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Abstract
This paper presents on overview of the economics that lies behind socia

interaction models and briefly discusses the empirica approaches to socid
interactions. We present asmple modd with locdl interactions, smilar to
Glaeser, Sacerdote and Scheinkman (1996) but using a continuous action space
and gtarting with optimizing behavior. We then extend the modd to include
both globa and loca interactions. We suggest and use a methodology for using
vaiation of intra-city aggregates to identify the relaive szes of loca and globa
interactions. We dso present amoded with endogenous location choice and
use the predictions of that model to identify the sources of cross-city variance
that are due to sorting and interaction. Findly, we present a brief discussion of

using time-series to estimate the socid interactionsin broad aggregeates.



|. Introduction

A growing literature has argued that many economic actions -- crime, education choice,
labor force participation, out-of-wedlock births-- are marked by socid interactions (see
e.g. Akerlof, 1997, Becker, 1997, Bernheim, 1994, Y oung, 1997).! These socid
interactions imply that the net private benefits from pursuing a particular activity rise as
others also pursue this ectivity. For example, working hard in school might be less
panful for ayoung student if his friends are dso studying, both because his friends can
help him learn and because his friends are not available for other leisure activities. These
interactions can take many forms, ranging from pure physica externdities (while one
person is being arrested, the police find it harder to arrest someone e s), to learning
from one's neighbors, to stigma (the more people who are committing a particular
crime--the less likely isthat crime to be a negative Sgnd) to pure taste externdities
(individuds jugt enjoy imitating others).  We will discuss the many forms of these
externdities a length in Section 11, but the primary focus of this essay is on measuring
the extent of socid interactions, not on determining which mechanisms are most
important in generating them.

Socid interactions are particularly important because they can help explain
griking shiftsin aggregate outcomes over time and space. There are alarge number of
variables where shifts over time and space seem far too large to be explainable with
standard economic forces. For example, Levitt (1997) shows that only 25 percent of
the massive crime increase from 1960 to 1975 can be explained by demographic shifts.
Mulligan (1995) argues that massive female labor force participation in World Wer 11

cannot be explained by changesin either wages or the opportunity cost of time.



Likewise the dramatic change in divorce rates or the rise in out-of-wedlock births (see
Akerlof, Katz and Y dlen, 1996) dl seem to be only partidly connected to visible shifts
in observable variables?

Socid interactions help to explain these changes, because of the Strategic
complementarities inherent in socid interactions. These drategic complementarities
imply that even if changesin fundamentas cregte only asmadl change in the leve of
activity for each individua, each individud's smal change will then raise the benefits for
everyone e pursuing the activity. The society-wide effect of asmdl changein
fundamentd's, because of these ripple effects, may therefore be quite large. Smdll
changes in fundamentd variables can set off a cascade in individua behavior so that
large shiftsin outcomes may result from tiny changes in fundamentas.

The rapid shiftsin the variables that we mentioned earlier are of prime policy
interest. Therisein femde labor force participation is probably the most important
gngle shift in the post-war labor market. Therisein crime over the 1960-75 period led
to aten-fold increase in reported crime in many arees. The rise in out-of-wedlock
births and the rise of divorce appear to have caused deep changesin our society. To
the extent that theory and measurement of socid interactions enables us to understand
these massive changes, the sudy of socid interactions has potentialy mgor policy
redlevance. Furthermore since socid interactions usudly imply the existence of
externdities, the presence of these interactions often suggests some scope for
government action.

Indeed, we believe that non-market interactions between people represent most
of the human experience. These interactions play acriticd role in determining behavior,
preferences and utility. Socid interactions models of the type discussed in this paper



and in this volume are one way of understanding the features of non-market interactions
that make them different from more standard interactions that work through market

transactions. This paper focuses on one empirica gpproach to these interactions.

Measuring Social Interactions-- A Brief Literature Review

This paper focuses on anarrow set of issuesin empiricaly measuring the Sze
and nature of socid interactions. There are severd empirica approachesto
understanding these interactions. Thereis aliterature that includes Crane (1991), Case
and Katz (1991), Evans, Oates and Schwab (1992), Rauch (1994), Borjas (1995),
O'Regan and Quigley (1997) and many others that uses micro-data to examine these
connections. The basic sructure of this research often involves regressing an action of a
person on the average action of a person's "neighbors,” where neighbors can mean
members of the individuals census tract or some sdlf-reported socia group.

There are three problems with this methodology, which are discussed at length
by Manski (1993). Firdt, if aperson isaffected by his neighbors, he dso affects his
neighbors. As such the supposedly independent variable (the neighbors actions) isa
function of the dependent variable (the individud's actions). Most recent research in this
area (see Case and Katz, 1991) addresses this problem by ingrumenting for the
independent variable using the average levels of other neighbors characteristics which
are supposedly exogenous (such as neighbor's parents characteristics). Second, there
may be omitted variables in a particular area which affect the returnsto the activity in
that area and which would induce a spurious correlation between individuads and
neighbor's actions, even if dl individuas are immobile. This problem isdso potentidly



treatable usng exogenous neighbor's characteritics as instruments for neighbor's
actions.

Third, individuas choose their neighborhoods and individuas who are likely to
do the same things may choose to live close one another, perhaps because of socia
interactions. Evans, Oates and Schwab (1992) address this problem by modding the
choice of peer group as an endogenous variable. They argue that standard peer group
effects disappear once the endogeneity of peer groups have been properly treated.

Generd solutionsto dl of these problems are enormoudy difficult to find in the
absence of controlled experiments, such as Gautreaux or Moving-to-Opportunity,
whereindividuds are actually randomized across neighborhoods. Even these
experiments often suffer from the fact that we only observe individuas who chose to
join in the experiment or who decide not to turn down the opportunity to move to a new
neighborhood. When individuds are sdected based on moving, the results are clearly
biased because only persons who benefit from moving will choose to move.

Even clever solutions to this bias that use only the randomized part of the
experiment are problematic. For example congder an experiment where randomized
individuas (perhaps those who draw an even number) are given the opportunity to
move to a new neighborhood and others aren't given that opportunity (perhaps those
who draw an odd number). By using the number thet the individud is given as an
insrument for neighborhood movement (thus not usng whether or not the individud
actualy moved), some of the worst part of the biasis diminated. Nevertheless, since
the only people who move are those who benefit from moving, the experiment never

tracks the full sample of possible movers. Even the randomized trestment effect must



be interpreted as estimating the benefit of having an option to move, not the benefit of
actudly moving.

Brock and Durlauf (1997) represents a particularly comprehensive and careful
discussion of the use of micro-data to estimate socid interactions. In particular, they
focus on discrete choice problems often in apand setting. A mgor contribution is their
presenting a thorough discussion of when discrete choice modd s with socid interactions
are actudly identifidble. Again, though, identification is shown by them to be extremely
difficult in many cases, especidly when unobserved heterogeneity is particularly
important.

Another empirica gpproach to measuring socid interactions relies on using only
aggregate information (see Brock and Durlauf, 1995, Glaeser, Sacerdote and
Scheinkman, 1996, Gaviria, 1997, Topa, 1997). The intuition of this gpproach is that
gnce socid interactions create high levels of variance across space and time, by using
the variance of aggregates, one can measure the extent of these interactions. This
approach is free of the most basic endogeneity or reflection problem, because the
goproach explicitly acknowledges the fact that dl individuds effect each other.
However, it isfree of neither the problem of omitted variables which vary across space,
nor of the problem of sdection of different types of peopleinto different aress.

Alternative approaches have been proposed by Glaeser, Sacerdote and
Scheinkman (1996) to address these problems. We implicitly control for an area
specific fixed effects which iminates some or most of the omitted variables problem.
We examine groups which are more or less mobile to seeif there appearsto bea
connection between mobility and measured socid interactions, which there would be if

measured socid interaction just reflected location choice. We use"scding” rules



predicted by the theory that should allow us to differentiate between sorting and direct
interaction. Finaly, we use the variance of observables to determine the range of
reasonable estimates for the importance of unobservables. While these corrections are
far from perfect, they do suggest that there are ways that this methodology can be made
useful. We believe strongly that given the importance of estimating socid interactions,
al possible methodologies should be used. Even if the classic gpproach discussed first
was better in 90 percent of the cases (which we do not believe), there is still Sgnificant
vaue in using dternative methodologies which do not share exactly the same set of
problems (although they have problems of their own).

Topa (1997) dso uses aggregate-level variablesto study socid spilloversin
employment status. Formaly he writes down a non-homogeneous version of a contact
process in which the probability of becoming employed, depends on both individud
characterigtics and the number of one's neighbors who are employed. The probability
of becoming unemployed depends only on individud characterigics. The non-
homogeneity dlows Topa (1997) to differentiate soatid sorting from spillovers, but it
aso sops him from explicit derivations of the dationary distribution of the employment
process. Instead, he uses the process of indirect inference where parameters are
estimated by minimizing a distance between actua data and smulations of the structurd
modd for different parameter vdues. A principle feature of the Topa-modd is that the
covariance between individuas--the degree of socid interaction-- is determined by
goaid digance. He estimates large quantities of spillovers usng Chicago Census Tract
level information for 1980 and 1990. He finds that spillovers are strongest for minorities
and individua s with less education.



Brock and Durlauf (1995) do not present estimation based on aggregates, but
rather present a variety of theoretical results which are presented as afirst step towards
empiricd work. They focuson aglobd interactions model and produce results on the

exigence of multiple equilibria and the existence of threshold effects.



Outline of this Paper

Our focus is one measuring the Size and nature of socid interactions. Our
particular interest isin interactions where one person’ s taking a particular action
increases the likelihood of another person aso taking the same action. We will
generdly mean the term positive socid interactions to refer to just this type of Stuation.
Mogt of the peer effects and interaction models discussed above (and discussed below)
can be said to have this basic structure.

Our primary interest isin empiricaly determining the Sze and nature of these
positive socid interactions. We are interested in the extent to which one person’s action
will effect his neighbor’ s action. We are interested in the extent to which this sort of
influence decays with geographic and socid distance. We are interested in the extent
to which individua interactions are increased and reduced as individuas choose the
socid milieu in which they exist. In principle, if socid interactions are to be amgor

piece of positive economics or policy prescriptions, this type of information is crucid.



This paper extends our previous methodology is four ways, starting with Section
1. First, weintroduce asocia interactions modd with a continuous rather than a
discrete one-zero choice variable. This changeis useful for consdering many varigbles
where outcomes are continuous, rather than discrete. If we believe that the action is
continuous but that the econometrician only observes a discrete outcome, then this
continuous interaction model can be used for thinking about discrete varidbles. We
present anew sat of empirica results measuring the extent of socid interactions for
these continuous variables. One primary difference between continuous and discrete
variablesisthat to use continuous variables it is necessary to have a separate estimate of
the population variance of outcomes from micro data (in the case of discrete variables
with known mean level p, the population variance is dways p(1-p)).

Our second section extends our previous work to include both locd and global
interactions. A loca interaction occurs across neighbors. A global interaction occurs
through an aggregate. Classic examples of locd interactions may include learning from
neighbors (as in Ellison and Fudenberg, 1995) or joint neighbor production of non-
work related activities. Globd interactions may include community-wide norms or
effects that work through the price mechanism. Like loca interactions, globa
interactions produce high variances. Unlike locdl interaction models, globd interactions
aso naturdly produce multiple equilibria, which locd interactions do not as long asthe
interaction from neighbor-to-neighbor decays sufficiently quickly. We demonsgtrate an
empiricd methodology for consdering multiple equilibriaand other socid interactions
jointly. This methodology finds the existence of multiple equilibria for many variables,
but that the bulk of the variance across areas remains even after we have alowed for

the existence of multiple equilibria. Actudly separating loca from globd interactions
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requires sub-area aggregates or micro data where individuas are matched to a peer
group below the globd level.

Our third section presents averson of the modd with both local interactions
and locationd sdection. Individuas choose their areas to maximize utility based on
possibly limited information about their own tastes. The variance across areas is then
based on the combination of locationd decisons and socid interactions (of course, the
local decisons are also based on the existence of socid interactions). The identification
of selection vs. socid interaction hinges again on ascding rule. In other words, if we
know that people are selecting between sats of areas with different population sizes then
it is possible to differentiate between the two sources of cross-area variation.

Findly, we examine locd and globd interaction models in a dynamic context.
Following alarge body of work on technology adoption, we note that the level of socid
interaction determines the extent to which adoption islinear or S-shaped. We present a
ample means of testing for the extent of socid interaction in dynamic processes, but we
do not show how to determine between loca and globa interactions outside of using
smultaneoudy cross-sectional and time-series information. We present aranking
across a number of dynamic processes of which appear to be the mogt interactive. In
generd locd interactions seem to generate somewhat dower dynamic change, and in
principle it may be possible to differentiate between the two theories just usng time
seriesinformation given sufficient assumptions on functiond form.

Our overdl concluson isthat it fill gppears that there is substantid socid
interaction in alarge number of variadbles. Some of thisinteraction crestes multiple

equilibria, but most of the variance that socid interaction creates occurs beyond these
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equilibria. Differentid sdection into different areasis clearly particularly important, but
there is dtill variance beyond that caused by sdective migration.
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II. Discusson of Interactive Mechanisms

There is no shortage of the mechanisms that may generate socid interactions of either
the locd or the globd variety. Furthermore, while we will stress"positive’ socid
interactions, i.e. interactions where an individud’ s action pogtively influences his
neighbors actions, there are dso many well-known cases of negative socid interaction.
For example, competition for scarce resourcesis aform of aglobal negative interaction
which operates through the price system. Asone individua decides to consume more
of aparticular commodity, that individua drives up the price and drives down
consumption of dl others who aso face that price. Because of thisforce, we generdly
expect to find pogitive socia interactions in actions where there are not scarce resources
for which individuds are competing. We loosdly divide the mechanisms that generate
socid interactions into four primary categories. physcd, learning, sigma and taste-

related interactions.
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One reason to care about the different reasons why socid interactions occur is
that there are different policy implications associated with different interactions. For
example, if one person’sleve of education increases his neighbor’ s education through
dissemination of learning then it makes sense to subsidize education. Thereisasocidly
desrable spillover that should be subsdized. However, different policy implications
appear if one person’sleve of education increases his neighbor’ s education for sgnaing
reasons, i.e. as one person gets more education the other person must aso get more
education or be thought inferior. In that case, there isa socidly undesirable spillover
that should not be subsidized. While we will not be able to delve into methods of
differentiating the sources of spilloversin this paper, this section stresses the wide range
of possible mechanisms and the extreme policy importance of recognizing the different

ways in which pogtive interactions might occur.

Physical and Learning Interactions

There are many forms of physcd socid interactions, even just within asingle
activity. For example, socid interactions may occur in crime because of congestionin
law enforcement (asin Sah, 1991). Thisforce surdly plays a significant roleinriots,
where the large number of rioters lowers the probability of arrest (see DiPasquae and
Glaeser, 1997). Incressesin crime may lower the opportunity cost of legd activity
(because legd actors are being robbed) and may therefore lower the opportunity cost
of time and raise further the amount of crimind activity (asin Murphy et d., 1991).
These interactions may ether belocd or globa depending on the range of criminds and

police. For exampleif criminds attack legd businesses throughout the area, then this
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interactionisglobd. If criminasonly atack very close legd operations then the
interaction islocdl.

Network externdities are a classic physicd interaction. In these externdities, it
is more vauable to use a technology when others are using it aswell. For example,
telephones and e-mail become more valuable when others dso have these
communication devices. Cities themsdves are networks and the existence, growth and
decline of urban agglomerations depend to alarge extent of these interactions.

The presence of investment aso can generate these physicd interactions.
Investing in learning the QWERTY keyboard may only make sense when alarge
fraction of keyboards follow this configuration. Investing in an IBM versusa
Macintosh or a Betamax versus a VHS video recorder depends on the presence of
complements to use such as software or videocassettes. These complements are much
more likely to abound when others are dso using the technology. Asaresult thereisa
positive, globd interaction that moves the nation to the extreme of using one or the other
technology (asin the case of VHS vs. Beta, see Arthur, 1989, for a discusson of
"higtorical lock-in") or an uneasy co-existence between two technologies (asin the case
of IBM and Macintosh). In these cases, it has often been argued that suboptimal
equilibria often continue to exist supported by socid interactions.

Other socid interactions based on learning may occur if individuds actudly help
each other learn (asin Benabou, 1993). In Y oung (1993), individuas learn by
observing past actions and learning produces convergence of strategiesto a Nash
equilibria. Having neighbors who are taking an action makes it easier to learn about this
action. Thislearning may teke the form of just learning that a new technology exists (as

in Griliches, 1958) or learning how to operate atechnology correctly or learning the
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returns of thistechnology. Again, depending on how the technology operates, the
interaction may either belocd or globa. Ellison and Fudenberg (1993) explicitly
congder globa learning where people interact with random members of abroad
population. Ellison and Fudenberg (1995) examine loca learning where people interact
with their near neighbors. Fads and herding are other examples of behavior where
learning-related externdities can create socid interactions (Banerjee, 1992,

Bikhchandani et. al. 1993).

Sgnaling and Taste Interactions

I nteractions can aso be generated through the desire to resemble outwardly the
group that istaking a particular action. When actions are Sgndlss, then thereisa natural
interaction that comes about because the vaue of asignd isafunction of who eseis
taking that 9gnd. For example, Rasmussen (1996) develops amodd of stigmaand
criminal behavior where more crimindity tends to lower the stigma associated with
crimindity. Asaresult, more people become criminas. Glaeser (1992) argues for
positive socid interactions in labor market mohility, where more people changing firms
in high mobility countries (such asthe U.S)) diminates the stigma associated with rapid
mobility in low mobility countries (such as Japan).

Of course, the presence of sgnaing doesn't necessarily yield positive
interactions. For some actions (particularly snob goods), greater participation
necessarily means that the action goes from being a positive signd to being a negative
sgnd (see eg. Pesandorfer, 1996). As more people perform the action, or consume
the snob good, there is less of asignding demand for the product. Thereis an inherent

asymmetry between actions which are demanded because they are positive sgnds and
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actions which are avoided because they are negative Sgnads. Asmoreindividuds
perform actions which are positive sgnds, the signa disspates and the vaue of the
action disappears. As more individuas perform actions which were once negative
ggnds, agan the sgnd disspates, but in this case the demand for the action will rise
with the disppearance of the sgndl.

To make this point clearly condder the following smple modd where individuas
choose a discrete one-zero action. Thereisadistribution of "quality” across people,
denoted g, and individuas want to resemble high qudity individuds. The vaue of the
action isafunction (denoted W.,.))of the average qudity of people consuming the
action (denoted d ) and the qudity of theindividud (denoted q,). Thisvaue function
isareduced form that is meant to capture the sgnding value of the action. Assuming
that W(.,.) is monotonic with respect to individua quaity, equilibriawill be defined with
amargind individud, denoted with g *, who is indifferent over taking the action, i.e.
W(q*,q) = .

We can discuss two possible equilibria. Firg, if AW/?q; isaways greater than
zero, then only individuas with qudity gregter than g * will takethisaction. Inthis
case, an increase in the number of individuas who are taking the action (i.e.. areduction
inq *) will lead to areduction in the average qudity level and an overdl reduction of
demand for the action. In this case, socid interactions will lower variation in levels of
the action over space.  If WI?q, iseverywhere negdive, then only individuas with
quality lessthan g * will take the action. An increase in the number of people taking the
actionwill rase q * and increase demand for the action. In this case, socid interactions

arepogtive. Theimplication isthat socid interactions should be particularly important in
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generating large variances across time and space for actions which stigmetize rather than
devate®

A second type of stigmamodd involves acommunity norm of behavior where
devidions are punished by the community (the rationdity of this punishment strategy is
generated by repeated game or Folk theorem like arguments). This community norm
may serve to diminate negative externdities from particular types of behavior. Inthis
case, as more people participate in the action, fewer people become available to
participate in the punishment and the costs of deviation become smdler. Agan, a
positive socid interaction occurs because costs decline with the number of individuas
taking the action.

A vaigty of literature has aso argued for the posshility that interactions enter
directly into the utility function. Bernheim (1995) argued for ataste for conformity
where individuds experience aloss in utility just for deviating from the norms of the
crowd. Akerlof (1997) examines amore general set of preferences where socidl
choices enter into the utility function. Clearly, if the number of users of a commodity
enters directly into oné's taste for acommodity, then there will be socid interactions.

Much of the more casud discussion of these taste based preferences often
hinges upon people adopting the norms of behavior from others.  For example,
individuas think that certain types of behavior are "acceptable" because they see others
aso following these forms of behavior. By and large these stories can often be well
captured with learning modeds where agents learn optimd behavior from their neighbors
or with community-punishment types models. However, some observers tend to think
that there is too much adherence to learned community normsto be justified by thistype
of modd.
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One dterndtive mode assumes that individuas maximize a utility function which
isthe sum of utility from standard consumption and from one's living up to one's ided
f (thisfollows along Freudian literature and is close to Akerlof and Kranton, 1997),
or Utility=U (X) + V(Z,E) , Where X represents standard consumption variables and
Z isastock variable that captures oné's identity (i.e. Z could include years of education
or not being aliar or baeing thin).

Thereisavas variety of things that individuas could care about being like (i.e.
in principle anything could influence Z), so in practice parenta and community norms
must then determine which norms matter. In the utility function, thisis accomplished
withthe Z term which is meant to capture the inputs from outside sources that
determine which actions individua's should base their self-image upon (i.e. how
important isit to be hard-working or clever or attractive or decent). Socia interactions
occur because through learning thisided behavior, individuas influence each other.
Naturd examples of thistype of effect occursin crowd behavior where individuas seem
to completely forego what is commonly thought of as civilized behavior because they
are sanctioned by the crowd (see for example the extendve literature on the motivation
of Nazis).

Of course, in any of these taste based theories we must try to understand what
function these tastes would be playing in an evolutionary setup. Evolution should
optimdly just give individuds the actud evolutionary utility function (maximize DNA
propagation) and enough intelligence to do thiswell. Clearly evolution isn't able to do
this exactly and every st of combinations of tastes and computing ability is some
solution to a second best problem.  Interdependent preferences, if they exist, are surely

solving some evolutionary problem. In particular, they may be acting to help get the
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optimal degree of socid learning. However, without a better idea of the cogts that
symie evolution just making people optima socid learners, we cannot tell why this
particular form of utility would have evolved.

[11. A Smple Modd of Locd Interactions

The following modd description somewhat generalizes the modd in the text of Glaeser,
Sacerdote and Scheinkman (1996) in dlowing for aricher action space on the part of
individuas Individud i now chooses an action A(i) from asubset of theline.
Individuas are arranged on a one-dimensiond lattice (acircle or line) and the choice of
anindividud's action is based entirely on his own taste for the action and his taste for
imitating his predecessor on the line. More precisaly, afraction of individuds (1-p)
receive sufficient utility from copying their predecessor that they will exactly imitate their
predecessor's actions. The remaining individuas will choose their action independently;
we will refer to these individuds as fixed agents. The mean action taken by these fixed
agentsis m, and the varianceis s ;.

If the probability of being afixed agent isi.i.d. over the lattice, then in the
equilibrium of thismodd two agents who are separated by K other agents, will elther do
exactly the same thing if there are no fixed agents between them (which occurs with
probability (1- p)*) or they will choose their actions independently if thereis afixed
agent between them (which occurs with probability 1- (1- p)*). Thus, the covariance
between two such agents equals (1- p)* timess 2. Using thisfact, dementary
agebrarevedsthat the sum of the city's actions, when divided by the square root of the

city Sze, didfies
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Thisimpliesthat the variance of normalized city averageswill goto s % inthe
case where there are only fixed agents or go to infinity in the case where there are no

fixed agents.

An Alternate Model

An dternative and equivdently smple model, which is somewhat more
gopeding in its assumptions about individua behavior, but is somewhat less gppeding in
its restrictions on the action space assumes that the actions space isthered line. Inthis
case, we can assume that individuds utility isafunction of their own tastes, their actions

and their predecessors actions:

@ U(A.A.1.Q)=QA - LTaAz' >Aa- AL,

S0 that the marging utility of the action for individud i is directly influenced by an
idiosyncretic taste shock Q,, and by his neighbors action, A_,. Inorder to

incorporate observable individua characterigtics into the formula, we define

Q =q, +f(X,), where g, hasmean 0 and variencesj (which is congtant across
cities), and X istheindividua’s set of observable characteristics which may include

individud leve characterigtics (e.g. age and gender) and city-level characterigtics (e.g.
spending on welfare). Wewrite f (X) for the mean level of the function f(.) and f (X),

for the mean leve of the function f(.) indcity j.
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In this case, the individual's action isdefined by A =q, + f(X)+aA_,, or

equivaently:
3 A-Ai=g+f(X)- f(X),+a(A .- A),
where A; isthe mean action level in city j. Thevariance of anindividuas actions can

be found by noting that equation (3) and the fact that conditiond on city |, f(Xi) is

independent of A, _, (this uses our assumption thet there is no sorting across

neighborhoods within cities):
f(X)
@) Var(A- A)=sZ+Var[®+a®Var(A_ ;- Aj)= ﬁ%}_’

sincein equilibrium Var(A - A) =Var(A_, - Aj), and where Var [ refersto the

variance of f(X) withindty j. Aslong asthe X variables are independently distributed,
then the corrdation coefficient between individuals who are separated by K other

individudsisnow a . AsN grows large, aversion of equation (1) again holds:

&1 Nae  f(X)oo s2+Var'™
5 Var ¢—a A() - — L9938 ———
©) WV AUl (1- a)’

f(X)

In generdl, we will assumethat Var; ™ is constant across cities.

In order to determine the underlyi ng parameters, if the econometrician observed

th (X)
e variance of T a GA( i)- (denoted Var

agg) @nd the populetion variance
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of A within cities (denoted Var,,-- which is assumed to be constant across cities), then
Varagg - Varind

itiscear that inthelimit a =
Varagg +Var, 4

, and given our estimate of a and

f(X)

Var |

itis possibleto estimate s ;.
Thismode requires more modification for discrete action spaces. One
interpretation isto assume that thereis alatent continuous variable that expressesonly in
measurable discrete units. For example, individuas may choose a continuous quantity
of crimindity that displays itsdf in a discrete value, whether or not the individud was
arested or individuds choose a continuous level of sexud behavior that displaysitsdf in
the number of out-of-wedlock births. For this model to be technically correct, it must
be true that neighbors observe and make their decisions based on the actud continuous

variable, not the discrete outcome.

Methodological Discussion

The fundamenta empiricd idea of this methodology isto use the relationship
between the variance of community level aggregates and the variance of individud data
to estimate the Sze of the socid interactions. Our first Sep is to estimate the variance of
action levelswithin cities. To do this, we dlow for city-gpecific means and just estimate

acommon variance of the action around these city-gpecific means.

(
Next we assume the f(X) = b’ X and we estimate % by regressng sample

average action outcomes on sample average city leve characterigtics (including sate

effects which should diminate the effect of state level laws and regulations.):
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© pox,
6 A =
(6) 1 a

j +e;

b ¢x
Using the predicted vaue from this regresson, we obtain avaue of 1—J .

With these estimates, the predicted levels of outcomes across cities based on city leve

b & (0,0

variables, we can estimate the variance of \/—IalgA() 1-a T This aggregeate

variance and the individud variance are sufficient to estimate a.

If we are interested in differentiating between variance caused by observables
(Var ) and variance caused by idiosyncratic tastes (s ¢ ), we must then assume that
there is no sorting within the city. Then we can estimate the regression using the 1990
Census Public Use Micro Sample to estimate a regression of the form
A =City Fixed Effect+b X, +e . Thedity fixed effect will diminate any bias thet
comes from differential sorting of individuals across dities* With this regresson, we
have now estimated the coefficients b, on individud level characteridtics. Given these

coefficients, weform avadue of b’ X for the dl individuas and we can cdculate the vaue
of Var [, by caculating the variance of this predicted action level within cities.

Some Results

Table 4.1 presents our firgt set of results for female headed household rates.
This variable represents the share of dl families that are headed by awoman. This can
be thought of as roughly the share of women who "choose’ to have afamily without a
husband, conditiona upon choosing to have afamily (there are very few mae headed

households without awoman). All of our data comes from the 1990 census summary
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tapefiles. Our unit of observation isthe metropolitan Satistica area (MSA or when
gpplicable the primary metropolitan statistical areq).
Our god isto edimate a -- the parameter which captures the degree of socia

. . . . . . Varagg - Var, 4
interaction. Thisbasic formulafor this parameter isthat a = ———————
Var,,, +Var,

. where

Var,,, and Var, , arethe aggregate and individua level variances described above.

Thefirgt row in Table 4.1 showsthe individud and aggregete level variances
when no observables are alowed as control variables. Theindividud level varianceis
the variance from a national mean. Inthiscasewefind an a vaueof .998, whichis
extremely close to one and quite far from zero.

The second row shows results where we have controlled for city level variables
in caculating the city aggregate variance and caculated the individud level variances
from acity-leve mean. A wide battery of city level variables have been included which
are described in the Table. While many of these variables may be endogenous, our goa
isto control for as much as possible rather than to include only exogenous variables.
Both the individud variance and the aggregate variance decline, but the aggregeate
variance declines by much more. Theestimate of a thusfalsto .995, which ill
represents quite Szable levels of socid interaction. Thisleve of a impliesthat the
actions of individuals who are separated by 100 other individuas have a correlation
coefficient of .606.

The third row gives results where we ca culate the aggregate variance
contralling for city level variables and state level fixed effects. These date leve fixed
effects should control for any omitted Sate leve legd varigbles effecting this outcome
variable. Asexpected the aggregate variance declines subgtantialy, beyond our

controlsfor city level variables. Theindividud leve varianceis dill estimated around
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city leve means and the overd| vaue of a declinesto .987, which impliesthat the
correlation coefficient of actions of individuals who are separated by 100 other
individudsis.27.

An Aside on Multi-Dimensional Interaction Models

Glaeser, Sacerdote and Scheinkman (1996) presents a variant on the voter
modd of physics (e.g Kindermann and Snell, 1980). Agents were located at points on
aone-dimensiond lattice and chose one of two possible actions. In our modd, there
were fixed agents who choose their actions at random. The other type, imitative agents,
copied the action of one of their two neighbors with equa probability. Without fixed
agents, the voter model in one (or two) dimensions produces unanimity in the long run
and this unanimity is clearly inaccurate empiricaly for many variables. More precisdly,
suppose the agents are in Zy, the st of pointsin R with integer coordinates, and that
each agent chooses at time't, an action &' 1 {0,1}. At time zero, each agent chooses
an action that isindependent of other agentswith Pr ob{aﬂ.t = 1} = p. Theneghbors of

there exists a Poisson process P; with rate g with P, independent of P, and such that at

each epoch t, the agent revises hisaction. Assumein addition that if agent i reviseshis
actionthen @ = a with probability foreach jT N(i). Thatis, i copiesthe

#N(i)
action of one of hisneighborsat eschepoch t. If d=1,2forany il Z,, j1 Z, there
existsan e>0, there exists T such thet if t>T , Prob{g =a/}>1- e. In other words,

in one or two dimensons, agents behavior will eventualy be unanimous.
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However, if d=3, unanimity no longer holds and there exists a sationary
measure (p) and if S, = é ifen ‘1;d ;,m,d then S ® N[O,s 2]. Thisformula

a
((Zn +

suggests that empiricdly, one could in principle estimate the number of dimensions that
explain the observed variance of group-level average actions. The larger the dimension
of the interactions, the lower is the exponent (1/2+ 1/d) that must be used to normdize
to get anormd didribution. In the limit as d grows, the exponent gpproaches 1/2.
Thus, the higher dimension lattices increasingly resemble the case where decisions are
independent. Intuitively, sufficiently large amounts of interaction diminate the tendency
of interaction to produce dl-or-nothing outcomes. Another way of generating scaing
rules other than scaling by 1/2 involves models with long spatid dependency (Glaeser
and Scheinkman, 1997).

[11. Combining Local and Globd Interactions

In this case, we assume that utility depends both upon the actions of a neighbor
and of the community asawhole. The community average can either increase or
decrease the incentives to engage in the particular level of behavior. A globdly high
levd of crime may mean that many voters are criminas who do not want to spend on
police expenditures. Alterndively, a high community-wide level of crime may reduce
the incentives to engage in crime. Also perhaps, as more people are criminals, there
may be fewer potentid victims, so the returns to crime in the community may fdl (again
thisisonly aglobd interaction if criminas choose their victims from a globd rather then
aloca poal).
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To formaly treat globd interactions, we again assume that action levels are
continuous and that individuds choose their actions treating the globd levels as

exogenous to maximize:
(7
e aA o : =S 8%:%652
1 - 1- 2 2 1- o -
UGA AL Q i= QA - oA - (- f - AL Gs e
: o E & &
which implies
| AL
(8) A=Q +aJA-1+a(1'J)g(;“n :
& 5

Botha and| aredrictly lessthan one and greater than zero (when j =1 thisisthe

pure loca interactions model discussed above). As before to make the system
symmetric A, = A,. Wewill also treat two separate assumptions about the taste

shocks. First, we assumethat Q, =q, whereq, isi.i.d., with mean that we normdize to
zero and variance s 2. Second, we assumethat Q, =g, + (X ), where g, isagan
i.i.d. with mean zero and variance s j , and X refers to observable characteristics of the

individud. In both cases, the varidble Q, isassumed to have a bounded support. The

function g(.) is bounded and continuoudy differentiable with a bounded derivative.
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For any given sequence {Q, }_,, we can defineafunction F:F' ® F" that

maps the vector (A,,..., A,_,) by:

i=1’

)
® aé Aig geéA 60
F(Av A)=CQ, +a] A +a - | )gEi—..Q, +a] A,, +a(l- | )geii—
& " 8 BB

Here A,= A,. Asa <1,j <landg(.) isbounded, the function will have &t least one

fixed point which will solve equation (5). In generd, however, there is no guarantee that
thisfixed point isunique. It isentirdy possble that there exist multiple solutions to

equation (8). Further, the optimal action of agent i depends on the tota population sze
n and we denote this dependence by writing A" for the action taken by individud i.

°n n

ayA
Summing equation (8), and writing A1 = o we find:

a(l f)s;1

[g(ak“ Ay =

(10) (- af)A,-

Further iteration of equation (8) yidds

a A
(11) A =a'f! Ao+<’:161'/f'/[Q +a(l- f)g(k” )]

At this point, we will separate our discussion into two sections, based on our

two assumptions about Q.
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Casel: Q =q;
We will assume that there are afinite number of solutions to the equation
a(x) = ( : )x and that at each such solution g' (x) * 1('1an ).Th|3|sa generic’

assumption.

In the appendix, we show that the sequence A , of average actionsina

population of 9zen, converges, asn® ¥ , to asolution of the equation:

-af -
a(l f)

(12 g(A) =

Wedenote a” = A" - A, and we also show in the appendix that:

& 2 0

NcO,
e (- aj -a(l J)QG(A))!J

(13)

II e 3

‘wl%

2
Within city variance (using eguation (8)) is 1—2‘21_—2 . It is somewhat

meaningless to try and determine between the effectsof a , ) , and gc(ﬂ) but even if
we attempt to distinguish between s 2, aj , a (1- j ) gdA), it isimpossible without

more information. Essentialy we have three variables and only two equetions,

If we had an additional variable, for example the covariance of actions of
individud i and i-1 within a city, then we could back out these three variables. Withina

givendity, cov(A,A_,)=aj Var(A_,) = T?J“—z This covariance can be either
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found directly (if micro-datais avalladle) or found by city- subaggregates (i.e.
neighborhood level averages). Inthiscase, a) equds the correlation coefficient of two
neighbor's actions, and by using the variance, s j can befound. With these two
parameters, it is possible to determine the Sze of the globd interaction by looking a
variances across cities.

Alternatively, one could identify the mode by examining the variance of
neighborhood level averages within asingle city. If aneighborhood has sze h, then

FQ i*+h 6 )
o : - s ,
conditioning on the city level mean, Var c—=——= = i . Theonly difference
& Vh 5 (@-aj)

between this expression and equation (13) isthat dl neighborhoods within a city are
affected by the same globd interaction term, so there are no termsinvolving g'(A).

If it is desrable to control for observables and till use this smpler framework, a
smple assumption isthat observed action Y=A+f(X), where Y is the observed action
and f(X) isafunction of observables. Thus A can be inferred by subtracting f(X) from
Y, if f(X) isknown (and given our assumption, there is no reason why it cannot be
edimated from ether micro-level or aggregate-level regressions). All of the satements
about A are unchanged with this assumption. Empiricaly, it is necessary to work with
Y-f(X), the residuds from afirst sage regresson. This framework alows for asmple
manner of contralling for observables. However, it is not satisfying in that we are
assuming that one's influence on one's neighborsis only a function of unobservable
factors. The next section introduces a more complicated setup, where we alow

observables to influence neighbors.

Case2: Q =g, + f(X)
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In this case, we assume that taste shocks contain both an individud specific,
i.1.d. component, and aso a component that is based on an individua's observable
characterigtics and a component based on city level characterigtics (which may include
both individual -specific and city-specific attributes). We assumethat Q, has a second
moment. Using asmilar logic to the one used in Case 1, and making an andogous
assumption concerning the finiteness of the set of solutions to the equation
(- aj )x-a(l-j)g(x)= f(X), onecanshow that, inthelimit, the mean level of

theactionin city ] mugt sidy:
(14) - aj)Ai-a-j)g(Aa)=TX),

Equation (14) typicaly has many solutions for each vaue of TX) ;- From now on, we
condition on a"branch" of the solution and note that except for afinite set of vaues of
(X),, the solutions will vary smoothly with T (X); within each branch. Importantly, for
eachvaueof A; there exists a most one TX) ; that solvesthe equation. Thus, in
principle one can estimate TX)]. asafunction of A;.

Using theimplicit function theorem and differentiating (14) implies

5,
(15) “ﬂ% (- aj )- a(- j )oolA)

Thus the derivative of predicted vaue with respect to outcome leve will yied an
edimateof (1- aj )- a(1- j )gc(ﬂ). The connection between redlized outcome, and

predicted outcome based on micro-leve variation, gives us an estimate of the extent to

which there are spillovers.



32

If we assume that the digtribution of X is constant across neighborhoods such
thet the averagelevel of f(X) in each neighborhood within city j is T(X),. Then

& A- A
(16) Vargia:1 7n

s +Var{®
@-ajy '

;0
+®
%]

where h again indices the members of the neighborhood.  Furthermore, the variance of
s+ Var/®
1- (aj ¥
neighborhoods, and the variance of individud leve actionswithin citiesdlows usto
identify aj . Thus asweleam (1- aj )- a(1- j )gi(A, ) from the aggregate

action levelswithin the aty will again equd . The variance of

regressons we are able to separate the extent to which spillovers come from locd and
globa sources, after we condition in an equilibrium.

Unfortunately this approach requires us to assume that there is no sorting by
observables across neighborhoods. If we actudly were able to run individud level
regressons within cities with neighborhood leve fixed effects, we could then drop this
assumption. Then we could notethat (1- aj )J(An - A;)=f(X), - T(X),, where
quantities with the h subscript indicate neighborhood level outcomes. The rdationship
between predicted outcomes and actual outcomes then provide a separate estimate of
(1-aj ).

A Discrete Version
Since many of our variables are discrete, it makes sense to consider an
and ogous modd where only two actions {0, 1} are possble. For smplicity we only

describe the modd in the case without observables. In this case, assume that a city has
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n agentson acircle. With probability a, agent i bases his actions exclusvely on the
actions of agent i-1, and we again identify agent O with agent n. With probability 1-a,
agent i bases his action on the globa average.  In this case, the probability that agent i

iA
chooses action 1isgiven by g —f; where g(.) isacontinuoudy differentiable

function defined for x1 [0,1] with 1>g(x)>0. Following asimilar reasoning to that of

the previous model, we may conclude that the average action in a city must converge as

N® ¥ tosomesolution of the equation A= g@) Furthermore the variance of

&o i+n .
. . a 2% 1+a, Al-A

normdlized city-level averages satisfies Var ¢ +=

SV 5 ia Lod) |

&o |+ha O
variance of normalized neighborhood-level averages Var ¢ "”_'1 L= i a Al- A).
e a

Of course the variance of any one individuds action is K(l- K) . These three equations
dlow usto empiricdly identify the modd. We will estimate the parameters for discrete
vaiables asif they were continuous variables in the next section, but more properly

discrete variables need to be treated differently using this particular formulation.

Empirical Implementation

This section employs two digtinct methodologies. The first methodology
assumes that observable variables do not create spillovers and can just be controlled for
and then ignored. The second methodology assumes that observable variables create
their own spillovers. For both methodol ogies, we can estimate the value of (1- aj )
by using the micro-leve variance and the variance of neighborhood averages. If we

assume that the observables can just be subtracted, we begin by regressing outcomes



on observables (in amicro-leve regresson) and then using those coefficients to subtract

the effect of observables from any aggregate.

Methodology 1-- Social Influence comes only from Unpredictable Elements of
Decisions

The first methodology relies upon the assumption that we can ignore the effect
of observables on socid interactions. In this case, we first regress our micro-outcome
variable (does the family have asingle head) on a battery of family level characteridtics
including city level fixed effects. Thisregresson furnishes us with estimates of the effect
of observable characterigtics on the outcome variable and usng these estimates we
correct tract-level and city-level outcome variables for observable characteristics. As
discussed earlier, because of sorting across cities, observable characteristics may be
correlated with the action of one's neighbors and as such ether city leve regressions or
micro-levd regressonsthat do not control for city leve fixed effects may well be
biased. Of course, we are, unreditically, forced to assume that there is no sorting
within cities

Thus, dl further procedures within this methodology are done using corrected
femal e headed household rates where the effect of observable characteristics have been
eliminated (except for the row marked "raw femae headship rate in families’ and Table
4.338). Using the corrected city level femae headship rates, we then determine how
much of the variance across cities can be plausibly explained by the existence of multiple
equilibria (of normdized city averages) and how much can be determined by the

variance of cities within each of these equilibria While the variance crested by the
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multiple equilibriais not the only variance due to globd interactions, in our modd it
represents one component of the globd interactions.

Of course, this result is due to the assumption that the global interaction may be
non-linear whilethe locd interaction islinear. If the globd interaction was linear, then it
could not generate multiple equilibria. If the locd interaction was non-linear, then even
in the absence of globa interactions, multiple equilibriacould Hill exist. Perhapsitis
therefore wiser to interpret the amount of variance crested by multiple equilibriaasthe
variance asociated with non- linearities in the interaction process rather than asthe
outcome of globa interactions.

We dlow for the presence of multiple equilibria by usng the EM dgorithm to fit
amixture of norma didributions to the observed distribution of corrected city leve
headship rates. Tables 4.3a, 4.3b and 4.3c show the results of estimating multiple
equilibriaviathe EM dgorithm for femae headed household rates.  This dgorithm
alows usto edimate that each city is drawn from up to five distributions with different
means and standard deviations. Since the datais dways fit better by more distributions,
aloss function must be specified so that we alow more digtributions only if asufficently
large amount of explanatory power is generated by dlowing for an extradigtribution.
We implement this loss function using the Akaike Information Criterion which dlows us
to compare across numbers of distributions to determine which one gives us the most
explanatory power rative to its criterion.

In Table 4.3a, we estimate the number of didtributions for percent femde
headed household without any additiona controls. In this case, the Akaike Information
Criterion is minimized with three component digtributions. The firgt digtributions, which

contains 55 percent of the cities, has alow mean and a variance roughly comparable to
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the aggregate variance. The second digtribution has 42 of the digtribution and amuch
lower variance, which leads to a correspondingly lower value of socid interactions for
thisgroup. The third digtribution has only 3 percent of the cities, but it dso has an
extremey high mean and variance.

In Table 4.3b we again control for city level variablesin estimating the aggregate
vaianceterm. The EM dgorithm is used on the distribution of femae headed
household rates across cities after we have first orthogonalized these rates to a battery
of city level characteristics. In this case, the three component distribution again
minimizes the Akaike Information criterion. In Table 4.3c, we orthogondize city leve
female headed household rates with respect to city leve variables and with respect to
date level fixed effects. The average aggregate variance is reduced much less by
alowing for the presence of multiple equilibria. In this case the Akake Information
Criterion is minimized with two component digtributions. Thefirgt distribution has 78
percent of the cities and the second distribution has 22 percent of the cities.

Once we have estimated the number of distributions that best fit the data, we
use the variance of the city level aggregates around each digtribution to estimate the
degree of loca and global interactions. Notice that the reduction in variance crested by
alowing the presence of multiple equilibriais dready one sgn that globd equilibria
matter. Table 4.2 shows the results from this procedure for female headship rates.
We use the average city-level variance rather than the variance for each one of the
component distributions i2n order to produce aszingle st of results. We use the three

s S

=52 ad

foromulss Var ., = —%—, Var 4
(1-aj) 1- @’
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SZ

" al -2l o(R)

a] (which captures theimportance of local interactions) and a (1 - j ) gd(A ) (which

Var

to estimate the key parameters of the modd:

captures the importance of globd interactions, after we condition in an equilibrium).

Our findings, shown in Table 4.2, are that dlowing for multiple equilibriaand
globd interactions substantialy reduces the importance of locd interactionsin femae
headship rates. Thevdueof aj iscomparabletothevaueof a in Table4.1, with
only locd interactions, and it is clear that including globa interactions has lessened the
importance of socid interactions. However, after conditioning in an equilibrium, the
importance of locd interactions is much higher than the importance of globa
interactions. We find that an increase in your neighbor’'s action is more than twelve
times more important than an increase in the city level average (which is found by
comparing & -- the effect of the neighbor—- with a (1 - j ) gd(A) the effect of the city
level average). Of course, we areredlly differentiating between city-level and tract-level
interactions, are we are referring to tract-level interactions asloca interactions. 1t might
be that tract-level interactions are not actualy loca as described by our modd, i.e.
neighbor-to-neighbor. Instead, the tract-leve interactions that we identify aslocal might
occur equaly across the tract, i.e. individuds are influenced by the average leve of
behavior in their tract. Table 4.3 exhibits parameter estimates for globa vs. loca

interaction modds for severd other variables.

Methodology 2-- Allowing Control Variables to Influence Interactions
The previous methodology assumes that only the unpredictable component of

actions creates socid interactions. In this section, we rely upon the fact that the
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component of individuas' actionsthat are attributable to observable characteristics will
have exactly the same socid interaction effect as the components of individuas actions
that are not attributable to any observable characteristics. If observable characterigtics
influence neighbors, but not as strongly as unobservable characteritics then neither one
of these proceduresis correct and some mixture of the two proceduresis best.

Table 4.4 presents an estimation of the strength of globa interactions for femde
headship rates. To estimate a] we use exactly the same procedure as we did above.
First we regress micro-outcomes on observables and then we use the parameter
estimates from this regression to correct for observable characteristics. We then
esimate the individud leved variance and the tract levd variance and using

2 2

S :
var, .. = ,and Varmd:—q—1 e weform an estimateof aj .
-aj

= il_
v =1 aj ¥
Our egtimate of globd interactionsis more difficult. As discussed above, we
use the parameter estimates from the micro regression to create a predicted outcome
level for each city based on the city level observables and the parameter estimates from
the micro level regression. We then regress this city-wide predicted action level on the
action. If there were subgtantia non- monatonicitiesin this function, then multiple
equilibriawould be a possibility. Asit is, the function is completely monotonic and thus
this procedure does not confirm the existence of multiple equilibria é the city leve.
Intuitively, the result of regressing predicted outcomes on actua outcomes can
be best thought by considering the null hypothesis of no socid interactions. In that case,
we would expect the predicted outcome level to move one for one with the actua
outcome level (on average). However, as we see we find that the predicted outcome

level moves less than one-for-one, which means that large changes in the actua
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outcome level are associated with smaller changesin the predicted outcomeleve. This
finding is quite supportive of the existence of socid interactions.

However, our formulais that f(X) =1-aj -a(l- j)g(I(_) Our point

estimates of ﬂﬂ( ) range from .386 t0 .792, but our estimate of a] (from the micro-

level and tract-level variance) is.927. Assuch, the globd interaction terms must be
negative (athough in one case, the globa interaction term is not Setigticaly different
from zero). There are two possble ways of interpreting thisresult. Firg, it ispossble
that the globa interaction terms are negative.

Second, and we think more redigticaly, there are problems associated with the
fact that we are cobbling together two different procedures to estimate the globa and
locdl interaction. In principleit would be possbleto esimate a] by regressng
average tract level predicted outcome on average tract level outcome. If thereisany
tendency of the unobservable causes of actions to creaste more socid interaction than
the observable components then our current estimate of aj  will be much higher than it
would be usng this dternative method. Also, if unobservable causes of actions matter
more than our using of two procedures will lead to many more estimation problems than
using acommon procedure to estimate both components of loca and global
interactions.

This section has been highly exploratory and we hope that future work will
extend this approach. However, we have argued that there are two distinct
methodologies for estimating local and globdl interactions. Fird, it ispossbleto use
aggregate variances and compare these variances with micro-level variances. Second,

it is possible to use the connection between average predicted level outcome and



average outcome. While this second point is Smilar to micro-level estimation techniques
(see, eg. Case and Katz, 1991) which look for socid interactions by using neighbors
characterigics as instruments, our procedure is essentidly novel in many ways and

needs more development before it can be counted on to produce reliable results.

V. Sdection into Locations

We now revert back to our smpler loca interactions model and assume

1-a

@  U(AALGPR)=AA- T A -S(A- AL P,

where P, representsthe cost of living in city z. As before, individuas choose their
actionssothat A =q, +aA_,. Inthismoded, however, individuas choose therr city as

well asther action. Furthermore, they will choose their city before observing who their
neighbor will be or even exactly whet their vaue of g, will be. One judtification for this
isthat individua tastes will change over time (so individuas are unsure as to what their
tastes will be). We further assume that no one knows who his neighbor will be.
However, individuads will have a guess asto what sort of people are sdecting into the
aty.

To implement the idea that individuds have some imperfect knowledge about
their own tastes, we assume q; = di +¢,, where cii and e, are both mean zero, i.i.d.
random variables with variances s > and s 2, and suppose g solves (1. - g)s; =..
Theterm d . represents tastes that are known ex ante and may include the effect of

observableindividud characteristics. Theterm e, representsindividud tastes thet are

only known after migration which are assumed to be independent of al other individuas
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taste shocks. There are afixed number of C citieslabeled 1 to C and dl of these cities
are ex anteidenticd (this represents a amplification over the previous modds).
Furthermore, while it is possible to endogenize the Sze of communities (aslong as cost
of living rises sufficiently quickly with population Sze there will dways be interior
solutions for city size), we will assume that the fractions of the population (kl, ey kC) are
€x0genous.

Using thefact that individud i knows that he will choose his actions optimaly so
that A =q, +aA_,, theexpected utility of individua i who chooses city after observing
q; will be

e (01) =925 age(r i) S22 e ). P,

The key point in this equation is that there is a Strategic complementarity
between an individua's expected proclivity towards the action (d ;) and the tendency in
the city to follow the action. For exampleif agent i weekly preferscity zto city Z,
where E(A_,|2) > E(A._,|z6) then any agent i’ for whom g, > g, will prefer z strictly to
Z. Thisfact impliesthat there will be grict sorting of individuas across cities, unlessthe
citiesare exactly identica (asin Benabou, 1993). Without getting into more detailed
dynamic issues, usud ad hoc notions of sability assure us that these symmetric equilibria
will be undable. Theintuition of thisisthet if one of two initidly symmetric aities
becomes dightly higher in expected action levels, then dl of the individuds with higher
(ii swill tend towards that city. Because of thisingability of the symmetric equilibria

cases, we will focus exclusively on the stable complete sorting equilibria
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The determination of which citieswill be high action and which will be low
action is not determined by the model. We will normalize and order the cities so that
expected action levelsrise monotonically with z. Welet | , denote the highest kill level
incdty z Naurdly, | , <l ,,, andinequilibrium if (ii ) (I ol Z) then individud i lives
indty z. For amplicity we will assume that the distribution in has a dengty function
f(.), so we will not worry about individuas a the boundary. Since individuas a the
boundary need to be indifferent between the two cities, if mass points are present we

may assign a convenient fraction of the agents of that type to each city.
Formdly, an equilibrium is a vector Inf(q) ol ol ol cnl Sup(q)

and avector p,, p,...., Pe 1, Pe Suchthat (1) if g, T [I ..ol ] then E(U,12)® E(QU|z9

for each 7=1, ... C, and (2) Probability(y, T 1, .1 ,])=k, forech z=1,..., C. The

exigence of an equilibrium is easy to show. The modd does not pin down the level of
property vaues, only the difference of housing costs across cities, so we will
normdizep, =

We denote g = E(E]ilz): E(ql2) and A: = E(Alz). Using thefirst order
condition A =g, +aA_,, since E(Alz) = E(A_,Iz), it followsthat q. = (1- a)A..
We further let A” (g,”) denote the action (teste shock) associated with individua i in

city zand notethet city zhas n, = k, T inhabitants, where T denotes the total population
of the country. Since (i . has afinite variance, it follows that:

jZ_ n z 2 A
A L 807 0x g\ S 0

‘/_ 1a,1.,/ﬁZ e (1-a)e

(18)




where s ? isthe overdl variance of q7. Weknowthat s’ =S +s?, wheres’ is

the variance of thesignd ;" indity z, which must satisfy

§12:q|;_1@_az)2f()dq_| ()d
1

1 % ? & (7 - _z _z‘[n .
We now let w a 4 - 2 4 -9z A=l . Thisterm
-aiayn, l-an Jn, 1-a

reflects the weighted average of taste shocksin city z. By anadogy to equation (18), the
varianceof w, isequa asymptoticaly to the variance of the normalized sum of the
deviaions of actions of individuas in city z from the average action of the population.
We assume thet the ratio of any one's city population to the average city population

(denoted n, ) is bounded from above and below by two congtants K; and K, so that
K, < =% , 2 <K,.
n

Z

The variance of the random variable ‘/n—z w, = JkTw,. theweighted variance

of the w, terms, equals:

(19) CVar (‘/sz): M

e(1 a) )

In this equation, the moments can be computed against the measure that attributes
probability 1/C to each of the C cities.
The second term of the right hand side of equation (19), equas

N S —
sl +E@°) & ka:
Zl . It then follows that:
1-a)

1 € - & —20
20 \Y, k,w, )= Ss2+E(q* )+ , - 1K, 0z ;-
(20) ar(C/iow, ) e @) Za:_l(n ) 0z



Intuitively, this equation makes it clear that the variance of weighted city level averages
is determined by the overall level of interaction, the variance of taste shocks, and the
amount of sorting across cities.

Thefirgt two terms in brackets are generdly invariant with respect to increases
inC. Thethird termis generdly of order T/C (which isaverage city Sze). If the

support of g isbounded, then the last term is a most of order T/C. Further, as
K, < % <K, impliesthat K, / N <k, we can place alower bound on g provided

Z

that j=N/4 or j=3N/4. Hence the last term in bracketsis at most of order T/C .

Empirical Approaches

Whilein principle there could be many different gpproaches to estimating the
share of the cross-city variance that comes from sorting and the share that comes from
local interaction, we focus on the last implication of the modd. The taste and loca
interaction related variance terms are not of order T/C (i.e. they do not change with
average city size), while the sorting source of variance is of order T/C . In principle,
then if we compared across sets of locations, where there is no migration between each
et of cities but there is migration within each set of cities, where the average city Sze
differs then we could determine the extent to which sorting determines the variance
across cities. For example, if we found that the variance was much higher in areas with
larger city Szes then we would attribute much of the variance to sorting and less to local
interaction.

Whilein practiceit isimpossible to perform this sort of exercise perfectly, we

will present acrude facsmile usng U.S. states. Of course, for this estimation to be
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perfectly correct we would need to assume that dl sorting occurs within states not
across gates. However, the estimation procedure would still be basically unbiased if
the means of the underlying taste distribution differed across sates but the variance of
the taste distribution stayed congtant or at least did not change in away that was
sysematicdly reated to average city Size.

We estimate the variance of weighted outcome variablesVar (Cy/k,w, ) within
each date, usng the relationship between this variance and the variance of the
normalized sum of the deviaions of actions of individudsin city z from the average
action of the population, and then regress this variance on the average city size within
the state.  The amount that remains in the intercept can be interpreted as the amount of
variance that can properly be attributed to socid interaction. Table 4.5 shows our
estimates for three variables. Asatest case, in the third row of Table 4.5 we used
percent non-white, which should reved variance only dueto sorting. Theintercept in
this case was negdtive and gatisticadly insggnificant, which means that the methodology is
not inappropriatdy identifying socid interaction in this case.

In the case of female-headed households and the crime rate, we find postive
levels of socid interaction and significant levels of sorting. In both cases, the sorting
effect is Sgnificantly pogtive. In the case of the crime rate, the socid interaction effect is
sgnificantly pogtive. In the case of femade headed households, the socid interaction
effect is not datigticdly sgnificant, but it iseconomicdly szable. Asaresult, we must
conclude that this procedure shows promise but is far from precise.

Of course, it isworthwhile stressng that sorting itself only occurs because of
socid interactions. Similar individuals would not choose to locate near each other if

there weren't socid interactions. Hence, our results should be seen as estimating the
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extent to which socid interactions operate through sorting or through interaction after

sorting.

V. Dynamic Modds

Many of the sorting problems just discussed disappear when considering time series
variation. While we lose sources of variation, we do eiminate some of the hardest
problems of estimating socid interactions. In this case, we consder asmple class of
modelsin which dl individuas sart in a particular state and then may choose to switch
to another ate (or action). The switch is assumed to beirreversible, which admittedly
it will not bein many cases. We havein mind choosing a particular technology or
moving to anew country or perhgps women entering the labor market (athough in this
case, the decison isclearly reversble).

Descriptively, we will focus on the last example, despite the reversibility issue.
There are many reasons to suspect that there are substantid socid interactionsinvolved
in women entering the labor market. As more women entered they lowered the sigma
of work, reduced the discrimination against women in the workplace and eiminated the
socia network that facilitated not working in the formal [abor market.

We modd a single location with population n. Each agent isindexed by an
integer i=1, 2, 3, ..., n. Attimetanindividua i isin one of two states. The state s, =0,
if the agent has not entered the labor market, otherwise s;=1. We will assume that
entering the labor market isirreversiblei.e if §=1, andt'>t,then s, =1.

Agent i'sflow of utility per period depends on histypet 1 {0, 1, 2}, and on his
own state. In additionif s, =1 the utility also depends on the states of agentsin a set
N(i) of "friends’ of i, a the last timetq such that s‘h =0. In order to smplify the
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forecasting problem of agents, we assumed that dthough new workers benefit from the
presence of older entrants into the labor market that are their friends, the reverseis not
true.> We will begin by assuming that N(i)={i-1, i+ 1}. For symmetry we identify 0
with n and n+1 with 1, i.e. we set N(1)={n, 2} and, N(n)={n-1,1}. Ateachtimetif
sit:O, we assume that agent i will be given, with probability p a choice to enter the labor
market. She then must compare the vaue of staying with the value of working that isa
function of her type and the states of her friends. Letu,,, =5 " +s,™ and V(t,u)
denote the vaue of entering the labor marke, as afunction of the typet and the vdue u
of the sum of the statesin N(i) as of the preceding period. Sinceit isonly the valueu, in

the period before entering the labor market that matters, if d isthe discount factor per
period then V(t,u) = % h(t, u), where here h(t,u) isthe per-period utility of an

individud that works, as afunction of her typet, and the vaue u of the sum of the
gatesin N(i), in the period before she worked. Similarly, let U(t,u) denote the value
of gaying, asafunction of thetypet and the vadue u of the sum of the statesin N(i), in

the preceding period. Elementary dynamic programming implies that:
(DU(t,u,_ ) =g(t) +d[(1- p)E(U(t,u,)+ pE(max{u(t,u,),V(t,u)})l,

where g(t) isthe per-period utility of anindividua that stays outside the labor market as
afunction of histypet and E denotes the expected vaue over the value of u,

conditiona on u,_,. Individuals work whenever U(t,u,)<V(t,u,). Sincean agent

1
g9

We make three assumptions:(A1) h(0,u)< g(0), for any 0=u=2,(A2)

has a choice of never working, we known that U(t ,u, )2

h(1,0)=h(1,1)=h(1,2) >g(1), and (A3) h(2,0)<g(2)<h(2,1)=h(2,2). Assumption A1
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dates that agents of type 0 get a higher flow of utility by not working. Assumption A2
sates that agents of type 1, do not care about the number of friends that work, but
aways get a higher utility by working. Assumption A3 states the additiond benefit to a
type two agents from the previous working of a second friend. In addition, the utility of
atype two agent not working islarger than that of working by herself, but lower than
that of working, if at least one fried works. These assumptions makes the solution of
Problem 1.1 quitesmple. Type O will never work. Type 1 will aways work when she
isgiven achance. Type 2 will not work if none of her friends work. Obvioudy we can
weaken the qudities assumed in the assumptions, and ill retain the solution to problem
1.1 by combining hypotheses about the function h and g with hypotheses about the
discount factor d and the probability p. Each agent is typet with probability gt ,
independent of the type of dl other agents.

Givenany i, leti- be the largest integer lessthan i such that tj-?2, and let i+ be
the smallest integer greeter than i such that tj+72. Here, again we identify n asthe
predecessor of 1 and 1 asthe successor of N. Ast® ¥, s't ® 1 unlesstj-=tj+=0in

whichcase s, =0 fordl t. Wewrite <' for the asymptatic value of s,. The asymptotic

digtribution of states can be derived in amanner smilar to the derivation of the steady
date distribution in the models of Glaeser, Sacerdote and Scheinkman (1996). In

particular, the expected fraction of workers converges to
2

m° 1- g, - (1- g - ql)ﬁ , Wwhereq, and q, are the fractions of type zero
(0] 1

and type one respectively. Furthermore, under the asymptotic digtribution, if mn

denotes the fraction of workersin population of szenthe (m, - m+/n® N(0,s?).

To establish this centra limit behavior it is enough to observe that if j>j' and
A ;. istheevent that at least for two values of j>i>", tjT {0,1} then conditiona on
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A ;e < isindependent of <'*. Since the probability of the complement of A |, goesto
zero exponentialy asj-j' doesto infinity, we know that mp displays centrd limit
behavior. Furthermore the variance of the limit random variable s * can be computed in
astandard way by calculating the covariance between <’ and <'* on the complement of
A ;.- Thevariance s 2 can be made arbitrarily large if we let the fraction of type 2
individuas converge to one-- the presence of individuals who are sengitive to socia
interactions increases the variance across populations.

The dynamics are dso possible to compute. The expected number of workers
inthefirst period is npq, ; the expected number of entrants in the second period is
np(1- p)a, +2np°q,q,. Henceif g, >1/2 the expected number of entrantsin the
second period islarger than in the first period. Thisfact meansthat if 4, islargethen
the expected cumulative migration sarts as a convex function of time. Eventudly, the

@ 0

5+ . Thisindicatesthat an S-
(@ + )

expected number of workers convergesto ngl -
shaped cumulative entrant curve is to be expected.®

Unfortunately we do not have closed form solutions that would dlow usto
estimate these curves a thistime. Instead, we will present some results based on a
smpler method of esimating socid interactions in adynamic setting.

While this dynamic locd interactions mode needs further investigation, using
smulaionsit gppears to be quite close to adynamic globa interactions model, many of
which have been studied extensvely theoreticaly and empirically aswell (as pioneered
by Griliches, 1958, see also Bedey and Case, 1991). While globa interactions models
have appeared regularly in the literature on technologica adoption so our presentetion is

in no sense novel, in the spirit of collecting together awide number of gpproaches to



50

measuring socid interactions, we present a particularly smple model here, without any
cdamstoinnovation. We assume that in each time period a fraction of individuds
(which is denoted b-X, where X(t) is the state variable for the number of workers)
recelving exogenous shocks inducing them to work. Likewise dl workers o interact
with ancther individud, who isdrawn randomly from the pool of individuds. If anon-
worker interacts with aworker, then the non-worker will begin working. Thus, there
are two sources of growth in the working population-- an exogenous rise due to
idiosyncratic shocks and arise due to interactions, which will be globa since individuas
meet with each other randomly (if individuas dways only met their neighbors then this
would be alocd interactions modd). Given these two processes, a each point in time
the fraction of non-workers who begin to work isag+aX(t).

While this differentid equation is not that actualy suggested by the previous
modd, we know that we can fit the Smulations of the modd quite well (r-squareds
typicaly over 99.9%) with a differentia equation of thisform, so we bdieve that this
functiona form is both reasonable and provides us with a convenient measure of the

degree of socid interaction. We thus have a differentid equation of the form:

(22) X() = (@, +a,X())(b - X(t) = a+ bX(t) +cX(t)’
This equation is meant to be flexible. Smulations showed that the time series

predicted by the previous modd iswell captured by a differentid equation of this form.

The relative importance of the a 1 term gives us the importance of socid interactions (or
contagion) in the process, the relative importance of the a g dictates the importance of
non-socia related forces. One interpretation of this equation, in the context of

technology adoption, is that a fraction of those individuas who haven't adopted (but will
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eventualy adopt), adopts each period and a fraction adoptsif and only if they meet
someone who has aready adopted. The solution for this equation (conditiona on

knowing theinitid value) is

7

e

&

€a,+a,X(0OU ab+a,.U

fab-axOl 2 H

ab-a,- (ap+a,)Tanh %Log

(22)  X(t)=

2a,

where X(0) istheinitid vaue. Thisequation can itsdf be fit usng maximum likelihood.
Theedimate of b describesthe find level of theaction. Thea temtdisus

about flat growth; the a 1 term tells us about interactive growth. When comparing

dynamic processes, if we compare a process which takes 50 years and a process which
takes 1 year to get closeto b, both a termswill be much bigger in the faster process.
To avoid these issues, we normdize assuming acommon T, for X(T)=Zb, whereZ isa
parameter fixed by the econometrician (perhgps .95). This normalization essentidly
means that each process is normalized so that it takes exactly the same amount of time
to runitscourse. The normaization dso means that only one free parameter (chosen to

be a 1) other than b remains. Different vduesof a 1=0. Figure 4.1 shows how

different values of This free parameter influences the S-shaped form of the process.
When a 1 "0 the curve is concave. Asthereis more interaction, (a 1 increases) the
adoption curve becomes more S-shaped.’

To show the efficacy of this estimation procedure, we estimate curves for three
time processes which seem to be one-sided and socid. Thefirst variable of interest is
to congder urbanization in the United States, which moved from 5.1% to 75% between

1790 and 1980. Taking 1790 as year zero, and estimating .83 for b, and normdizing



52

the period of urbanization to twenty years (which will be our sandard normalized
period), our estimates become a g =-.007[.001] and a 1 =.33[.01].2 The share of 17-
year olds who graduate from high school rises from 2% in 1870 to approximately 75%
in 1970, again following an S-shaped curve. With 1870 as the base year, normdizing
and egtimating .79 for b, we find that we estimate that a g =-.077[.005] and a 1

=.49[.01]. Using thethird variable, theratio of phone to households, we normalize and
find that we estimate thet a g =-.0005[.00003] and a 1 =.56[.01]. The normalized
rankings suggest that phones are more interactive than schooling which ismore
interactive than urbanization. The following graph shows the results in the raw data.
The curve closest to the y-axis shows the results for urbanization. The second curve

shows the schooling results and the fina curve shows the results for telephones.

FIGURE 4.1 goes here
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VI. Concluson

This paper has presented atour of primary issues in estimating socid interactions. A
fird issue is esimating the extent to which the high variance of different processes should
be thought of as the result of multiple equilibriaor high variances around those equilibria
Following our first estimation technique, which essentidly asks whether the didtribution
of city variancesis best fit by one or more digtributions, we found that multiple
digtributions fit the data better. Our second estimation technique, which involves
examining the connection between prediction and actud city level outcomes, reveds no
evidence of multiple equilibria. In both cases, we found that there was usudly alarge
component of the variance that was not explained by the existence of multiple equilibria

A second issue is the extent to which interactions are due to loca or globa
interaction processes. We show that the key to estimating which processes operate are
to have data at the sub-city level. Using sub-city data tends to support the importance
of locd (tract or sub-tract level) interactions relaive to city leve interactions.

A third issue is the extent to which interactions reflect sorting on tastes and the
extent to which they reflect socid interactions after sorting occurs. Of course, sorting
itself reflects the presence of some socid interaction that induces like individuasto be
with each other. We found large evidence of sorting behavior.

Findly, we examined asmple dynamic modd and used a smple methodology
that lets us compare the degree of socid interactions across different dynamic

processes.



Appendix
In this gppendix we establish for the mode in section 11 that (i) The average

action in apopulation of Szen, A] converges, asn® ¥, toasolution of the

equeation:
- 1-af -
(A1) 9(A) = Al f )A :
and (ji) ifa” = A" - A, then
& 2 o)

n g s
A2 a ® NcO, d 5=
“9 =Jn 30(1-aj -a(t- ] )g(A)) o

Define B by:

__ 1 sp(a)  supdd)
(A3 B_(1- af )(1- at | af )

It follows from equation (8) in section 111 that, since A; = A, then A) £B

andif |A'] £ B then |A" | £ B. Henceforeach n, i, |A"|£ B, and |A| £ B. Alsofor
eachi £n,
(A4) akliA<_A1£|A1 _ A EZB

n-1 n-1 n-1| n-1

Since |g& A) £ K for some K, we have that:
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2BK

(A5) g( i A’) 9(A)| £ 1

Using equation (10) from section |11 and the strong law of large numbers

a(l f)n ( k1| )

- f)An )® 0 with probability one.

Hence using (A5) we have that with probability one:

(AB) - af)A,- a(l- )g(A)® O .
SinceA1 is abounded sequence, it must have limit points. From equation (A6) we have
that any such limit point A mugt satisfy g(A) = (—la: A A ie (Ad).

Since

A - A '1|£_n and as equation (A1) has afinite number of fixed

points, dl the limit points of a given sequence must coincide. Hence A mud in fact
convergeto some A that solves (A1), which establishes the first claim of this appendix.

Combining equations (A1) and (10) from section 111 and multiplying by +n , we
obtain:

Jn@-af)(A, - A)- ﬁa(l- f )[g(An)- g(A)] =

(A7) gt

—lql -1
I ++/ma(1- )[g(A,)- - 1.
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Equation (A5) implies that the second term in the right hand side of (A7) convergesto
0. Hence the Centrd Limit Theorem guarantees that the right hand side of (A7)
convergesto anorma random variable with mean zero and variance s j .

We can now establish:
Proposition 1: vn (A] - A) isbounded with probability 1.
Proof: Theright hand side of equation (A7) is bounded with probability 1. Suppose
that a subsequence n, has the property that ‘/ﬂ ﬁhk - K| ® ¥ . Dividing both sides of
equation (A7) by Jn,|A, - Al andtaking thelimitas n, ® ¥ we establish that

— _1-af
gG{A)—a(l_f)

, what isacontradiction. We denote 8" = A" - A. We know that:
(A8)

Jn@- af)(A - A)- Yna(l- f )g&A)(A, - A)+J/na(l- f )o(A - A)® N(0,s?)

Proposition 1 impliesthat ‘/ﬁo(ﬁh - A)® 0. Hence the second dlaim of this appendix
is established.
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Table4.1:

Estimation of Strength of Social Interactions Affecting

Femde Headship Rates in Families

Varing Varag al
Unadjusted Femde 134 171.53 0.998
Headship Rate?
Rate Controlling for City 132 52.09 0.995
Level Obsarvables®
Rate Controlling for 132 19.52 0.987
State Effects and City
Level Observables'

Source: Individua level data are from the 1990 Census Public Use Micro Sample. Aggregate data
are from the 1990 Census Summary Tape Files.
_ Var,, - Var,y

1. a-=
Var,

agg + Vari nd

2. Variy istheindividud-leve variance. Itisthe raw variance of the femde headship

rate among familiesinthe US. Var .y is the adjusted variance of the city aggregate
rate. Itisthevarianceof /N, (A - A) where N, isthe number of familiesin the dity,

A. isthe average action in the city, and A isthe average action in the US.

3. Theindividud variance is the variance of the femde headship rate, controlling for

city fixed effects. The aggregate varianceisthe variance of /N EEAC - 2 «ac © where
N}

b

Ca IS estimated from a city level regresson of A, on median family income, the

number of people aged less than 18 per family, and on the fraction of the population
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of families that is black, Higpanic, a high-school dropout, a college graduate, in
poverty, and headed by someone aged 15-24, 25-34, 35-44, 55-64 or 65-100.
All varigbles are defined for the population of family heads except the education
variables which are defined for the population over 18 years old.

. Theindividuad variance is the variance of the femde headship rate controlling for city
fixed effects. The aggregate variance in thisrow is cdculated in the same way asin
the second row of the table except that every raw variable is replaced with its

deviation from the sate mean.



Table4.2:

Femae Headship Rate

Locd vs. Globd Interactions

Varing

Varyau

Var city

aJ

gbAh(-j)"

Raw Femae Headship
Rate in Families”

134

10.74

171.53

0.975

025

Female Headship Rate
Contralling for
Individua Traits and
City Fixed Effects’

11

2.94

83.69

0.927

0.016

0.073

Female Headship Rate
Contralling for
Individud Tratsand
State Effects’

111

2.92

36.23

0.927

0.016

0.073

Source: 1990 Census Summary Tape Files and Public Use Microsample

— 1- Varind / Vartract

1. aj

1+ Vari nd /V Aliract

sé :Varind(l- aj 2) g‘(z)al(l-j )=1-4aj - qu/varcity

2. Variyg istheindividud variance from Table 4.1 row 1. Var.« isthe average

across cities of the variance of adjusted tract averages: /N, (A - A,)where N, is

the population of familiesin the tract, A, is the femde headship rate in the tract,

and A isthe average inthe city. Var gy, is the aggregeate variance from Table

4.1row 1.
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3. Variyy isthevariance of the resdud from the following micro-regresson:

A =b X, +e, where A isthe deviation of the female headship rate from the city
mean and X; isavector of deviations of individud traits from city means. These
traits include income and number of children and a set of dummiesindicating
whether the family head is: black, Hispanic, a high-school dropout, a college
graduate, aged 18-24, 25-34, 35-44, 55-64, 65-100, and in poverty. Varyaq
isthe average across cities of thewithin-city variance of /N, (A - A) where

A=A - bX,, b isthevector of parameter eimates from the micro-level
regression, X; isthe vector of tract-level averages of individud traits (not
deviated from city means), and A, isthewithin-city averageof A, . Findlly,
Var gy isthevariance of /N, (A, - A) where, asfor thetract level variables

A =A-bx, and A isthe nationa average of A, .

4. Thevariadlesinrow 3 of the table are cdculated in an andogous manner to
those in row 2 except that the aggregate variances are cal culated controlling for
dete fixed effects.



TABLE 4.3:
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Parameter Estimates for Globd vs. Loca Interactions Modd

aJ s?%|  glAkl-i)
Femde Headship Rate in Families 0.905775 0.001737 0.247777
Fraction of Population Over 5in Same 0.991719 0.000017 0.004193
House as 1985
Unemployment Rate 0.959802 0.000093 0.076921
Fraction not in Labor Force 0.983460 0.000061, -0.015368
Fraction on Welfare 0.978419 0.000030 0.061562
Fraction in Poverty 0.992624 0.000011 0.014454
Fraction of Housing Owner Occupied 0.992535 0.000012 0.026431
Number of Cars -0.9212171 16280.685916 -1.091941
Average Rent 0.999999617296(0 (0.00000000000015 0.000002
Source:

Aggregate Edimates. 1990 Census PM S SA data

Individua Edimates. 1990 Census Public Use Microsample.

Note:

Vaiableof interest is sort(city population)* (city leve rate-country

levd mean)




Table4.3a
Femde Headship Rate of Families

Multiple Equilibria Modd" (3 Component Distribution is Optimal)
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Components of Distribution of Adjusted City Female Headship Average g ‘ﬁ)ﬂ (l -] ) ’
Rates of Families Aggregate
Variance’
First Second Third Fourth Fifth
Mean -2.93
Variance 171.02 171.02 0250
Weight 1.00
Means -4.58 15.740
Variances 55.50 1097.40 139.89 0250
Weights 0.92 0.08
Means -3.35 -5.17 32.75
Variances 120.77 1252 1680.20 126.98 0250
Weights 0.55 0.42 0.03
Means -5.02 -5.04 375 142.50
Variances 71.76 12.17 307.44 0 96.06 .0250
Weights 042 0.38 0.19 0
M eans -8.18 -5.32 -1.96 4.38 14250
Variances 7140 10.22 46.21 306.07 0 89.32 0250
Weights 0.25 0.31 0.25 0.19 0
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Source: 1990 Census Summary Tape Files

1 The adjusted PMSA female headship rate defined as /N, (A, - A) where N, is
the city population of families, A isthe city female headship rate among families,
and A isfemale headship ratein the US, ismodeled as a random variable
distributed as a mixture of normals. The mixtures are estimated using the em
algorithm. The Akaike information criterion is minimized by the three component
distribution.

2. Theaverage aggregate variance is the weighted average of the variances of the
components of the overall distribution.

3. AsinTable4.2, g%ﬂ}a (1-j)=1-aj -sé/argy . aj ands ¢ areestimated
in Table 4.2 row 1 and Varg, isthe average aggregate variance cal culated in this

table.



Femal e Headship Rate of Families

Tabl e 4. 3b:

Controlling for Individud Traits and City Fixed Effects
Multiple Equilibria Mode (3 component Distribution is Optimal)
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Components of Digtribution of Adjusted City Femde | Average | o€ah(-j)°
Headship Rates of Families Aggregate
Variance?
First Second Third Fourth Ffth
Mean 272
Variance 8344 83.44 .0728
Weight 1.00
Means -4.77 535
Variances 22.60 242.07 66.49 .0728
Weights 0.80 0.20
Means 090 -4.99 55.75
Variances 126.15 16.98 497.29 56.72 0727
Weights 0.32 0.67 0.01
Means -3.33 -4.88 1865 51.73
Variances 63.07 11.00 15.03 541.84 42.51 .0726
Weights 0.50 0.45 0.04 0.01
Means -342 -9.35 -4.44 1861 51.74
Variances 61.33 138 845 15.12 541.72 41.88 .0726
Weights 053 0.04 0.39 0.04 0.01
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Source: 1990 Census Summary Tape Files

1. Theadjusted PMSA female headship rate controlling for individual traits and city
fixed effects is defined as JN—C(A - A) asin Table4.2 row 2. Thisrandom
variable is modeled as arandom variable distributed as a mixture of normals. The
mixtures are estimated using the em algorithm. The Akaike information criterion
is minimized by the three component distribution.

2. Theaverage aggregate variance is the weighted average of the variances of the
components of the overall distribution.

3. AsinTable4.2, g%ﬂ}a (1-j)=1-aj -sé/argy . aj ands ¢ areestimated
in Table 4.2 row 2 and Var g, isthe average aggregate variance cal culated in this

table.



Table4.3c:
Fema e Headship Rate of Families
Controlling for Individud Traits and State Effects
Multiple Equilibria Mode (2 Component Distribution is Optimal)
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Components of Distribution of Adjusted City Female Average gdah(-j)°
Headship Rates of Families Aggregate
Variance?
Firg Second Third Fourth Fifth
Mean -1.98
Variance 36.12 36.12 0726
Weght 1.00
Means -281 103
Variances 8.97 121.67 33.76 0726
Weights 0.78 0.22
Means -048 -2.92 50.59
Variances 67.86 7.10 0 26.54 0724
Weights 0.32 0.68 0
Means -262 -303 -0.46 50.59
Variances 9.9 6.08 69.34 0 26.62 0724
Weights 0.24 0.45 0.31 0
Means -1451 -8.71 -2.95 041 2310
Variances 16.39 0.16 6.57 46.29 347.86 21.57 0723
Weights 0.02 0.01 0.66 0.29 0.01
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Source: 1990 Census Summary Tape Files

1

The adjusted PM SA female headship rate controlling for individual traits and
state effectsis defined as JN—C(A - A) asinTable4.2row 3. Thisrandom
variable is modeled as arandom variable distributed as a mixture of normals. The
mixtures are estimated using the em algorithm. The Akaike information criterion
is minimized by the two component distribution.

The average aggregate variance is the weighted average of the variances of the
components of the overall distribution.

AsinTable4.2, g%ﬂ}a (1-j)=1-aj -sé/argy . aj ands ¢ areestimated
in Table 4.2 row 3 and Varg, isthe average aggregate variance cal culated in this

table.
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Table4.4:
Estimation of Strength of Socid Interactions
Globd vs. Locd Interactions
Using Regression of Predicted City-Level Femae Headship Rate
on Actud City-Level Rate

Vartng Var?; . ﬂf_."(g) ’ aj * | sqevar!®h | gdRR@-j )
|[Female Headship Rate A11 2.94 792 0.927 0.016 -0.719
Controlling for (0.052)
Individud Traits and
City Fixed Effects
25" percentile® 386 -0.178
(.176)

Source: Individual level dataare from the 1990 Census Summary Tape Files. Aggregate
level data are from the 1990 Census Public Use Microsample.

1. Variy isthevariance of the resdud from the following micro-
regresson: A =b X, +e, where A; isthe deviaion of the femde
headship rate from the city mean and X; is a vector of deviations of
individud traits from city means. These traitsinclude income and
number of children and aset of dummiesindicating whether the family
head is: black, Higpanic, a high-school dropout, a college graduate,
aged 18-24, 25-34, 35-44, 55-64, 65-100, and in poverty.

2. Vary, iSthe average across cities of the within-city variance of

JN:(A - A) where A = A - b, , b isthevector of parameter
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estimates from the micro-leve regresson, X; isthe vector of tract-level
averages of individual traits (not deviated from city means), and A, is
the within-city average of A, .

ﬂ:ﬁ(xj is the Sope etimated from a spline-regressonof A = bx_ on

the actud rate, A.. Row 1 isthe estimate of the dope for those cities
above the 25" percentile. Row 2 is the estimate of the Slope for cities

below the 25" percentile.

i _1'Varind/vartract 2 _ ) _ . — TR T ﬂfixj
a _1+Varind/vartract >4 _Varmd(l 3-2] ) g‘(A)a(l : )_1 & A
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TABLE 45:
Sorting Equilibria
Results from Regresson Andlyss

Equation Estimated is.
var, (N.fkh, )= b, + b, (n /N,) +¢

b, b, R? Varing a
Femae Headship Rate of Families 39.42 0.005 0.169 0.16 0.992
(146.76) (1.5E-05)
Crime Rate 30.88 2.6E-04 0.095 0.06 0.996
(11.44) (1.2E-04)
Percent Non-white -299.39 0.018 0.201 1.88E-06
(508.47) (0.005)

Sources. Regression data and the variances of crime and percent non-white are
derived from the County and City Data Book 1994 . The female headship rate

datais from the 1990 Census Public Use Microsample.

Note: Standard errors are in parentheses. h was estimated as. /N (A - K)
where N isthe average city size, A isthe action, and A isthe average of A;. k;

is I/number of citiesin the date. a is caculated usng the formula,

g = Varalgg - Var, 4

= wheretheintercept, b, , isused for Var .o and Var,g isthe
Varyg +Varing O o %9 nd

individud-leve variance of the action in the US.
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" Both authors acknowledge financia support from the National Science Foundation.
Glaeser dso thanks the Sloan Foundation. Andrea Eisfeldt and Lars Nesheim provided
excellent research assstance.

"Many of these ideas had antecedents in the classics works on socia interactions, such
as Schdling (1978) which presents adiscussion of awide range of socid interactions,
and Duesenberry (1949) who first formalizes interdependent preferences.  Jovanovic
(1985) isdso a particularly prescient formalization of asocia interactions modd.

2 Akerlof, Katz and Yelen (1996) actualy specificaly link the rise in out-of-wedlock
births with changes in abortion and birth control, but this link is indirect and works
through the stigma associated with being an unwed mother or a ddlinquent father.
*Possible exceptions to this might occur when 2WI2q, >0 if individuals don't want to
take the action if no one elseistaking the action, because it has no signding vaue in that
case. Inthat case, some consumers are necessary for their to exist the positive sorting
equilibrium. Of course well established theory about reasonable beliefs when no oneis
taking an action, argues that people's beliefs about off-the-equilibrium path behavior
should ensure thet the action Hill has postive sgnaing vaue when no one istaking the

action.
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*Furthermore, it will diminate the effect of any variables that are city, rather than
individua, specific. Of course, it will not diminate the problems of sorting across
neighborhoods. That problem can only be solved with neighborhood fixed effects.

®In generd thiswill sl leave a forecasting problem for agents Since they may be better
off waiting for their friendsto act. However, in our modd we will assume that the gains
from acting are such that each type will either never act or act as soon asacertain
fraction of ther friends have acted.

®We can a'so obtain an S-shaped curve where every agent interacts equally with every
other agent. Under agloba interactions modd, we lose the variance across populations
over and above the characteristics of the populations.

"There is a literature on this topic which we are not referencing. We apologize at this
point for faling to survey the technology adoption literature adequately at this point.
This excdlent and lengthy literature is, of course, connected to this topic but too far
afidd from our basic interest to be given significant page space.

#These errors are biased because we have treated the observations as independent,
further work will ded with the variety of dandard time series issues involved in
edimating this non-linear trend.  The r-squared, which is again somewha mideading is
99.62%, which istypical for these etimates.



