this ideal powt is defined by
(1)i>I< = hi +J|’ng+6i,
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wheremy is the expected value of the average choice in the population. It
is immediate that actual behavier will follow

wi=wf‘=hi+JrT1g+Ei. (8)

This derivation is, of course, trivial and perhaps is a good example
of how a choice-based perspective does not always add insight into an
assumed behavioral rule. Nevertheless, one can develop a couple of impli-
cations of this type of model that are of interest. Suppose one takes the
expected value of both sides of this equation, under the assumption that
the values of alh; are known to group members. Taking the expected
value of both sides of (8),

my = hy + Jm, 9
wherehg = 1 71 34 hy. It is immediately the case that self-consistency
imposes the restriction

s 10
m. =

This solution has two relevant properties. First, the equilibrium expected
choice level is unique as each valuehginaps into a singleng. Second,
cannot equal 1; in fact one can usually rule pljt> 1 through analyzing
dynamic analogs to this model.

3.2. Binary Decision Rules

Interesting theoretical models of social interactions have been developed
in the context of binary decisions. Standard examples of these decisions
include staying in school or dropping out, college attendance versus work,
etc. | will assume that the two choices are coded 1-addIn this devel-
opment, | will proceed in two steps, paralleling the derivations in Sec-
tion 2. First, the model is formulated for an arbitrary set of subjective
beliefsui(w|F;). Second, rational expectations will be imposed.

For the binary choice model, the individual decision process equa-
tion (2) can be expressed as

w; = argmaX,e;—113 V(o, Xi,Yg,,U«i((L)| Fi),ei) (11)
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At this point, of course, one still cannot say much about the struc-
ture of the group choices that are produced by such a general decision
problem. One must place some assumptions on the structure of the

modeling an environment of this type as well as to making the model
falsifiable. In this section, | will introduce some assumptions on the form
of V that accomplish these goals, following the analysis in Brock and
Durlauf (2001, forthcoming).

The first assumption is that the payoff function is additively sepa-
rable into three distinct components, so that

V(wi, Xi, Yy, mi (0| F), &) = u(wi, Xi,Yy) + Slwi, Xi, Yy, ui(w]F))
+ € (w;) (12)

Here, u(wi,X,Yy) denotes private deterministic  utility,
S(wi, Xi, Yy, 1i(w|Fi)) denotes social deterministic utility, argi(w;)
denotes a private random utility. The distinction between deterministic
and random utility is made from the perspective of the modeler—i.e., the
model is analyzed under the assumption that only the distribution of the
variouse; (w;)’s are known. Notice that this error term is now made an
explicit function ofw; . What this means is that the two choices may have
differential effects on the payoff function. So, for example, if one is choos-
ing between a career as a musician = 1) or as a paintetw; = —1),

€i (1) represents unobservable musical talentafdl) represents unob-
servable artistic talent.

The additive separability assumption is made for two reasons.
First, separating out the random temy{w;) is essential in achieving
analytic tractability for the model. Second, this formulation is attractive
in terms of empirical implementation. It will turn out that when
S(wi, Xi, Yy, ni(w|F)) is omitted from the model, the individual behav-
ioral rule reduces to that described by the standard binary choice model,
hence one will be able to test for social interactions using relatively stan-
dard statistical methods.

The second assumption is that social utility possesses a particular
functional form. LetE; (w;|F;) denote the subjective expected value that
agent assigns to the choice of aggrgiven his information sef;. Social
utility is assumed to take the form

J i
S(wi,xiaan“i(‘L)| Fi)) = —E ?J (w; — Ei(wj|Fi))2- (13)
j#i
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The J; j terms measure the magnitudes of the direct bilateral interactions
between members of the populationJilf > 0, then individual derives
higher utility (other things being equal) from making the same choice as
he believes will be made by individuglJ; j < 0 in turn implies a utility
benefit from acting differently.

By suitable choices of th& ;'s, one can, in principle, model a wide
range of interactions. For example, suppose that there is a single individ-
ual k such thatJ; i is relatively very large for all. This person can be
thought of as a leader in the group’s behavior. Brock and Durlauf (1999)
show how this type of formulation can be used to model the development
of schools of thought in scientific communities. There is no requirement
that theJ; ; terms all have the same sign. When these signs differ, incen-
tives to conform and deviate coexist. One example of this may be dialect
use, where the choice of nonstandard forms of grammar and syntax appear
to stem from a desire for membership in some groups and a rejection of
identification with others. For example, as described in Chambers (1995),
the dropping of the letteg in words ending ining is strongly associated
with being poor and male in the United States, Britain, and Australia. This
is generally explained by the need for poorer males to develop an identity
that rejects conventional metrics of success. The framework described here
would seem to be a natural way of exploring the use of African-American
vernacular English versus standard dialects.

Finally, one completes the model by choosing a distribution for the
random termg; (w;). This is done by assuming that the difference in the
random utility terms is logistically distributed,

S S
1+ exp(—Bi2)

As in the case of the other assumptions, this functional form provides
benefits in terms of analytics as well as a way of linking the theoretical
model to a statistical one. Notice thatindexes the support of the unob-
served heterogeneity. Roughly speaking, the larger the valyg, dhe
less likely are large draws ¢ (—w;) — €; (w;)|. The logistic error assump-
tion is extremely useful in the development of theoretical models of social
interactions as it allows for simple calculations of the equilibrium proba-
bility measure for choices, but the qualitative features of the these types
of models do not depend on it.

Under these assumptions, it is possible to derive some parsimoni-
ous expressions to describe the set of population choices. Before doing

w(e (i) —€(—w) =2) = ;B = 0. (14)
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so, there is a useful simplification that can be made. One can without loss
of generality replace the general utility functiatw;, X;, Yq) with a linear
function

u(wi, Xi,Yy) = hjo; + ki, (15)
where the slope terin; and intercept terrk; are chosen so that
hi + ki = u(1X,Yy) (16)
and
—hi + ki = u(=1X,Yy) a7)

This simplification is allowable because choices are binary; so long as the
new linear utility function matches the originafunction whenw; equals
either —1 or 1—which is what equations (16) and (17) impose via the
implied restrictions or; andk;—it is irrelevant that it fails to match the
original function for other values a;.

The model now has enough detail to allow a parametric description
of the conditional probabilities of the vector of choicesOne does this
first by calculating

M(wi|xiaYgaMi(‘9|Fi ), (18)

the conditional probability of individual's choice given his observable
characteristics and beliefs. Since the chaigds made only when the
payoff from the choice exceeds that which would be generated by the
choice —w;, for any information set the conditional probability of is
equal to the probability that the payoff @t is greater than the payoff at
—w;—that is,

(o | X ,Yg, Mi (w|F))
= ,U«(V(wi,xi,Yg,Mi(Cy|Fi),€i(wi )
> V(—wi, X, Yy, pi (0| F), € (—w)))). (19)
Substituting the social utility function (13) and the linearized determinis-

tic private utility function (15) into equation (12), this inequality may be
rewritten as
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M<hiwi —2 > (w; — Ei(iji)> + € (w;)
j#i

3
> —hjw; - 2 ?J (—wi — Ei(0|F))? + € (—w))
j#i

= u(e(w) —€(—wi) > —2hw — E 2J jwi E(w))). (20)
j#i
Using equation (14), the logistic assumption for the errors, it is straight-
forward to manipulate this expression and conclude that

(@i X Yg, i (@) oc exp(Bi hyw; + >, Bi 3 jwi Ei(w))), (21)
J#i
where ‘e’ means “is proportional to.”
Moving from individual to joint conditional probabilities is now
trivial, since the random utility terms are independent across individuals.
The joint probability measure for the population choices is

/*L((L)|X17-~-7XI’Yga /-Ll(c,‘.)| Fl)an-alu'l (C,‘_,)| FI))

OCHGX%Bi hi Wi + Eﬁl Ji,jwi E|((UJ)> (22)

j#i

Once one specifies the distributions across the population of private incen-
tives, hj—as derived through equations (16) and (17)—the probability
distribution of unobserved heterogeneigy, the interaction terms]j ;,

and beliefs about the behaviors of othdfgw; ), one has a complete char-
acterization of the joint probability measure for observed behaviors
This explicit mapping of the distributions of individual characteristics and
interdependence ternd; into a distribution of individual behaviors is
the hallmark of interactions-based models.

In the context of binary choice, rational expectation requires that
the beliefsE;(w;) coincide with the mathematical expectatioBéw;)
following the sort of self-consistency argument given by equation (18).
Recalling the definition of the hyperbolic tangent functidanh(x) =
(e* — e™™)/(e* + e7*), we can use equation (21) to verify that the
expected value of each choiag obeys

E(wi|Xi,Yg, ni(w|F)) = tanh(Bi hi + > Bid Ei(wj)>- (23)

j#i
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Arational expectations equilibrium for this model requires that there exists
a set of numberg(w;) such that for ali and]

E(wi)=tanh<,8i h +E/3i3i,,-E(wj)),i=1...| (24)
j#i

The question of the existence of a rational expectations equilibrium is

thus a fixed point problem for the setlbéquations described by equation

(24). Fortunately, this is an easy case to analyze. Sinctatit&-) func-

tion is continuous with rangeq{1,1], Brouwer’s fixed-point theorem may

be immediately invoked (see Mas-Colell, Whinston, and Green [1995:952]

for a statement of the theorem) to establish that at least one rational expec-

tations solution exists.

4. PROPERTIES OF A BINARY CHOICE MODEL
WITH SOCIAL INTERACTIONS

The binary choice model described in Section 3 can be specialized in many
ways to incorporate different types of decisions, interactions environ-
ments, and the like. In order to elucidate the general properties of models
of this type, it is useful to consider a baseline case that has been exten-
sively analyzed in Brock and Durlauf (2001). This case assumes that for
alli andj (1) hj = h, (2) g; = B, and (3)J;j = J/| — 1= 0. Substantively,
these assumptions do two things. First, the three assumptions eliminate
all heterogeneity in individual behavior except that which is generated by
the errorse; (w;). Second, the social interactions have the property that
each individual weighs the decisions of all others equally. This is obvi-
ously a strong restriction on the nature of conformity effects.

Under these assumptions, the system of equations described by (24)
reduces to

E(w;) =tanh<,3h+ %2 E(w,—)) Oi,j. (25)
j#i

Since each agent is associated with the same parangsterandJ, one

can show that all expectatioi w;) are equal. This in turn implies that

the groupm= 1! 3, E(w;) equalsE(w;) and that the average choices of

others relative td, m_; = (I — 1)7* Y, E(»;) must equal this same

number. Thereforenwill obey the functional relationship

m = tanh(gh + 8Jm). (26)
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Any mthat is consistent with this equation is a possible equilibrium for
expected average group-level behavior. At least one soluitisoives this
equation, as was discussed in the analysis of the binary choice model in
Section 3.

4.1. Multiple Equilibria

Once the existence of an equilibrium expected choice lavhhs been
established, a second question is to evaluate whether equation (26) pos-
sesses a unique solution. When multiple solutions exist, then the individual-
level or micro-level structure of the model does not uniquely determine
its macro-level characteristics. Why should one think that, in expectation,
the average choice level is not uniquely determined? The answer lies in
the assumption that = 0. The magnitude od influences the extent to
which each individual makes a choice based on his or her beliefs concern-
ing the choices of others. When this conformity effect is strong enough, it
means that for many population members, the desire to conform to others
dominates the other factors which influence choice. But when individual
behavior is driven by a desire to be similar to others, this does not provide
any information on what they actually do; rather it merely implies that
whatever behaviors occur, there will be substantial within-group correla-
tion due to conformity effects. Of course, the role of the conformity effect
is determined by its strength relative to the private incentives agents face.

These considerations suggest that the number of equilibria should
reflect an interplay of the various parameters of the model. Brock and
Durlauf (2001) contains the following theorem that characterizes the num-
ber of equilibria in this model.

Theorem 1: Relationship between individual behavioral param-
eters and number of self-consistent equilibria in the binary choice model
with social interactions

i. If BJ < 1, then there exists a single solution to equation (26).
i. If BJ> 1andh=0,there existthree solutions to equation (26). One
of these solutions is positive, one is zero and one is negative.
iii. If BJ> 1 andh +# 0, there exists a threshol (which depends on
BJ) such that
a. for|Bh| < H, there exist three solutions to equation (26) one of
which has the same sign Asand the others possessing oppo-
site sign.
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b. for|Bh| > H, there exists a unique solution to equation (26)
with the same sign ds

This theorem provides a description of the ways in which private
incentivesh, unobserved heterogeneif, and social incentives, com-
bine to determine the number of self-consistent equilibria in this popula-
tion. Notice that it is the interplay of private and social incentives that
determines the multiplicity versus uniqueness of the equilibrium. Sup-
pose that one fixe8 andJ so thatBJ > 1. In this case, different values of
h will induce different numbers of equilibria. This is qualitatively illus-
trated in Figure 1.

Acritical role is played by th@J, in that large (in a sense specified
in the theorem) values of this composite parameter are required for mul-
tiplicity. The role ofJ is easy to understand. Small valueslahean that
the strength of endogenous interactions is weak, which mitigates against

f(m)
1 -

0.8

0.6

-0.8 -

-1 -

Small h === Large h
m =tanh(S h+ B Jm)
pJ>1

FIGURE 1. Equilibria for expected average choice.
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self-consistent bunching of behavior. To understand the rofg, oécall

that small values g8 imply that the likelihood of a large value ¢f; (1) —
€i(—1)| is large. Hence for smap’s, a relatively large percentage of the
population will have draws of; (1) — ¢ (—1) which, roughly speaking,
dominate the deterministic parts of their payoffs. Furthermore, the expected
value of the percentage who are led to choose 1 due to the random utility
draws will, in expectation, be the same as the expected value of the per-
centage of the population led to choosd. In other words, smalB’s

imply that a relatively small percentage of the population is susceptible to
self-consistent bunching, in the sense that their decisions are likely to be
dominated by the social utility component of their payoff functions. Now,
consider what is needed for multiple self-consistent equilibria. Intuitively,
what is needed is that enough of the population is susceptible to being
influenced by the expected choices of others. But this requires, for fixed
J, relatively large values ah. When the percentage of individuals whose
behavior is dominated by the unobserved heterogeneity is high enough,
then the range of possible valuesrofis restricted, which precludes the
self-consistent bunching at multiple levels.

Under standard dynamic analogs to this static model, it turns out
that the equilibria with the largest and smallest valuesnadre locally
stable, whereas the equilibrium whose associaidies between them is
not2 One can ignore this “interior” equilibrium as it cannot be expected
to arise in practice. Thus, when multiple equilibria are present, we can
restrict attention to the possible equilibriumi. , in which the average
choice is expected to be positive, amd , in which the average choice is
expected to be negative.

4.2. Social Welfare

The presence of multiple equilibria leads to the question of the relation-
ship between a particular equilibrium and aggregate social welfare. In the
baseline case of commdn B, andJ values, it is natural to ask which
equilibrium maximizes the expected average payoff in the population.
Brock and Durlauf (2001) prove the following theorem

Theorem 2: Welfare rankings of equilibria

12These dynamic analogs typically assume that agentgatt to the expected
average choice far— 1.
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i. If h> 0 (< 0) then the equilibrium associated withi;. (m* ) pro-
vides a higher level of expected utility for each agent than the equi-
librium associated withn™ (m?.).

ii. If h= 0, then the equilibrium associated withi; and the equilib-
rium associated witim* provide equal levels of expected ultility for
each agent.

In words, wherh # 0, individuals are better off when the average
choice is of the same sign &s Intuitively, when this holds, the social
incentives to conform work in the same direction as the private incen-
tives. On the other hand, whér> 0 andm= m* , these incentives clash.

In this case, the average member of the population would be better off if
the other equilibrium prevailed. The existence of an inferior equilibrium
in the sense described illustrates how individually rational decisions can
be collectively undesirable.

5. CONCEPTUAL ISSUES OF INTERACTIONS-BASED
MODELS

5.1. Methodological Indiidualism

Interactions-based models represent an effort to introduce richer sociolog-

ical structure into economic theory. The absence of such structures has
been the source of severe criticism of economic theory by social scientists

who are not economists as well as among heterodox economists. Granovet-
ter (1985) gives a typical critique:

Classical and neoclassical economics operates, in con-
trast, with an atomized andhdersocialized conception of
human action . . . The theoretical arguments disallow by
hypothesis any impact of social structure and social rela-
tions on production, distribution, or consumption. (P. 55)

The interactions-based approach represents one way of answering
this criticism without sacrificing any of the basic microeconomic behav-
ioral assumptions of economics. | make this claim in two respects: one
superficial and the other somewhat deeper.

First, the modeling exercise described in Sections 2, 3, and 4 illus-
trates how one can formally integrate group-level influences into individ-
ual decisions so long as these influences can be modeled as variables, as
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is done withYy andmg. Self-consistency conditions of the type we have
modeled impose whatever feedbacks exist between members of a group,
in ways exactly analogous to the relationship between the modeling of
individual demand schedules as functions of prices and the requirement
that these prices clear markets.

This perspective on methodological individualism is quite similar
to that taken by Elster (1989) in the context of studying social norms:

| believe one can define, discuss, and defend a theory of
social norms in a wholly individualistic frameworl&
norm in this perspective is the propensity to feel shame
and to anticipate sanctions by others at the thought of
behaving in a certain forbidden way . this propensity
becomes &ocialnorm when and to the extent that it is
shared with other people . .. the social character of the
norm is also manifest in the existence of higher-order
norms that enjoin us to punish violators of the first-order
norm. To repeat, this conception of a network of shared
beliefs and common emotional reactions does not com-
mit us to thinking of norms as supraindividual entities
that somehow exist independently of their supports. (Pp.
105-106)

Second, the modeling framework | have described illustrates how
social interactions lead to features of group behavior that are qualitatively
different from those that arise in environments without such interactions.
This is an example of the property of “emergence” that is a common fea-
ture of environments of this type. Emergence leads to the question of the
relationship between these models and statistical mechanics models in
physics, which is discussed next.

5.2. Statistical Mechanics and Social Science

The binary model of social interactions that | have described lies in a

class of mathematical models originating in physics, specifically in the

area of statistical mechani¢These models were originally developed

to explain how magnets arise in nature. A magnet occurs when, for a piece

13Yeomans (1992) is an accessible introduction to statistical mechanics.
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of iron, a majority of the atoms spin up or spin down (spin being a binary
property of atoms). In the early twentieth century, the existence of natural
magnets was a major puzzle, as there are physical reasons why the ex ante
probability that a given atom spins up or down (once external temperature
considerations are removed)isThe resolution of this puzzle, first instan-
tiated in the celebrated Ising-Lenz model, is to assume that the probability
that a given atom possesses a certain spin depends on the spins of the
nearest neighbors to that atom. The subsequent statistical mechanics liter-
ature has extended analyses of this type to a wide range of alternative
interaction structures that correspond to different choicels jof

For the purposes of social science, of course, the physical interpre-
tation of these models is of no interest. What is of enormous interest are
the mathematical properties of these systems, which have made the same
mathematical models valuable in areas ranging from computer science
(where neural networks have this mathematical structure) to biology (mod-
els of molecular evolution); Anderson and Stein (1984) is an accessible
discussion of this. Among the many interesting properties of these sys-
tems are emergence, symmetry breaking, nonergodicity, phase transition,
and universality. | provide a brief description of each property to clarify
how it arises in the model that has been developed. Additional discussion
may be found in Blume and Durlauf (2001) and Durlauf (1999b).

5.2.1. Emergenc¥
In a system of interacting agents, emergent properties are those that can-
not be reduced to statements about the individual elements when studied
in isolation. In physics, magnetism is an emergent phenomenon as it is a
collective property of many iron atoms whose atomic spins are aligned,;
similarly, ice is a property of the way in which many water molecules are
arrayed, not one molecule in isolation. The multiple equilibria described
in Theorem 1 are examples of emergence in a socioeconomic context, as
they constitute a property that arises only with respect to a group rather
than for a single individual. Another example of emergence is Schelling’s
(1971) celebrated demonstration of how complete segregation is pro-
duced from mildly discriminatory preferences.

One important aspect of emergence is that it breaks any logical
relationship between methodological individualism and reductionism.
What | mean is that emergent properties cannot be understood through

14See Anderson (1972) for a physical perspective on emergence.
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the individual elements of a system, as they are intrinsically collective.
This is so even though the behaviors of these elements determine whether
or not emergent properties are present.

5.2.2. Symmetry Breaking

Symmetry breaking occurs when, for a specification of symmetrically
specified agents, asymmetric outcomes occur. In other words, suppose
one starts with a set of identically specified agents. Do conditions exist
under which their outcomes will differ? To see how this model exhibits
symmetry-breaking, consider the case- 0. Each agent is ex ante pri-
vately indifferent between the two choices—i.e., in the absence of any
social interaction effect, the probability that agent chooses 1 (and of
course—1) is 3. However, when] > 1, the choices will bunch (in
expected value) around one of the choices. Suppose that one has two
groups of identically specified agents. It would be possible for one group
to be associated with an equilibrium where most choices center on 1
whereas the other group centers of.

Symmetry breaking is important in modeling spatial agglomera-
tion of agents (see Arthur [1987] and Krugman [1996] for a stochastic
procesgstatistical mechanics perspective) into regions and cities. In such
models, agents face identical incentives and possess identical characteris-
tics, yet distinct bunching of the agents into subgroups will occur.

5.2.3. Nonergodicity

A probabilistic system is nonergodic if the conditional probabilities that
describe the behavior of each element of the system conditional on the
other elements fail to uniquely characterize the behavior of the system as
a whole. The simplest example of a nonergodic system is a Markov chain
whose transition probabilities are

BN

This conditional probability structure does not tell us which state of the
system will be observed.

The cases where (26) exhibits multiple solutions are thus noner-
godic. In these cases, one specifies the conditional probability choices of
each member of the population and imposes self-consistency; however,
this does not uniquely determine the aggregate behavior of the popula-



INDIVIDUAL BEHAVIOR AND SOCIAL INTERACTIONS 73

tion. Multiple equilibria are a common feature of coordination games in
economics, which are noncooperative environments in which individuals
conform to one another; see Cooper (1997) for an overview. Such models
typically embody conformity effects of the type that have been described.

5.2.4. Phase Transition

A model exhibits a phase transition when a small change in a model param-
eter induces a qualitative shift in the model’s properties. The binary choice
with social interactions model exhibits phase transitions along two dimen-
sions. Recalling Theorem 1, holdimgconstant, there will be a threshold
valueH (which depends oh) such that if3J moves from less thaH to
greater tharH, the number of equilibria shifts from 1 to 3. On the other
hand, for every3J > 1, there is a threshold, depending oBJ, such that

ash moves from less thaK to greater tharkK, the number of equilibria
shifts from 3 to 1.

5.2.5. Universality
A universal property of a system is one that does not depend on details of
the system’s micro-level specification. Such properties are found in many
physical contexts; for example, magnetization of the type captured in the
Ising-Lenz model does not depend on the nearest neighbor interaction
structure and in fact occurs for a wide range of alternative interaction struc-
tures. Universality is extremely appealing from the perspective of social
science modeling, since we often do not have any real justification for
choosing interactions structures, forms of interaction effects, etc. outside
of analytical convenience.

To see how this model exhibits some types of universality, suppose
that each individual is associated with a neighborhg@dthat character-
izes the set of individuals in the population with whom he wishes to con-
form; #(g(i)) denotes the neighborhood’s population size. Assume that
all members of the neighborhood weight the expected choices of the oth-
ers equally, so thak ; = J/(#(g(i)) — 1). A self-consistent equilibrium for
this system is any set of solutioB$w, )...E(w,) to the set of equations

E(w;) =t h<,6’h + A > E( )) (27)

w;) = tan —_— ;) |-

I #(g(i)) - 1,556 :

This mapping must possess at least one fixed point and hence at least one
self-consistent equilibrium exists. Notice that any solution of the model
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with global interactions must also represent a solution to this model, so
that

E(w,) = E(w,) = ... = E(w;) = m=tanh(Bh + gJm). (28)

Hence the properties we have found for the global interactions model occur
for a wide variety of alternative interaction structures. This being said,
universality has been relatively unexplored in social science applications
of statistical mechanics. My judgment is that this is an important area for
future work. One obvious possibility concerns Zipf's Law or the rank-
size rule for city populations, which appears to occur for countries with
very different socioeconomic structures. A number of interesting ideas
along these lines appear in Krugman (1996).

6. STATISTICAL IMPLEMENTATION

In bringing social interactions models to data, a number of difficult statis-
tical issues arise. In particular, under the assumption of rational expecta-
tions, there exist relationships between the various regressors that comprise
the model. These relationships in turn influence identification. This pos-
sibility was first recognized by Wallis (1980) in the context of time series
models. A seminal paper by Manski (1993) has developed this idea in the
context of interactions-based models. Brock and Durlauf (forthcoming)
provide both a survey of the relevant literature and many new results. See
also Moffitt (2001) for a number of valuable insights into the relevant
statistical issues.

6.1. Linear-in-Means Models

To see how an identification problem arises in interactions-based models,
it is useful to start with a linear regression that is analogous to the theo-
retical model | have described in Section 3.1. For this empirical model,
which is a generalization of the one studied by Manski (1993ach
agentis assumed to be a member of a g@p. An individual is assumed

to be affected by contextual and endogenous characteristics that are spe-
cific to his group. In a typical data set one would expect that the observa-
tions represent individuals from different groups. Hence, each individual

2In Manski (1993) Yy, is assumed to equy;), the average of; across all
members ofj(i).
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in the data set will be associated with an individually-indexed set of con-
textual effectsyy, and a distinct expected choice level among members
of groupg(i), myi). As before, | assume that each individual possesses
rational expectations and that the information set on which these expecta-
tions are formed includes all individual and contextual effects.

Relative to the linear model (8) the main modeling question is how
to render (8) empirically operational while allowing for heterogeneity in
the individual incentive termis;. Standard empirical practice assumes that
these terms are linearly determined by the individual and contextual effects
experienced by each individual

hi =K+ C’Xi + d/Yg(i). (29)

Thus in the linear version of a social interactions model the behavior of a
given individual is described by

w; = k+ c'X; + d’Yg(i) + ng(i) + € (30)

whereeg; is a regression error. The dependence of individual choices on
averages of expected behaviors and contextual effects has led this struc-
ture to be called the linear-in-means model. The parameters of interest are
k, ¢ (anr-length vector)d (an s-length vector), and. | assume that the
available data include;, Xi, Yyi), andXyi), whereXy, equals the aver-
age ofX’s among members of neighborhogti ).1®

To see how an identification problem arises, it is useful to work
with the reduced form model for individual choices. Following the simple
example in Section 3.2, one first computes the expected value of both

16This formulation differs from the hierarchical linear model (HLM) approach.
well described in Bryk and Raudenbush (1992) that is popular in the sociology and
education literatures. Relative to equation (29),

w; = k+ Cé(i)Xi + €
Cy(i) = IMy(i) + DYqqiy + 7,

whereJ andD arer X 1 andr X smatrices of coefficients ang is an r-length vector

of errors. Relative to the linear-in-means model, there are two main differences. First,
randomness in the coefficients is allowed. Second, when one substitutgg,tegua-

tion into thew; equation described above, it is clear that one is in essence estimating a
regression forw; where the regressors are the productXofvith the various endog-
enous and contextual variables. Hence the two approaches estimate rather different
behavioral models. | plan to explore the comparative merits of the approaches in future
work.
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sides of equation (30) for a given neighborhag(d). This leads to the
expression

M) = K+ " Xgii) +d Yoy + IMy). (31)
The expected average choice in the neighborhood can be solved for

k + C,Xg(i> + d,Yg(i)

mg(i) = 1 — J (32)
Substituting this into (30), one can see that
k 1 J

Wi = — - + C’Xi + — d,Yg(i) + — C/Xg(i) + €. (33)

1-J 1-J 1-J

This regression is in principle estimable by ordinary least squares. A poten-
tial identification problem occurs because of the possible linear depen-
dence betweel;, andXy, . For example, in the model studied by Manski
(1993), it is assumed thafy;, = Xyi—i.e., that the contextual effects
that affect individuals are their expectations of the neighborhood aver-
ages of the same variables that affect them on an individual level. This is
the source of the nonidentification or reflection problem that Manski (1993)
examined.

On the other hand, this formulation makes clear that there are two
paths by which identification may be achieved. First, in the presence of
prior information on which individual and contextual variables influence
individual behavior, it is possible that the spaces spanned by elements of
Yqi) @and Xy, are not identical, which may allow for identification. This
follows from an analysis of the reduced form equation (33). This regres-
sion has 2 + s+ 1 regressors and+ s+ 2 unknowns; it is easy to verify
that if the regressors are linearly independent then the system is identified
if r > 0 and overidentified if > 1.

Furthermore, suppose we rewrig, as

Xg(i) = Ho + Hl Xi + H2Yg(i) + i (34)

In this formulation n; is the part ofXy;, that cannot be predicted given a
constantX; andYy,. Put differently, it is the part 0Ky, that cannot be
predicted using those variables that are assumed in equation (30) to pre-
dict individual behavior. Notice that; can always be constructed by com-
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puting the regression (34). This allows us to rewrite the individual reduced
form as

k Jc Jc
w = ——+ o+ (¢’ + ——11I; | X
1-J 1-J 1-J

j .
+ 1—Jd + l—JHZ Yg(i)‘i‘mcni‘i‘é'i. (35)

Equation (34) identifiedIy, I1;, andIl,. Sincen; is orthogonal to the
other regressors in (35), the terkk&1 — J) + Jc’/(1 — J)IIy, ¢’ + Jc//
(1—J)114, andJ/(1 — J)d’ + Jc'/(1 — J)II, respectively are identified
from a regression ob; onto a constanf;, andYy,. Hence, this regres-
sion will haver + s+ 1 coefficients for + s+ 2 unknowns. In order to
identify the structural coefficients, it is necessary that the regresgors
provide an additional estimate of some component of the velgtdr—
J)c’. This will give as many coefficients as there are unknowns. This in
turn requires thad; is not null—i.e., that there is some part of the neigh-
borhood averages of the individual controls that do not lie in the space
spanned by a constan;, andYy). In turn, a necessary condition fgr

to be non-null is that there is at least one regresseuch that its neigh-
borhood averagg; ) is excluded fromYy, prior to the exercise. These
arguments are the basis for the following theorem, which is taken from
Brock and Durlauf (forthcoming).

Theorem 3: Necessary conditions for identification in the linear-
in-means model with social interactions and rational expectations

In the linear-in-means model it is necessary for identification of
the model’s parameters that

i. The dimension of the linear space spanned by elements Xfdnd
Yg(i) isr+s+11

ii. The dimension of the linear space spanned by the elementsX6f 1,
Ygi) and Xy is at least + s+ 2.

17The element 1 should be interpreted as a random variable whose value is 1
with probability 1.
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6.2. Nonlinear Models

Notice that linearity plays a critical role in creating the potential for non-
identification. Suppose that instead of (30), the individual-level behav-
ioral equation is

wi = k + C,Xi + d,Yg(i) + J¢(mg(i)) + €j. (36)

for some invertible functiop (). The rational expectations condition for
this model is

Mgqi) = ¥ (K+ ¢ Xgqiy + d"Yg0i)), (37)
whereys (r) = (r — J¢(r)) 1. The associated reduced form equation equals

wi = K+ C,Xi + d'Yg(i) + J(ﬁ(w(k + C’Xg(i) + d’Yg(i))) + €. (38)

This is an example of a partially linear model (cf. Horowitz 1998). If

¢ (-)—and by implication) (-)—is known, this equation is a standard non-
linear regression. Brock and Durlauf (forthcoming) verify that the param-
eters of this model are locally identified under weak assumptions on the
variables in the system. Interestingly, the conditions for identification are
weaker than the linear model when considered from the perspective of
what relationship must exist betweg;, andYy). The reason for this is
that the nonlinear functioe(-) ensures thamy, andYy, cannot be col-
linear, as is the potential source of nonidentification in the linear case.

6.3. Binary Choice

Using the linear model as background, | now consider identification in
the binary choice model. This model will possess a likelihood function

L | X, Ygiiy, MEy Oi)
= H/‘L(wl = 1|xi’Yg(i),mg(i))(l+“’i)/2
I
'/"L(wi = _1|Xi9Yg(i),mg(i))(l_wi)/z
oc [T (exp(Bk + Be'Xi + Bd"Ygq) + BImGi)) T2

-exp(—Bk — BC'X; — Bd"Yyi) — BIME;)) T “/2), (39)
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where the assumption of rational expectations imposes the restriction

mS(i) = Myi) = ftanh(ﬂk + ﬁC,X + Bd,Yg(i) + ,BJm_,(i))deWg(i) (40)

under the assumption that agents only ki, within a neighborhood®
Notice the multiplicative structure of the parameters of the model; this
makes it necessary to normalize the parameters in order to achieve iden-
tification, which can be done by settifgy= 1.

The key question in terms of identification of the linear-in-means
model is whethemy;) is collinear with the other regressors in the indi-
vidual behavioral equation due to self consistency. This same issue arises
in the binary choice case. However, in the binary choice model, the
expected value of a neighborhood choice is a nonlinear function of the
other variables in the model. The technical appendix at the end of this
paper gives a formal statement of the conditions under which the binary
choice model with social interactions is identified, but the key intuition
for identification follows from the nonlinearity built into (40). As the
theorem indicates, there is no need for an exclusion restriction on the
contextual variables in order to achieve identification, as was true in
the linear-in-means model. This is an example of a more general phe-
nomenon noted by McManus (1992)—namely, that lack of identifica-
tion in parametric systems is typically associated with linearity.

This being said, the standard errors in estimating the binary choice
model may be extremely large if the distributions of individual and con-
textual effects are such that (40) is “close” to linear. Exclusion restrictions
of the type that generate identification in the linear model—i.e., the pres-
ence of elements of; in (39) whose group levels analogs do not appear
in Yyi,—can facilitate accurate estimation for this case.

Finally, while identification has been established for the binary
choice model, as well as for longitudinal analogs (Brock and Durlauf forth-
coming), there has yet to be any investigation of issues that arise in the
implementation of the models. The presence of latent expectations vari-

18]t is technically convenient, in working with the binary choice model, to
assume that the information sets for individuals take this form, rather than to assume
each individual knows the distribution ¥f within his group, as was done in the linear
case. This is so because, as seen in Manski (1988), identification arguments in the
binary choice model are more subtle than for linear regressions; see Brock and Durlauf
(forthcoming) for details.



80 DURLAUF

ables(my’s) that may not be uniquely determined by observables (due to

multiple equilibria) suggests that computational issues, for example, will

be far from trivial. Thus there is much additional research needed in order
to fully understand how to apply interactions-based models to data.

7. IMPLICATIONS FOR PUBLIC POLICY

An interactions-based perspective on socioeconomic outcomes has impor-
tant implications for the design and evaluation of public policy. How do
interactions-based models affect the assessment of public policies? There
are at least three respects in which one may explore this question.

From the perspective of policy assessment, interactions-based mod-
els make clear the importance of accounting for nonlinearities. To see this,
suppose that a policymaker is assessing the effects of altieritng pri-
vate incentive of each individual within a population. Suppose as well
that the equilibrium choice level for the population is described by equa-
tion (26). In the vicinity of a given equilibrium, the derivative of the equi-
librium expected average choioewith respect tdh is

dm _ B(1—tanh?(Bh + BIm))
dh  (1— BJ(1— tanh?(Bh + BIm))"

(41)

This is obviously highly nonlinear. However, the derivative is monotoni-
cally decreasing ith whenh > 0, so one can at least infer that the mar-
ginal effect on a group will be higher the weaker the group’s fundamentals,
so long as the fundamentals have the same sign. However, because of the
relationship between fundamentals and the number of equilibria, one must
additionally ask whether nonmarginal changes imill alter the number

of equilibria. This creates the possibility that it is cost efficient to raise
the private incentives for the relatively better off. For example, in Fig-
ure 1, when one moves from low to highthe welfare inferior equilibria
disappear.

A second implication for policy is implied by this equation. Sup-
pose that a policymaker is considering whether to implement a system of
subsidies to raise incentives foindividuals out of a population of?
Suppose each member of the population is described by equation (21) and
these individuals do not form a single group but instead fbseparate
groups; as before, each group’s equilibrium is described by (26). The pol-
icymaker is assumed to have two options: (1) raise incentives froon
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h + dh for | individuals scattered acrosdifferent groups, or (2) raise
incentives fromh to h + dh for all | members of a given group. Let;
denote the expected value of the average choice figrsons sampled
across thé groups anan, denote the expected value of the average choice
for thel members of a given group. Assuming that the groups are large, so
that one can ignore the effect of the behavior of one individual on the
group, then the total effect on behavior under the first policy option is

dmy
o B(1—tanh?(Bh + BJm)). (42)
Equation (41) gives the effect of the second policy. Therefore, the relative
impact of the two policies is
d_m2 dm, B 1

dh/ dh  (1- BJ(1— tanh?(Bh + BIm))) -1

(43)

These expressions differ because when the private incentives are affected
for all members of a given group, the influences on individual behavior
are magnified as the changes in the behavior of each person will simulta-
neously affect others in the population. The net effect of the change in
private incentives on aggregate behavior will therefore be increased. This
is known as a social multiplier in the literature. The presence of a social
multiplier means that a cost benefit analysis would suggest concentrating
expenditures in order to take advantage of the social multiplier that ampli-
fies the effects of a highdrwithin a given group.

Third, interactions-based models suggest the importance of explor-
ing alternatives to forms of redistribution that are designed to raise pri-
vate incentives. One way to interpret welfare and other cash'aand
in-kind aid programs is that they are forms of income redistribution.
Such programs typically transfer (through taxes paid either contempora-
neously or over time to retire government debt that funded the initial
program) income from one group to another. An alternative form of
equality-enhancing policies falls in the category of “associational redis-
tribution” (Durlauf 1996c). These policies treat group memberships as
potential objects of redistribution.

A number of past and current public policies are interpretable as
promoting associational redistribution. For example, many education pol-
icies are attempts to engage in associational redistribution. Affirmative
action in college admissions is nothing more than a choice of what criteria
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are used to construct student bodies. School busing for racial integration,
while substantially less important now than 20 years ago, had exactly the
same effect. Recent efforts to promote integration through magnet schools
may be interpreted the same way.

Associational redistribution is a far more controversial class of pol-
icies than standard takansfer policies, as the visceral public hostility to
affirmative action makes clear. Further, it seems clear that the develop-
ment of a rigorous ethical defense of associational redistribution is more
difficult than for income redistribution; even as egalitarian a thinker as
Walzer (1983) finds various forms of quotas to be ethically problematic.
While the presence of interactions in determining socioeconomic out-
comes cannot, of course, resolve these complexities, their presence is nev-
ertheless important in assessing whether particular forms of associational
redistribution are just. For example, suppose one follows Roemer (1998)
and concludes that society ought to indemnify individuals against adverse
outcomes in life to the extent the outcomes are caused by factors outside
their control. Clearly, ethnicity, residential neighborhood of youth, and
the like are not variables that one chooses. Hence, the pursuit of equality
of opportunity along the lines outlined by Roemer would require interven-
tions to render these groupings irrelevant in predicting socioeconomic out-
comes. One obvious and perhaps necessary way to achieve this is to alter
those group memberships that are not immutable.

8. CONCLUSIONS

This paper has described a general model of social interactions that
attempts to combine the rigorous choice-based modeling of economics
with the richer social structures, interdependences, and contexts, which
are the hallmark of sociology. The theoretical framework embodies meth-
odological individualism, yet illustrates how social context means that
it is impossible to reduce the analysis of aggregate behavior to individ-
ual level descriptions. In terms of conceptualizing behaviors, the approach
allows one to integrate private incentives and social influences in a com-
mon structure. This framework is compatible with structural economet-
ric analysis and so can be falsified using standard statistical methods.
In terms of future research, my own view is that the most impor-
tant contributions can be made in the areas of statistical methodology and
empirical work. As the survey of evidence suggests, the strongest evi-
dence in favor of social interactions lies in those contexts most removed
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from the substantive phenomena that this new literature tries to address.
Advances in this regard will probably require much more attention to data
collection. For example, virtually no attention has been paid to the ques-
tion of identifying which groups influence individuals as opposed to which
groups are currently measured; as Manski (1993) argues, identification of
relevant groups from data is probably impossible. Census tracts may have
been chosen to approximate homogeneous neighborhoods, but this does
not imply that they actually define reference groups. Detailed survey infor-
mation may be needed to elicit information on what groups actually mat-
ter to individuals in a sample. An important effort in this respect is the
Project on Human Development in Chicago Neighborhoods. Sampson,
Morenoff, and Earls (1999), for example, show how the detailed survey
data from this project help clarify some of the amorphous aspects of social
capital discussions.

At a minimum, the framework helps to make clear, | believe, that
the disciplinary barriers between sociology and economics are in many
respects artificial. For phenomena such as inner city poverty, social
pathologies, and the like, each field contains important and fundamen-
tal theoretical ideas that are not only compatible but in substantive ways
complementary to one another. My own belief is that the continuing syn-
thesis of choice-based reasoning with social interactions will prove to
be one of the most promising areassaicioeconomitheory and empir-
ical work.

TECHNICAL APPENDIX
Theorem 4: Identification in the binary choice model with social

interactions and rational expectations
For the binary choice model with probability structure

w(wl X, Ygiy, mga) O)
oC H eXdBk + BC,Xi Wi + Bd'Yg(i)a)i + BJrT]S(i)a)i) (Al)
and
Mgy = Mgai) = Jtanh(ﬁk+ B X+ Bd Y + BIMyi)) dFxjy,,»

(A.2)
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assumings is normalized to 1, if

i.  The support of the vector consisting of the element;@ndYy) is
not contained in a proper linear subspac&ofs.

ii. The support of the vector consisting of the element¥gf is not
contained in a proper linear subspacdr8f

iii.  No element ofX; or Yy is constant.

iv.  There exists at least one grogpsuch that conditional o, X; is
not contained in a proper linear subspac&pf

v.  None of the regressors Iy, possesses bounded support.

vi. Mg is not constant across all grougs

then, the parameters of the modkl|c, d, J) are identified relative to any
distinct alternativek, ¢, d, J).

Proof. See Brock and Durlauf (forthcoming).
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