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Neighbors Matter: Causal Community Effects
and Stock Market Participation

JEFFREY R. BROWN, ZORAN IVKOVIĆ, PAUL A. SMITH,
and SCOTT WEISBENNER∗

ABSTRACT

This paper establishes a causal relation between an individual’s decision whether
to own stocks and average stock market participation of the individual’s community.
We instrument for the average ownership of an individual’s community with lagged
average ownership of the states in which one’s nonnative neighbors were born. Com-
bining this instrumental variables approach with controls for individual and com-
munity fixed effects, a broad set of time-varying individual and community controls,
and state-year effects rules out alternative explanations. To further establish that
word-of-mouth communication drives this causal effect, we show that the results are
stronger in more sociable communities.

STANDARD MODELS OF PORTFOLIO CHOICE typically assume that fully informed in-
vestors make rational asset allocation decisions to maximize lifetime utility. As
Ellison and Fudenberg (1995 P. 93) note, however, “economic agents must often
make decisions without knowing the costs and benefits of the possible choices”
and thus often “rely on whatever information they have obtained via causal
word-of-mouth communication.” Given the evidence that average U.S. citizens
have limited investment knowledge,1 might individuals make portfolio choice
decisions based on what they have learned from social interactions?
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the Michigan State University, Smith is from the Federal Reserve Board of Governors, and
Weisbenner is from the University of Illinois at Urbana-Champaign and NBER. We thank Bo
Becker, Josh Coval, Caroline Hoxby, Jeff Kubik, Erzo Luttmer, Ulrike Malmendier, Jennifer
Marietta-Westberg, Tobias Moskowitz, Josh Pollet, Rob Stambaugh, Annette Vissing-Jorgensen,
an anonymous referee, and seminar participants at the 2004 Western Finance Association an-
nual meetings, the 2005 People & Money: The Human Factor in Financial Decision-Making
conference at DePaul University, the 2007 American Economic Association meetings, Harvard
University, Michigan State University, Ohio State University, the University of Illinois, the Uni-
versity of Michigan, the University of Virginia, and the University of Wisconsin for their use-
ful comments. The analysis for this article was completed while Paul Smith was an economist
with the Office of Tax Analysis at the U.S. Department of Treasury. We thank Jim Cilke for as-
sistance with the tax data and Jean Roth of the NBER for expert assistance with the Census
data.

1 For example, John Hancock Financial Services (2004) finds that nearly one-half of defined
contribution plan participants report that they have little or no investment knowledge and fewer
than 20% consider themselves relatively knowledgeable. Moreover, many respondents think that
employer stock is less risky than a stock fund.
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This paper empirically examines the influence of “community effects,” in
the form of word-of-mouth communication, on the decision about whether to
participate in the stock market. In addition to its importance at the individ-
ual level, equity market participation is also important at the aggregate level
because of its ability to influence the size of the equity premium (Mankiw
and Zeldes (1991), Heaton and Lucas (2000), Brav, Constantinides, and Gezcy
(2002)). It is also relevant for a variety of public policies, ranging from the inci-
dence of dividend tax policy to whether investing Social Security surpluses in
private investments can have real effects on the economy (Abel (2001), Diamond
and Geanakoplos (2003)).

Whereas standard models of portfolio choice indicate that most households
should have equity market exposure, only one-third of U.S. households own
stocks or stock mutual funds outside of retirement plans, and only one-half
participate in the stock market even when retirement plans are included into
the calculation.2 There are numerous reasons to suspect that one’s decision
about whether or not to invest in stocks may be influenced by the stock market
participation of one’s community by means of social interaction. Hong, Kubik,
and Stein (2004) present a formal model and discuss several possible path-
ways for this effect. For example, social interaction may serve as a mechanism
for information exchange by means of word-of-mouth communication or “ob-
servational learning” (Banerjee (1992), Bikhchandani, Hirshleifer, and Welch
(1992), Ellison and Fudenberg (1993, 1995)). Simply put, individuals may find
it easier to learn how to open a mutual fund or brokerage account by talking
to their friends than through other mechanisms. This could lower the psycho-
logical fixed costs of investing that limit equity market participation (Vissing-
Jorgensen (1999)). Individuals may also enjoy discussing stock-market invest-
ments with their friends and colleagues and thus may be more likely to partici-
pate in the stock market if there is a high participation rate among their friends
and colleagues. There may also be a “keeping up with the Joneses” effect. For
example, according to Bernheim’s (1994) model of conformity, individuals may
wish to maintain the same consumption that their social group does, suggest-
ing that participation in the stock market by their social group may have a
positive influence on their own decision to do so. This effect could also be gen-
erated by external habit formation models (Campbell and Cochrane (1999)) or
the scarcity of local resources that lead investors to care about their relative
wealth in the community (DeMarzo, Kaniel, and Kremer (2004)). Each of these
forms of word-of-mouth interaction implies a possible causal relation between
individual and community behavior.

In this paper we establish a causal relation between individual and commu-
nity stock market participation by showing that an individual is more likely
to participate in the stock market when a higher fraction of individuals in the
local community are stock market investors. To establish causality, one must
rule out many other confounding factors (such as similarity in preferences or

2 These figures are based on authors’ tabulations from the 2001 Survey of Consumer Finances
and are consistent with Aizcorbe, Kennickell, and Moore (2003).
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information sets) that could lead to a spurious correlation between one’s own
stock market participation and that of one’s neighbors.

The previous literature has not provided conclusive evidence on this matter.
Guiso, Sapienza, and Zingales (2004) show that individuals who live or were
born in areas with higher levels of social capital are more likely to invest in
stocks, but they do not directly test whether higher stock market participa-
tion of one’s neighbors directly influences one’s own decision. Whereas Hong,
Kubik, and Stein (2004) show that individuals who visit with neighbors or
attend church have higher levels of stock market participation, and that
this effect is stronger for individuals who live in more sociable states, con-
cerns linger about the potential for unobserved characteristics to be driv-
ing both stock market participation decisions and their measures of social
interaction. For example, Gruber (2005) shows that religious participation
(one of the measures of sociability used in Hong, Kubik, and Stein (2004))
is correlated with income, education, marital status, and other variables, all
of which may be correlated directly with stock market participation. Feng
and Seasholes (2004) use data from the People’s Republic of China to show
that common reaction to public information, rather than word-of-mouth ef-
fects, seems to be a primary determinant of investors’ trading behavior. Thus,
whether social interaction influences stock market participation is far from
settled.

A major reason why the prior literature has not provided conclusive evidence
of a causal relation is that, as discussed extensively by Manski (1993, 1995), it
is difficult to design an empirical strategy that overcomes the inherent iden-
tification problem. The concern is that, because individuals are not randomly
assigned to communities, the observed correlation between the stock ownership
of an individual and his community could reflect numerous unobservable influ-
ences that induce a spurious correlation even after controlling for observable
characteristics.

In this paper we use a large, nationally representative, 10-year panel data set
of taxpayers to provide evidence of an economically and statistically significant
causal community effect of stock market participation. We do so by simulta-
neously implementing an instrumental variables strategy that overcomes the
endogeneity problem and controlling for a very broad set of observable and un-
observable individual and community characteristics. Our instrument is mo-
tivated by Guiso, Sapienza, and Zingales (2004), who suggest that the social
capital of one’s birth region can have long-lasting effects on one’s own financial
decisions. We begin by restricting our sample to “native” individuals, that is,
those individuals who have lived in the same community over the entire panel
and who still reside in their state of birth.3 We then instrument for the average
ownership within each native individual’s community with the average owner-
ship of the birth states of “nonnative” neighbors, that is, those community resi-
dents whose Social Security numbers were issued in states that do not overlap

3 Throughout the paper, terms such as “state of birth” or “birth state” refer to the state in which
an individual resided when he applied for a Social Security number.
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with their current community (intuitively, those born in a different community
and state). Whereas the average ownership in the birth states of one’s neighbors
will be correlated with the ownership of one’s neighbors because of the long-
lasting effects described above, there is no reason why one’s own stock market
participation decision should be influenced directly by the ownership rates in
these other states except through their effects on one’s neighbors. Because we
restrict our sample to native individuals and instrument for the ownership
of their community with the average birth-state ownership of their nonnative
neighbors, we are ensuring that the regression results cannot be contaminated
by an individual and his community members sharing the same background
(i.e., birth state). We also rule out a correlated, contemporaneous response
across communities to new information by using a 1-year-lagged value of the
instrument.

In conjunction with this instrumental variables approach, we include in-
dividual fixed effects to control for observable and unobservable individual
characteristics that are fixed over time, such as gender, race, or average risk
tolerance over the sample period. Because our sample is restricted to “natives”
(whom we also refer to as “nonmovers”), the individual fixed effects also con-
trol for time-invariant community characteristics such as the average level of
financial sophistication of a community over the sample period. Thus, we re-
late changes in individual ownership to changes in community ownership, as
identified by changes in ownership in the birth states of one’s nonnative neigh-
bors. Because not all individual and community covariates are time-invariant,
we also include a broad set of time-varying individual controls (e.g., income,
age, marital, and tax filing status) and time-varying community controls (e.g.,
composition of industry and occupation, community-level income, median home
prices, and characteristics of locally headquartered, publicly traded firms). We
also include state-year effects to allow for unobservable statewide character-
istics that might be changing over time, thus ruling out any spurious corre-
lation that might occur because of state-specific trends in average ownership
rates.

The results provide evidence of significant causal community effects. We find
that a 10-percentage point increase in the average ownership in one’s commu-
nity leads to a four-percentage point increase in the likelihood that an indi-
vidual will own stocks. To verify that our results are driven by word-of-mouth
communication, in our final specification we interact our instrumented commu-
nity effects variable with an independent measure of community “sociability”
(specifically, whether households are likely to be asked by neighbors for ad-
vice) and find that the community ownership effect is stronger in more sociable
communities.

The paper proceeds as follows. In Section I we introduce the data set, along
with our definitions of stock market participation and community. Section II
discusses the challenge of establishing that a correlation between individual
and community stock ownership is causal in nature. Section III outlines our
instrumental variables strategy. Section IV presents the instrumental variables
regression results. Section V concludes.
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I. The Data

A. The Panel of U.S. Taxpayers

Our study requires a large, nationally representative data set that contains
many observations for each community. It is important to choose a geographic
size large enough to capture most of the individuals in a person’s social group
(e.g., coworkers and neighbors), but not so large as to completely dilute these ef-
fects. Most standard micro data sets, such as the Survey of Consumer Finances
or the Health and Retirement Survey, are not well suited for this task because
of their limited sample sizes.

We use a large panel of tax returns covering the years 1987 to 1996.4 The
panel is based on the IRS’s annual cross-sectional samples of tax returns, which
are large samples chosen to represent the population of tax-return filers. The
population of tax filers is similar to the population of households, except that
a household may comprise more than one tax-filing unit (e.g., married cou-
ples may file separately), and some households do not file any tax returns.5

For example, our data for 1994 represent about 130 million tax returns, while
the 1995 SCF represents about 100 million households. Throughout the paper
we use the terms individuals, households, and taxpayers interchangeably, but,
strictly speaking, the unit of observation for this data set is the taxpayer.

The annual IRS cross-sections are stratified samples, with the probability of
inclusion rising steeply with total income.6 Variables include most of the values
from the 1040 tax form and associated schedules, as well as data from Social
Security records, such as the age and gender of each individual represented
on the return.7 The 1987 cross-sectional sample of about 88,000 returns is
the base year of the panel. The panel was constructed by matching, in each
subsequent year, the full population of tax returns that appeared in the 1987
sample. This method allows individuals to be tracked over time regardless of
income changes and changes in marital status.8 We exclude married couples
filing separate returns.

An advantage of the tax data is that they contain taxpayers’ precise geograph-
ical identifiers (zip codes), which allow us to assign them to the appropriate

4 The panel was developed as a joint effort between the Treasury Department’s Office of Tax
Analysis and the IRS’s Statistics of Income division. The panel uses confidential records and is not
publicly available.

5 Low-income households are not required to file returns, but many do so to claim a refund of
overwithholding or a refundable tax credit such as the EITC. In 1987, the filing threshold ranged
from $4,400 to $10,000, depending on age and filing status.

6 We use appropriate sampling weights when reporting all tabulations and descriptive statistics.
7 Further details on the construction of the tax data are available in Amromin and Smith (2003).
8 As a result of this sampling methodology, our sample is not subject to sample attrition bias that

sometimes afflicts panel studies using survey data. However, there is attrition from the population
of tax filers. It occurs when a filer’s income drops below the filing threshold. This source of attrition
is nonrandom—older and lower-income workers are more likely to drop out of the filing population
than middle-aged, higher-income workers. Using data from the Survey of Consumer Finances,
though, we find that the fraction of nonfilers who own equities in a nonretirement account is only
2% to 4% over the period from 1989 to 1998.
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community. A second advantage is that Treasury employees, who have access
to the underlying Social Security numbers for the individuals in our data, can
identify individuals’ “birth” states, that is, the states in which individuals had
resided when they applied for their respective Social Security numbers.9 The
final sample contains 753,521 observations, covering 85,888 distinct taxpayers.

This overall sample can be divided into natives, nonnatives, and others. Na-
tives are individuals: (i) who reside in the same Metropolitan Statistical Area
(MSA) over the sample period, and (ii) whose current state of residence is their
birth state.10 Nonnatives are individuals whose current MSA does not overlap
with their birth state (e.g., a nonnative resident of St. Louis is one who was
born in any state but Missouri or Illinois). Others are individuals who do not
fall into the previous two categories (e.g., people whose current residence is in
their birth state but who switched MSAs over the sample period, or those who
remained in the same MSA over the sample period but who no longer live in
their birth state).

To implement our empirical strategy, we limit our core sample to the 398,585
taxpayer-year observations that are native. When constructing the average
community ownership for each observation (as well as other community-level
variables constructed using the tax data), we are able to use all 753,521 obser-
vations. When constructing our instrument for community ownership, we use
the 220,783 nonnative observations.

Whereas tax data have many advantages, the traditional disadvantage for
research purposes is that these data contain less information than household
surveys about nonfinancial demographic characteristics such as educational
attainment, occupation, and race. To address this concern, we utilize the panel
aspect of the data and include individual fixed effects that control for these fac-
tors, as well as numerous other unobservable time-invariant individual traits.
We also use a broad set of income data from the tax returns to control for time-
varying individual characteristics. Because our sample is restricted to non-
movers, individual fixed effects simultaneously act as both community (MSA)
and state fixed effects, and thus they control for all time-invariant community
characteristics. To control for time-varying community characteristics, we in-
clude the average community levels of each of the tax-data variables for each
year and also construct, using Census data from 1980, 1990, and 2000, an-
nual time trends for key community measures such as the distribution of race,
ethnicity, education, occupation, employment sector, and median home prices.
We use data from Compustat and CRSP to control for time-varying character-
istics of the firms headquartered within a community. In later specifications
that utilize an independent measure of a community’s sociability, we also use
survey data from the DDB Life Style survey. Among other items, that survey
collects information that facilitates assessment of a community’s stock of social

9 One of the authors of this study, Paul Smith, was on the staff of the Office of Tax Analysis
(OTA) during most of this project. We are grateful to other OTA staff members for their assistance.

10 One consequence of this definition, useful in our empirical work, is that individual fixed effects
for the nonmover sample will also control for MSA fixed effects.
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capital (specifically, whether one’s neighbors are likely to approach one for ad-
vice about products and brands).

B. Measuring Equity Ownership

For tax purposes, it is not necessary for the IRS to know whether an indi-
vidual owns stock, only whether he receives income from this stock. Thus, our
measure of an individual’s stock ownership in a given year is based on whether
an individual reported dividends on his federal tax return that year. This divi-
dend measure of stock ownership captures all dividends from stocks and taxable
equity mutual funds. It does not include individuals who invest in stocks or eq-
uity mutual funds only through nontaxable (i.e., retirement) accounts. Thus,
when we refer to equity market participation throughout the paper, we are
specifically referring to stock or equity mutual fund ownership in one’s taxable
account (i.e., outside of retirement plans).

Although using dividends as a proxy for equity ownership has a long history
in the public finance literature,11 there are two reasons why this proxy is im-
perfect. First, dividend income as reported on a tax return includes payouts
from any mutual fund, even if the fund is exclusively invested in fixed-income
assets. Second, whereas dividends will capture equity ownership for those who
invest in dividend-paying firms, it may miss those who invest primarily in
non-dividend paying firms such as technology firms, a sector that became in-
creasingly important during the 1990s. The potential for both type-1 and type-2
errors in defining equity ownership prompts the question whether our dividend
measure is a satisfactory proxy for equity ownership. We use the SCF to inves-
tigate this concern and find that reporting dividend income is a good proxy for
stock ownership. First, we compare the trend in actual ownership (as reported
in the SCF) to the trend in taxpayers reporting dividends to the IRS from 1987
to 1996 and find them to be quite similar: Over the overlapping period (1989
to 1996), our proxy for equity ownership increased by 24%, comparable to the
20% increase in actual equity ownership. Second, we find that the correlation
between actual and proxied equity market participation across four pooled SCF
cross-sections from 1989 to 1998 is 0.62.12

C. Defining “Community”

We define an individual’s community as the MSA in which the individ-
ual resides.13 This community definition, widely used in empirical studies in

11 This practice dates back at least as far as the Means (1930) study of diffusion of stock owner-
ship. For a much more recent example, see Desai, Dharmapala, and Fung (2007).

12 We also find that including capital gains realizations along with dividends in our proxy for
stock ownership does not significantly alter this correlation (correlation of actual equity ownership
is 0.623 with our “report dividends on tax return” measure and 0.628 with our “report dividends or
capital gains” measure). Thus, adding capital gains does not improve the correlation of the proxy
with actual equity ownership and adds measurement error, as realizing capital gains on several
assets (such as real estate) does not imply equity ownership.

13 There are 337 MSAs in the United States. We match individuals to their MSA based on the
zip code from their tax return. For the small fraction of the population, primarily those in rural
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economics and finance, has several advantages. First, MSAs are small enough
to constitute a reasonable definition of a “community” while still capturing
the vast majority of one’s social interactions, including work-related interac-
tions. Second, MSAs are large enough to contain sufficiently many individual
observations within each community to obtain a reasonable estimate of the
stock market participation in that community. Third, because MSAs are well
defined and nonoverlapping, and because we restrict our sample to individ-
uals who have resided in the same MSA over the sample, we can correct for
the correlation of error terms within and across all members of a community
cross-sectionally and over time. Finally, MSAs provide a convenient community
definition for merging our tax panel with external data such as census data and
survey data (used to determine a community’s social capital).

D. Summary Statistics

Table I reports summary statistics for several key variables of interest for
the pooled 1987 to 1996 cross-sections. Panel A focuses on equity ownership, as
defined by reporting dividends on tax returns. The first row of Panel A shows
that 25.6% of our sample owns equity. The second row provides the distribution
across households of community-level equity ownership. The median house-
hold lives in an MSA in which 26% of the household’s community owns stock.
At the 10th percentile of the community ownership distribution, nearly 17% of
the household’s community members own stock, whereas this doubles to 34% at
the 90th percentile. In the third row of Panel A, we report the ownership rate in
individuals’ birth states. Because this is a statewide measure, it is not surpris-
ing that the distribution shows slightly less dispersion than the distribution at
the MSA level reported in the previous row. The final row of Panel A reports
the distribution across households of the average equity ownership of the birth
state of the nonnative community members (nonnatives are those whose Social
Security numbers were issued in states that do not overlap with their current
MSA). This variable will be essential for our instrumental variables strategy
(Sections III and IV).

Panel B focuses on individual-specific characteristics. The first two rows
report the distribution of total noncapital income (in 1996 dollars) and age
over our sample, weighted by population. The next four rows feature indicator
variables for gender interacted with filing status (single male, single female,
male head of household, and female head of household). Married couples filing
jointly is the omitted category, accounting for 52.4% of all observations, whereas
married couples filing separately have been excluded from the analyses. The
last six rows of Panel B report an indicator variable for whether the taxpayer
claims mortgage interest deduction (a proxy for home ownership), the num-
ber of dependents, whether the taxpayer is self-employed, whether he reports

areas, who live outside of a formal MSA, we assign the individual to the closest MSA as measured
by the mileage from the center of the individual’s zip code to the nearest MSA (calculated using
the latitude and longitude of each).
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supplemental income on Schedule E, whether he is subject to the alternative
minimum tax, and whether he contributes to a tax-qualified defined contribu-
tion plan.

II. The Challenge of Establishing Causality

Our hypothesis is that an individual’s equity market participation decision is
influenced by the equity market participation of other individuals in the com-
munity. Thus, the null hypothesis of “no community effects” is that, conditional
on a complete set of individual and community covariates, a regression of an
individual’s ownership against that of the other members of the individual’s
community would produce a coefficient of zero. The challenge, to which we will
return shortly, is that it is impossible to control for a complete set of covariates.

At the outset, consider the simplest case in which there is a single commu-
nity and every individual i, i = 1 . . . N, has a probability of participating in
the stock market that is drawn from the same distribution with mean p. A
regression of individual participation against the average participation of the
remaining community members will produce a zero coefficient because such
a specification essentially amounts to regressing one draw from a distribution
against the average of the other, independent draws from the same distribution.
The outcome remains unchanged if there are multiple communities m, m = 1 . . .

M, and individuals are randomly sorted into those communities. Indeed, even
though there will be some random variation in the average community own-
ership rates (centered around p), a regression of individual ownership against
mean community ownership will produce a coefficient that is not significantly
different from zero. The outcome is still unchanged even if individual stock
ownership is determined by a set of covariates {x1, x2, . . ., xk}, as long as the
econometrician can perfectly observe all of the relevant x’s (and thus control for
these covariates in the regression).

Of course, in reality the econometrician can never hope perfectly to observe all
the relevant determinants of individual stock market participation. As a result,
it is virtually impossible to learn anything about community effects from exam-
ining a simple correlation between individual and community ownership. For
example, suppose that individuals sort themselves into communities based on a
vector of observed (X) and unobserved (U) characteristics, and that these same
characteristics are correlated with stock market participation. For example,
X might include education and income, and U might include risk preferences,
ideology, or simply nonlinear functions of the observed Xs.

The existence of U poses a serious problem. Consider, for instance, the ex-
treme case in which there is perfect sorting into communities based on U, and
U is also a primary determinant of individual stock market participation. By
sorting on U, individuals have implicitly also sorted into communities based
on their stock market participation. Accordingly, it is as if each individual i in
community m has the same probability pm of participating in the stock market,
and pm differs across communities 1 . . . M, where each community m has Im in-
dividuals. We denote equity ownership of individual i in MSA m by yi,m∈{0,1},
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and define the average ownership of the other Im−1 individuals in the com-
munity as ȳi,m = 1

Im−1

∑
j �=i y j ,m. With sufficiently many observations in each

MSA, each average ȳi,mwill be close to pm, the probability of participation pre-
vailing in its respective community m. Therefore, a simple regression of yi on
ȳi,m would be roughly equivalent to a regression of yi against pm, which will
yield a regression coefficient of one because Cov(yi,m, pm) = Var(pm).

As a result of such spurious correlation, induced by the omitted U that is
correlated with both community choice and the outcome of interest, the coef-
ficient on average community ownership in a simple OLS regression provides
no information regarding community effects. For example, in our full sample
of more than 750,000 observations, a regression of individual ownership on
average community ownership that controls for age, income, and additional co-
variates is approximately 34 (on a scale in which our binary indicator variable
has been rescaled to {0, 100}), and this effect is highly statistically significant.
This suggests that an individual living in a community with a 10-percentage
point higher level of average ownership is 3.4 percentage points more likely to
own stocks. However, we cannot place any causal interpretation on this coeffi-
cient and, given the problems just outlined, it is even difficult to characterize
whether this coefficient should be considered large (as it would be relative to
the null hypothesis of no community effects), or small (as it would be if one be-
lieved that individuals implicitly sorted into communities based on their stock
market participation and this sorting mechanism is not controlled for by the
covariates included in the regression).

Ultimately, although panel data allow us to control for individual and com-
munity fixed effects, and although we can further control for a very broad set
of time-varying individual-level and community-level variables, even such de-
tailed controls do not allow us to render a causal interpretation to the coefficient.
This is because the correlation between community and individual ownership
could still be driven by unobserved time-varying factors such as changes in the
information set available to a community. For example, an aggressive brokerage
firm could open up in a community and convince thousands of individuals to
enter into the stock market for the first time. Alternatively, a major shift in the
community’s economic environment could make it seem like a better or worse
time to participate in the market. In each case, we would observe a correlation
between community ownership and individual ownership that is not causal.

Thus, the basic identification problem, which has not been satisfactorily ad-
dressed in any prior study of stock market participation, is that it is difficult to
find factors that would influence the stock market participation decisions of a
person’s neighbors but would not have any direct effect on the person’s own par-
ticipation decision. Consequently, it is relatively easy to construct plausible sto-
ries explaining how the correlation between individual and community owner-
ship shown in the prior literature could be driven by some omitted time-varying
factor. Identifying the correlation as causal in nature (i.e., reflecting word-of-
mouth communication) necessitates finding a source of exogenous variation
in the stock market participation of one’s neighbors. Such a source of exoge-
nous variation would enable us to construct specifications that test for causal
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community effects, that is, regressions in which a zero coefficient on community
ownership suggests no word-of-mouth effects upon an individual’s ownership
decision and a significant positive coefficient indicates the presence of causal
word-of-mouth effects.

III. Establishing Causality: Methodology

A. Overview of Identification Strategy

There are two ways to overcome the identification problem, neither of which
has been previously used to examine the question of stock market participation.
First, in some contexts, it is possible to randomly assign individuals to peer
groups. Examples include Sacerdote’s (2001) study of peer effects on grades
using randomly assigned college roommates, or Hoxby’s (2002) use of random
cross-cohort variation in the gender and racial mix of school children to study
peer effects and educational outcomes. We know of no data with which to study
the stock market participation of individuals driven by exogenous factors to
move to a new community.

The second approach, which we follow in this paper, is to find an instrument
correlated with the stock market participation of an individual’s neighbors but
not correlated with the stock market participation of the individual, except
through the individual’s community interactions. Motivated by the evidence
from Guiso, Sapienza, and Zingales (2004) that there may be long-lasting effects
of one’s place of birth on financial outcomes, we utilize the unique nature of our
data to develop an instrument that relies upon the stock market participation
of the birth states of one’s nonnative neighbors (whose birth state does not
overlap the current MSA).

We begin by limiting our sample to those individuals who are native to their
current community (again, those whose birth state is their current state of res-
idence and who did not change MSA during the sample period), and then con-
struct our instrument over their nonnative neighbors. As we will show shortly,
ownership in the birth state of one’s nonnative neighbors will be highly corre-
lated with ownership of one’s neighbors, but, given our sample restriction to
natives of the current community, there is little reason to suspect that it will be
correlated with one’s own ownership except through its effect on one’s neigh-
bors. In short, if one has lived in St. Louis one’s entire life and one’s neighbor
is from Boston, it is reasonable to think that the level of equity ownership in
Massachusetts may be correlated with that neighbor’s ownership, but there is
no reason to think that the level of equity ownership in Massachusetts should
affect one’s own stock market participation decision unless word-of-mouth ef-
fects are at play. Thus, because we restrict our sample to native individuals and
instrument for the ownership of their community with the average birth-state
ownership of their nonnative neighbors, we are ensuring that the regression
results cannot be contaminated by an individual and his community members
sharing the same background (i.e., birth state). Further, we use lagged values
of the instrument to reduce the potential for picking up a spurious correlation
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that might arise if, for example, there were a simultaneous correlated response
across states to the release of new information.

To provide a highly simplified example, consider a native individual A, who
was born (i.e., had the Social Security number issued) in Missouri and who
has lived in the St. Louis MSA over the entire sample period. Suppose that
individual A has neighbors B, C, and D who currently live in the St. Louis
MSA, and their Social Security numbers were issued in Missouri, California,
and Delaware, respectively. We define “community ownership” for individual A
to be the average stock market participation of individuals B, C, and D. However,
because individual B’s Social Security number was issued in Missouri, we do
not include individual B’s birth-state ownership as part of our instrument.14

Individuals C and D, by contrast, are included in our instrument because they
are nonnatives. Thus, in the first stage of our regression, we regress the average
ownership of the community in which individual A lives (here, consisting of
the average ownership of individuals B, C, and D) upon the lagged average
ownership in the states from which the nonlocal neighbors came (in this case,
the average of the ownership in California and Delaware).

B. The First-Stage Regression

Table II shows that the instrument meets the first criterion—it is highly cor-
related with the equity ownership of one’s community. The table reports the
coefficients from our first-stage regression of the average ownership of one’s
MSA upon the 1-year-lagged average equity ownership of one’s nonnative com-
munity members’ birth state.15

In Column (1), we report the coefficient from a simple regression with no
other controls and find a highly significant relation. In Column (2), we con-
trol for the complete set of variables that will ultimately be included in our
second-stage regression. That is, we include individual and community fixed
effects, state-year fixed effects, time-varying household-level controls, and time-
varying community-level controls, all of which will be discussed in more detail
below. In both specifications, there is a strong statistical relation between eq-
uity ownership in a community and our instrument. Moreover, the F-statistic
(20.4 in Column (1) and 10.6 in Column (2)) indicates that the instrument is
sufficiently powerful according to the Staiger-Stock (1997) test.

We also explore the two sources of exogenous variation in our instrument.
First, holding fixed the level of ownership of the birth states, the instrument
can vary as the composition of one’s neighbors changes (e.g., somebody born
in California leaves the community and somebody from Ohio joins it). Second,
holding one’s neighbors constant, the instrument can vary when there are

14 The same restriction would apply if B’s Social Security number had been issued in Illinois
(rather than Missouri) because Illinois also overlaps with the St. Louis MSA.

15 Because our instrument is lagged by 1 year, observations from 1987, the first year of our
sample, are dropped from the regression and thus the number of person-year observations of native
individuals is 353,281 (rather than 398,585 for the full sample).
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Table II
First-Stage Regression of Community Equity Ownership,

1988 to 1996 Pooled
The dependent variable, individuals’ average community stock ownership, is measured in percentage
points, whereas all explanatory variables are expressed as raw ratios (i.e., not in percentage points).
The sample is restricted to native individuals (those whose current state of residence is their birth
state and who have lived in the same MSA for the entire sample period). Birth state refers to the state
in which individuals lived when they applied for their Social Security numbers (generally the state
in which they were born). Nonnatives are those whose Social Security numbers were issued in states
that do not overlap with their current community. Community is defined as MSA. The key independent
variable is the average equity ownership of nonnative community members’ birth states. It is lagged
by 1 year to reduce the potential for picking up a spurious correlation that might arise if, for example,
there were a simultaneous correlated response across states to the release of new information. Other
controls (utilized in Column (2)) include time-varying household-level controls (specifically, (i) an in-
dicator variable for each percentile of the noncapital income distribution as measured each year, for
a total of 99 variables, with the 50th percentile as the omitted category, (ii) an indicator variable for
each possible age through age 106 (the oldest in our sample), with age 40 as the omitted category, (iii)
indicator variables for gender interacted with filing status—single male, single female, male head of
household, female head of household, and (iv) numerous other items from the tax return, including
indicators for whether the household claims a mortgage interest deduction, self-employment, supple-
mental income on Schedule E, contributions made to tax-qualified defined contribution plans, as well
as the number of dependents), household fixed effects (and, because the sample is restricted to non-
movers, the household fixed effects also control for community fixed effects), state-year fixed effects,
and a number of time-varying community-level controls. The latter include community-level averages
of all of the individual-level controls for income, age, filing status, and so on (for age and income, we
include a quadratic specification of the community averages). In addition, we use 1980, 1990, and 2000
Census data to compute community-specific time trends for a host of variables, including the distri-
bution of completed education in the community (i.e., fraction of community that completed grades
0–8, 9–11, high school, some college, and college graduates); the distribution of community residents
by race and ethnicity (i.e., the fraction of Hispanics, Blacks, Indians, Asians, and other groups in the
MSA); and the distribution across 13 occupation classifications, 11 industry classifications, and six
sector classifications (e.g., state and local government, private sector). We also include trends in com-
munity median home value to capture community-specific economic conditions, as well as nonlinear
controls for the MSA population each year. Finally, we also include a large set of covariates charac-
terizing locally headquartered, publicly traded firms (an indicator whether there are publicly traded
firms headquartered within the community, the fraction of total U.S. market value represented by
these local firms, the value-weighted rate of return of local firms, the fraction of local firms that were
in the top 10% of nationwide performers that year, the fraction of local firms that pay dividends, and
the fraction of the population employed by these local firms). Standard errors, shown in parentheses,
are estimated by clustering on the MSA level. Thus, these standard errors allow for correlation across
individuals within each community for a given year, as well as correlation across individuals in the
same MSA at different points in time. Moreover, because we limit the sample to natives, our standard
error calculation also allows for correlation in observations of the same individual over time. The stan-
dard errors also allow for heteroskedasticity. ∗∗∗, ∗∗, and ∗ denote significance at the 1%, 5%, and 10%
levels, respectively.

(1) (2)
No + Other Controls

Other (Including Household Fixed Effects
Controls and State-Year Fixed Effects)

Average equity ownership of nonnative community 49.5∗∗∗ 24.6∗∗∗

members’ birth states (lagged 1 year) (11.0) (7.6)
F-statistic of instrument in first stage 20.4 10.6

Adjusted R2 0.051 0.928
Number of observations 353,281 353,281
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changes in the levels of ownership in the birth states of the neighbors who
are not native to the community. To test whether one or both sources of vari-
ation matter, we construct two separate instruments. To construct the first
measure, which we loosely call the “mover” instrument, we hold the ownership
in each birth state fixed at its average level over the entire sample. Thus, for
a given individual, this instrument varies only with community composition.
To construct the second measure, which we call the “stayer” instrument, we
only include in the instrument the birth-state ownership of those nonnative
neighbors who have been in the community over the entire length of the panel
(but, by definition, whose birth state does not overlap with their current MSA).
Thus, for a given individual, this instrument varies only with the changes in
the birth-state ownership of the individual’s nonnative (but stayer) neighbors.
We then reestimate our first-stage regression including both instruments in
the regression, thus allowing these two measures to enter separately. Using
the specification from Table II, Column (2), we find that the coefficient on the
mover instrument is 24.2 and the coefficient on the stayer instrument is 15.0.
Both are individually statistically significant (at the 1% level for the mover
instrument and at the 10% level for the stayer instrument). More important
than their individual significances, however, are the findings that (i) we cannot
reject the hypothesis that the coefficients on the two components of the instru-
ment are the same, and (ii) the two instruments are jointly significant (p-value
of 0.0034). Because both instruments matter and have effects that are statis-
tically indistinguishable from each other, and, further, because the combined
instrument provides more power as it makes use of additional variation that
arises from interactions between these two sources of variation,16 we use the
full instrument in all of our second-stage regressions.

IV. Instrumental Variable Results

A. Core Specification

Table III reports the core set of results using our instrumental variables
strategy. The specification is a linear probability model in which the dependent
variable is rescaled to {0, 100} to facilitate the interpretation of the regression
coefficient estimates as percentage point changes. The key variable of interest
is the average equity ownership rate in the community. In all specifications, the
standard errors of the regression coefficients are estimated by clustering on the
MSA level (see Rogers (1993) and Peterson (2007) for a discussion of clustered
standard errors). This approach assumes independence across MSAs, but al-
lows for the nonparametric estimation of variances and covariances of observa-
tions within MSAs. Therefore, clustering at the MSA level allows for correlation
across individuals within each community for a given year, as well as correla-
tion across individuals in the same MSA at different points in time. Moreover,
because we limit the sample to nonmovers (i.e., individuals in the sample who

16 A regression of the combined instrument on the two separate instruments has an R2 of 0.92,
suggesting that the interactions account for approximately 8% of the total variation.
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Table III
Instrumental Variables Regression, 1988 to 1996 Pooled

The dependent variable, individuals’ stock ownership, is measured in percentage points, whereas
all explanatory variables are expressed as raw ratios (i.e., not in percentage points). The sample
is restricted to native individuals (i.e., those whose current state of residence is their birth state
and who have lived in the same MSA for the entire sample period). Equity ownership within the
community is instrumented for with the 1-year-lagged average equity ownership of nonnative com-
munity members’ birth states (for details concerning the first-stage regression, see Section III.B
and Table II). Birth state refers to the state in which individuals lived when they applied for a Social
Security number (generally the state in which they were born). Nonnative community members are
community members who were issued Social Security numbers in states that do not overlap with
their current community. Both specifications include household fixed effects (and, because the sam-
ple is restricted to nonmovers, the household fixed effects also control for community fixed effects),
time-varying household-level controls, time-varying community-level controls, and state-year fixed
effects. The time-varying household-level controls and time-varying community-level controls are
the same as those included in Table II (see Section IV. A for their description). The Community
asks for advice variable, utilized in Column (2), is constructed on a community-year basis using the
DDB Life Style survey respondents’ perceptions of how often they are asked for advice regarding
products and brands (see Section IV. C for further details). This variable is normalized to range
from zero to one, with zero being least likely to be asked by neighbors for advice and one being most
likely to be asked by neighbors for advice. Community is defined as MSA. Standard errors, shown
in parentheses, are estimated by clustering on the MSA level. Thus, these standard errors allow for
correlation across individuals within each community for a given year, as well as correlation across
individuals in the same MSA at different points in time. Moreover, because we limit the sample
to natives, our standard error calculation also allows for correlation in observations of the same
individual over time. The standard errors also allow for heteroskedasticity. ∗∗∗, ∗∗, and ∗ denote
significance at the 1%, 5%, and 10% levels, respectively.

(1) (2)

Equity ownership within community 41.8∗∗∗ 21.5
(15.6) (23.2)

Community asks for advice −13.1
(8.6)

Equity ownership within community× 47.3∗
Community asks for advice (27.3)

Adjusted R2 0.781 0.778
Number of observations 353,281 304,107

remain in the same MSA for the entire sample period), our standard error cal-
culation also allows for correlation in observations of the same individual over
time.

In Column (1), we present a specification that includes household and
community fixed effects, a wide range of time-varying household-level con-
trols and time-varying community-level controls, and state-year fixed effects.
The household-level covariates include: (i) an indicator variable for each per-
centile of the noncapital income distribution as measured each year, for a
total of 99 variables (the 50th percentile is the omitted category), (ii) an in-
dicator variable for each possible age through age 106 (the oldest in our sam-
ple), with age 40 as the omitted category, (iii) indicator variables for gender
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interacted with filing status (single male, single female, male head of house-
hold, female head of household), and (iv) numerous other items from the tax
return, including dummies for whether the household claims a mortgage inter-
est deduction, self-employment, supplemental income on Schedule E, contribu-
tions made to tax-qualified defined contribution plans, as well as number of
dependents.

Our broad set of time-varying community-level controls includes community-
level averages of all of the individual-level controls for income, age, filing status,
and so on.17 In addition, we use 1980, 1990, and 2000 Census data to compute
community-specific time trends for a host of variables, including the distribu-
tion of completed education in the community (i.e., fraction of community that
completed grades 0–8, 9–11, high school, some college, and college graduates),
the distribution of community residents by race and ethnicity (i.e., the frac-
tion of Hispanics, Blacks, Indians, Asians, and other groups in the MSA), and
distributions across 13 occupation classifications, 11 industry classifications,
and six sector classifications (e.g., state and local government, private sector).
We also include trends in the median home value in a community to capture
community-specific economic conditions, as well as nonlinear controls for the
MSA population each year.

In recognition of the empirical evidence that both professional money man-
agers and individual investors tend disproportionately to invest in stocks of
the companies headquartered in their local communities (Coval and Moskowitz
(1999, 2001), Ivković and Weisbenner (2005), and Massa and Simonov (2006)),
the specification also includes a large set of covariates characterizing locally
headquartered, publicly traded firms. Specifically, we include an indicator
whether there are publicly traded firms headquartered within the community,
the fraction of total U.S. market value represented by these local firms, the
value-weighted rate of return of local firms, the fraction of local firms that
were in the top 10% of nationwide performers that year, the fraction of local
firms that pay dividends, and the fraction of the population employed by these
local firms.

Finally, over the sample period from 1987 to 1996, the participation rate
in the stock market has increased. To account for this, we also include state-
year effects in the regression. This ensures that our results are not driven
by differential rates of change in stock-market participation across states, or,
for that matter, any other unobservable time-varying factor that differs across
states. In other words, the inclusion of state-year effects means that we are
no longer using any state-year variation in any variable to identify our key
effect of interest. Thus, if there are state-level differential trends or shocks in
economic variables, such as a state being hit particularly hard by a recession
or a changing tax policy, or even in social norms, such as a state becoming
increasingly conservative, these factors will now be controlled for.

17 For age and income, rather than including community-level dummy variables for each point
in the distribution, we include a quadratic specification of the community averages.
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B. Core Result

Of central importance to this paper is the coefficient on the equity ownership
within the community, presented in Column (1).18 The coefficient of 41.8 in this
comprehensive specification is highly statistically significant. This coefficient
suggests that a 10-percentage point increase in the ownership of one’s commu-
nity, which roughly corresponds to a move from the 25th to the 75th percentile of
the community ownership distribution, increases the probability that one will
invest in stocks by 4.2 percentage points.

This result is identified from lagged changes in the average ownership of the
birth states of one’s nonnative neighbors that are correlated with one’s own
changes in ownership through changes in the ownership of one’s community. It
is not identified from all lagged changes in the instrument, but only from those
that are orthogonal to the individual and community controls that account for
any time-variation in the economic status and composition of the community,
including any unobservable factors that vary over time at the state level. Also,
as discussed earlier, because we restrict our sample to native individuals and
instrument for the ownership of their community with the average birth-state
ownership of their nonnative neighbors, we are ensuring that the regression
result cannot be contaminated by an individual and his community members
sharing the same background (i.e., the same birth state).

In this comprehensive specification, the remaining correlation between com-
munity ownership and individual ownership must be caused by one of only two
remaining explanations. The first is that there truly are causal word-of-mouth
community effects. The second is that, even after our very broad set of controls,
there are still some unobserved time-varying factors that are correlated with
changes in the lagged instrument as well as changes in individual ownership.
For example, suppose that there are two types of communities—red and blue—
and that people from red communities tend to move to other red communities,
whereas people from blue communities tend to move to other blue communities.
Now suppose that there is some change in the information set (e.g., the election
of a new President, appointment of a new Federal Reserve Chairman, or some
macroeconomic trend) that leads people from blue communities to decide that
this is a good time to start investing in equities, whereas people in red com-
munities interpret the change as suggesting that it is not a good time to start
investing in equities. Because a person residing in a blue community is more
likely to have neighbors who have moved there from other blue communities,
it is possible that the correlation could be driven by a common reaction to this
new information, rather than word-of-mouth effects.

Most of these alternative explanations are already ruled out by the specifica-
tion presented in Column (1) of Table III. For example, the correlated response
must have a trend component to it (rather than be a simultaneous change in be-
havior) because our instrument is lagged by 1 year. Furthermore, the correlated

18 Although not the central focus of the paper, stock ownership is related to other variables in
intuitive ways (e.g., the probability of ownership is rising with income, age, and the various proxies
for household wealth that are available on the tax return).
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response must occur at the community level, and not the state level, because
our state-year indicators already absorb the latter effects. Given this, we con-
sider the simple word-of-mouth effect to be much more likely to explain our
results than the “correlated response” hypothesis. Nonetheless, to rule out this
final competing hypothesis even more completely, we consider one additional
specification.

C. Interaction of Community Effect with “Sociability”

To provide additional evidence that our finding is driven by word-of-mouth
effects, we use the insight that a word-of-mouth channel is likely to be stronger
in those communities in which individuals are more likely to interact socially
with their neighbors. In contrast, other explanations for the correlation be-
tween community and individual equity ownership—including the correlated
response hypothesis—should not vary with the sociability of a community. Thus,
a positive coefficient on the interaction of sociability and community ownership
would provide further evidence that the community effect is caused by word-
of-mouth effects.

To create measures of community sociability, we take advantage of the DDB
Life Style data, which cover the period from 1975 to 1998 and have been used
most notably by Putnam (2000) in his well-known study of the decline in social
capital in the United States.19 One of the questions asked in this survey is
particularly suited for our purposes of understanding whether individuals are
likely to share information about consumption and investment decisions with
their neighbors. Specifically, respondents are asked to rank their agreement
with the statement “My friends and neighbors often come to me for advice about
products and brands” on a six-point scale ranging from 1 = “definitely disagree”
to 6 = “definitely agree.” Each response in the survey is characterized by the
community to which it belongs, the year in which the survey was completed,
and its sampling weight.

This sample enables us to create, for each community and each year, the
weighted average of respondents’ perceptions of their inclination to seek out
advice regarding brands and products. We normalize the variable by rescaling
it to the unit interval, thus assigning a zero to “definitely disagree” and one
to “definitely agree” for each observation. By averaging across observations
in a given community for a given year, we develop a time-varying measure of
sociability for each community. The key feature of this measure of sociability
is that it is not systematically correlated with other observable characteristics
of the community. Specifically, regression analysis indicates that community-
level economic and demographic characteristics (the same community controls
employed in our regressions of stock ownership) do not explain community-level
sociability (the p-value of this regression is only 0.24).

19 The DDB Life Style data are made available through the generosity of DDB Worldwide of
Chicago, Illinois, who retains appropriate rights, including copyright, on these data, while allowing
fair use for scholarly and academic research.
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In Column (2) of Table III, we present the results of a regression specifica-
tion in which we interact our instrumented measure of community ownership
with the sociability measure. The sample size drops to 304,107 because this
question was not collected in 1990, and was missing for a small number of
MSAs in other years. The key result from this regression specification is that
the interaction term is large and statistically significant (47.3, significant at
the 10% level), suggesting that in more sociable communities a higher level of
community ownership leads to greater individual ownership. These results are
strongly consistent with a “word-of-mouth” community effect and are not easily
explained by alternative stories about correlated shocks to information sets.

These results provide stronger identification of community effects in stock
market participation than the previous literature did. The results are con-
sistent with causal word-of-mouth effects and inconsistent with every major
alternative hypothesis. To summarize, the inclusion of individual fixed effects
rules out alternative hypotheses relying on time-invariant characteristics, be
they observable, such as gender, or unobservable, such as individuals’ average
risk aversions over the sample period. By restricting the sample to nonmovers,
the individual fixed effects also operate as community effects, thus control-
ling for time-invariant community differences such as fixed social norms or the
presence of educational or financial institutions. The instrumental variables
approach ensures that the correlation is not driven simply by the community
sharing a common response to the arrival of new information or institutions in
the community such as the arrival of a new broker in town or increased local
news coverage of the stock market. The use of a lagged value of the instru-
ment further rules out contemporaneous correlations across similar commu-
nities that might be driven by events such as national coverage of a financial
event or other relevant news. Further, because we restrict our sample to native
individuals and instrument for the ownership of their community with the av-
erage birth-state ownership of their nonnative neighbors, we are ensuring that
the regression results obtained cannot be contaminated by an individual and
his community members sharing the same background (i.e., birth state).

Thus, any alternative explanation for the results must explain not only the
correlation in levels of ownership and the correlation in changes in individ-
ual and community ownership, but also the correlation between the time t−1
change in ownership in the neighbors’ birth states and the time t change in own-
ership in the current community. One such story that might pass these hurdles
is that communities are changing over time, and that a city with a rapidly
growing technology industry, for example, might draw new residents from com-
munities in other states that also have rapidly growing technology industries,
and that our regression results are merely picking up these similarities. How-
ever, we rule out this and similar stories by controlling for, among other factors,
a large number of time-varying individual and community-level characteristics
that capture the changes in the economic and social environment, such as levels
of education, racial and ethnic mix, the composition of occupation, employment
sector, a broad set of characteristics of publicly traded firms in the community,
and median home prices. We also include state-year fixed effects to control for
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both observable and unobservable time-varying characteristics across states.
Finally, to provide evidence that the effect is driven by social interaction, rather
than by some unobserved correlated shock, we show that this community ef-
fect operates primarily through its interaction with an independent measure of
the community’s sociability (in particular, the community’s willingness to ask
neighbors for advice).

In short, our results provide robust evidence of an economically and statis-
tically significant relation between community and individual ownership that
cannot be easily explained by plausible alternative hypotheses. Thus, the most
likely explanation for the observed result is a causal one: word-of-mouth com-
munication with friends, co-workers, and neighbors directly influences individ-
uals’ correlated decisions to participate in the stock market.

D. Economic Significance

Our key result suggests that a 10-percentage point increase in the share of an
individual’s community that owns stock, which roughly corresponds to a move
from the 25th to the 75th percentile of the community ownership distribution,
makes the individual four percentage points more likely to own stock. To assess
whether this change is economically meaningful, we compare it to the effect of
one particularly influential set of individuals—one’s parents. Because these tax
panel data track dependents, it is possible to construct a “parent-child” data set
for a very limited subset of our data. Of course, this subsample of the data is
far from representative. For example, because the children had to be claimed
as dependents on their parent’s return within our sample before starting to
file their own return, the sample of children consists primarily of very young
adults (typically in their twenties), and we typically observe them filing their
own return only for 2 to 3 years on average. Whereas we hesitate to use this
parent-child subsample for any primary analysis, it does provide a valuable
benchmark for comparing our community effect results. Specifically, we run
a regression of children’s stock market participation against the participation
of their parents. The inclusion of individual fixed effects in the regression im-
plies that we are identifying the effect of parents solely from changes in the
stock market participation rate of one’s parents. We follow this approach to be
able to make a meaningful comparison to the effect of a change in the average
participation rate of one’s community. We find that, in a given year, if one’s par-
ents switch from not participating to participating in the stock market, one’s
own stock market participation probability increases by 3.6 percentage points.
Thus, one way to interpret the magnitude of the community effect is that a 10-
percentage point increase in the fraction of one’s community that owns stock
has an effect that is comparable to the effect of a change in the participation
decision of one’s own parents.

V. Conclusion

A growing literature has been focusing on trying to establish causal com-
munity effects, or peer effects, in a wide variety of settings. In general,



1530 The Journal of Finance

econometrically identifying such effects is challenging because individuals are
not randomly assigned to communities and it is difficult adequately to account
for unobservable characteristics that may cause a spurious correlation between
individual and community behavior.

This paper provides evidence of causal community effects in the context of
stock market participation, an economic behavior that has very important im-
plications for individual welfare and numerous public policy outcomes. Using
an instrumental variables strategy that employs variation in the stock own-
ership in the states in which one’s nonnative neighbors lived at the time they
applied for their Social Security numbers (which is generally the state in which
they were born), combined with individual and community fixed effects, time-
varying individual and community characteristics, and state-year effects, we
demonstrate that a 10-percentage point increase in community stock owner-
ship makes an individual approximately four percentage points more likely to
participate in the stock market. For perspective, this magnitude is compara-
ble to the effect of one’s parents switching from not participating in the stock
market to becoming stock market participants upon one’s own equity owner-
ship decision. Consistent with a word-of-mouth interpretation, we find that this
community effect is stronger in more sociable communities.

One ramification of these findings is that there may be externalities to poli-
cies that promote stock ownership, either directly (e.g., the introduction of per-
sonal accounts in Social Security) or indirectly (e.g., financial education). Our
results suggest that an initial increase in the average stock ownership level
in a community may have a multiplier effect, making it more likely that other
individuals will also begin participating.
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