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We show how data from online social networking services can help re-
searchers better understand the effects of social interactions on eco-
nomic decision making. We combine anonymized data from Facebook,
the largest online social network, with housing transaction data and ex-
plore both the structure and the effects of social networks. Individuals
whose geographically distant friends experienced larger recent house
price increases are more likely to transition from renting to owning.
They also buy larger houses and paymore for a given house. Survey data
show that these relationships are driven by the effects of social interac-
tions on individuals’ housing market expectations.
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economic effects of social networks 2225
Researchers are increasingly interested in studying the effects of interac-
tions through social networks on economic decision making. However,
analyzing the economic effects of social interactions has proved challeng-
ing, in large part because of the absence of high-quality data on social net-
works that can be linked to outcome variables of interest. In this paper, we
show how data from online social networking services such as Facebook
and LinkedIn can help overcome this measurement challenge, with the
potential to dramatically expand our understanding of the role of social
networks across a large number of settings. We illustrate this point by us-
ing anonymized social network data from Facebook to analyze the role of
social interactions in the housing market. We show that the recent house
price experiences within an individual’s social network affect her percep-
tions of the attractiveness of property investments and through this chan-
nel have large effects on her housing market investments.
We observe an anonymized snapshot of the “social graph” of friendship

links on Facebook. Facebook is the world’s largest online social network,
with over 234 million active users in the United States and Canada and
more than 1.9 billion users globally.We argue that social networks asmea-
sured by Facebook provide a realistic representation of real-world US
friendship networks. As we discuss below, this is the result of Facebook’s
enormous scale, the relative representativeness of its user body, and the
fact that people primarily use Facebook to interact with their real-world
friends and acquaintances.
We begin by documenting salient features of the observed US friend-

ship networks, with a focus on elements of social network structure that
have been linked to social and economic phenomena such as the diffu-
sion of information and the construction of social norms. There is signif-
icant across-individual variation in both network size and local network
clustering (the probability of two friends of an individual being friends
with each other). Network size declines in age, while local clustering is
U-shaped in age, with the oldest individuals having the smallest andmost
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clustered networks. More educated individuals have larger and less clus-
terednetworks. Networks of urban and rural individuals are relatively sim-
ilar in size, though rural networks are somewhat more clustered. Despite
these systematic patterns, most of the across-individual variation in net-
work characteristics occurs within rather than across these demographic
groups. We also document significant homophily, with individuals more
likely to be friends with others that are similar on demographic and net-
work characteristics. When we explore the geographic dimension of the
US friendship network, we find that while the average person has friends
in 71 different counties, more than 34 percent of her friends live in the
same county, and 63 percent live in the same state. Similarly, for the aver-
age person, 53 percent of friends live within 50 miles, and 67 percent live
within 200miles. The geographic concentration of friendship networks is
declining in both age and education and varies significantly across coun-
ties in the United States.
In the second part of the paper, we exploit the across-individual varia-

tion in the structure of social networks to analyze the effects of social in-
teractionson individuals’housing investmentdecisions.Tomeasurehous-
ing investment decisions, we combine the social network information
from Facebook with anonymized public-record data on individuals’ hous-
ing transactions for Los Angeles County. Our final sample contains an-
onymized data on 1.4 million individuals and 525,000 housing transac-
tions. We use these combined data to analyze the effects of the house price
experiences within an individual’s social network on three aspects of her
housing market investment behavior: the extensive margin decision (i.e.,
whether to rent or own), the intensive margin decision (i.e., the square
footage of properties bought), and the willingness to pay for a particular
house.
Our analysis starts by documenting that, at any point in time, different

people in the same local housing market have friends who have experi-
enced vastly different recent house price movements. For example, the
average 2008–10 house price changes experienced by the friends of the in-
dividuals in our Los Angeles sample ranged from 210.1 percent at the
5th percentile of the distribution to 25.2 percent at the 95th percentile
of the distribution. This variation is driven by heterogeneity across our
sample in the location of individuals’ friends, combined with variation
in regional house price changes.
In order to isolate a causal relationship between friends’ house price

experiences and own housing market investments, we need to rule out
potential noncausal explanations of any observed correlation. A first con-
cern is that our interpretation could be confounded if individuals form
expectations by extrapolating from their own house price experiences,
which would be correlated with the house price experiences of their local
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friends. To exploit only variation in friends’ house price experiences that
is orthogonal to a person’s own experiences, we instrument for the house
price experiences of all friends with the experiences of only her friends in
geographically distant housing markets.
Using this instrumental variables strategy, we show that the house price

experiences within an individual’s social network have a quantitatively
large effect on all three aspects of her housing investment decision. First,
a 5 percentage point higher average house price change between 2008
and 2010 in the counties where an individual has friends leads to a 3.0 per-
centage point increase in the probability of that individual transitioning
from being a renter in 2010 to being a homeowner in 2012, relative to a
baseline transition probability of 18 percent. This is more than half the
effect size of adding a family member. We also find that homeowners are
more likely to transition to renting when their friends experience below-
average house price changes. Second, conditional on an individual buy-
ing a house, a 5 percentage point increase in friends’ house price expe-
riences over the 24 months prior to the purchase is associated with the
individual buying a 1.6 percent larger property. Third, conditional on ob-
servable property characteristics, a 5 percentage point increase in the
house price experiences in an individual’s social network is associated
with that individual paying 2.3 percent more for the same property. This
estimate is robust to adding property fixed effects to account for unobserv-
able property characteristics. When we also control for the house price
movements in the seller’s network, we find that sellers whose friends had
more positive house price experiences also demand higher sales prices.
We argue that these relationships between the house price experiences

in an individual’s social network and her housing market behavior cap-
ture a causal mechanism. In addition to using our instrumental variables
strategy to abstract from a possible extrapolation of own house price ex-
periences, we rule out a number of alternative noncausal explanations of
our estimates.
In particular, we address possible challenges coming from the nonran-

dom exposure of individuals to different geographically distant housing
markets. We first show that a correlation between where an individual has
friends and her own characteristics does not, by itself, confound our find-
ings. The reason is that the house price experiences within an individual’s
social network are affected by the interaction of the geographic distribu-
tion of her friends and how house prices in those areas move in a given
year. While people with friends in Boston are different from people with
friends in Miami, relative house price movements in Boston and Miami
change over time. Comparing the housing investment behavior of indi-
viduals with friends in Boston across different years thus removes any
time-invariant confounding effect of the geographic distribution of an
This content downloaded from 128.122.185.164 on November 21, 2018 12:54:36 PM
All use subject to University of Chicago Press Terms and Conditions (http://www.journals.uchicago.edu/t-and-c).



2228 journal of political economy

All
individual’s friends. In fact, in some specifications we observe multiple
transactions of the same individual across different years. We find that
this same individual is willing to pay more for a given house in years fol-
lowing stronger relative house price growth in her fixed social network.
However, despite the fact that friends’ house price experiences do not

vary with individual characteristics on average, one might still be con-
cerned that unobserved shocks to an individual’s ability or desire to buy
a house in a given year might be correlated with her friends’ house price
experiences in that year through a channel other than social interactions.
Any such alternative story requires a shock to an individual’s ability or de-
sire to buy a house in a given local housing market that contemporane-
ously moves house prices in geographically distant regions where she
has friends. For example,many people have friends whowork in the same
sector. If economic activity in that sector features significant geographic
clustering (e.g., tech in Silicon Valley), positive shocks to that sector in
a given year might both enable an individual to buy a house and drive
up aggregate house prices in those sector-exposed regions where the in-
dividual has friends. To rule out this alternative explanation, we show that
all results are robust to restricting the sample to individuals who are re-
tired or work in geographically nonclustered professions (e.g., teachers).
Our results are also robust to directly including controls for the economic
conditions in a person’s social network and to interacting our large set of
individual demographic controls with year fixed effects, which allows, for
example, the effect of different education levels or different occupations
on housing market behavior to vary over time.
After ruling out these and other noncausal interpretations of the ob-

served relationship between the house price experiences of an individu-
al’s friends and her own housing investment behavior, we explore which
channels might explain the observed causal relationship.
We first provide evidence for an important effect of social interactions

on an individual’s assessment of the attractiveness of property invest-
ments, which would naturally affect her housing market investment be-
havior. To do this, we analyze 1,242 responses to a housing market survey
among Los Angeles–based Facebook users. Over half of the survey re-
spondents report that they regularly talk to their friends about investing
in the housing market. The survey also asked respondents to assess the
attractiveness of property investments in their own zip code. We find a
strong positive relationship between the recent house price experiences
of a respondent’s friends and whether that respondent believes that local
property is a good investment. Importantly, this relationship is stronger
for individuals who report regularly talking to their friends about invest-
ing in property. These results suggest that social interactions provide a
link between friends’ house price experiences and an individual’s own
housingmarket expectations andhighlight an important channel through
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which these experiences can causally affect individuals’housingmarket in-
vestments.
Whywould an individual’s beliefs about the attractiveness of local hous-

ing investments be affected by the house price experiences of her geo-
graphically distant friends? While our analysis does not allow us to dis-
tinguish between all possible explanations for this behavior, we present
some evidence that it is unlikely to be the result of purely rational learn-
ing. For example, we show that an individual’s investment response to the
house price experiences of her friends does not depend on the correla-
tionbetweenher friends’houseprice experiences and future LosAngeles
houseprice growth.However, there remain a number of possible explana-
tions. For example, our findings could be due to the spread of irrational
sentiments as described in Akerlof and Shiller (2010) or due to overcon-
fidence, with individuals overreacting to noisy signals they receive through
their social networks (Barberis and Thaler 2003).
We also find no evidence that the causal relationship between the house

price experiences of a person’s friends and her own housing investment
behavior can be explained by a channel other than expectations. First,
we document that our results are not driven by individuals investing more
in real estate as the value of their expected housing bequest increases with
the house price gains of their geographically distant family members. Sec-
ond, we show that our findings cannot be explained by a story of consump-
tion externalities, such as a desire to “keep upwith the Joneses.” Finally, we
rule out that the observed findings are driven by a desire of individuals to
hedge against house price growth in areas they eventually desire tomove to.
Overall, our results provide strong evidence for a causal effect of friends’

house price experiences on individuals’ housing market behavior that
works through affecting those individuals’ beliefs about the attractive-
ness of housing investments. In follow-on work, Bailey et al. (2017) show
that the shifts in beliefs induced by friends’ house price experiences also
affect individuals’ mortgage leverage choice.
We view our paper as making two contributions. First, we highlight

that newly emerging data from online social networking services such
as Facebook can overcome the measurement challenges that have held
back empirical studies of the economic effects of social networks. In this
sense, we add to a recent literature that shows how large data sets collected
by online services can help economists understand issues such as house-
holds’ responses to income shocks (Baker 2018), credit card repayment
behavior (Kuchler 2013), the effect of labormobility on entrepreneurship
( Jeffers 2017), housing search behavior (Piazzesi, Schneider, and Stroebel
2017), and online pricing strategies (Einav et al. 2015). In related work,
Bailey et al. (2018) aggregate social network data from Facebook to pro-
duce a county-level “Social Connectedness Index” that can be shared with
other researchers. They use these data to document that other indicators
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of social and economic activity measured at the regional level, such as
trade flows, migration, and patent citations, are related to the degree of
social connectedness between regions.
Our second contribution is to use large-scale administrative social net-

work data from Facebook to document that social interactions play an
important role in shaping individuals’ housing market beliefs and invest-
ment behaviors. These empirical findings speak to a number of literatures.
First, we show that differences in friends’ house price experiences are

an important source of heterogeneity in individuals’ housing market ex-
pectations. This result contributes to a research effort analyzing how peo-
ple form expectations about economic outcomes. One popular explana-
tion is that such expectations depend on own experiences. For example,
Kuchler and Zafar (2015) show that past local house price changes influ-
ence individuals’ expectations of future national house price changes.
Recent personal experiences also affect expectations in other settings
(e.g., Vissing-Jorgensen 2003; Choi et al. 2009; Malmendier and Nagel
2011;GreenwoodandShleifer 2014).Weexpandon this literatureby show-
ing that individuals’ expectations are also influenced by the experiences of
their friends. These results suggest that differences in social networks can
help explain disagreement about asset values among investors. Our find-
ings also provide empirical support for theories in which communication
between agents propagates shocks to expectations, in particular in thehous-
ing market (e.g., DeMarzo, Vayanos, and Zwiebel 2003; Akerlof and Shil-
ler 2010; Acemoglu et al. 2011; Angeletos and La’O 2013; Shiller 2015;
Bayer et al. 2016; Burnside, Eichenbaum, and Rebelo 2016).
Our empirical analysis also documents that individuals with friends who

experienced more positive recent house price changes, and who thus be-
lieve that housing is a more attractive investment, actually do invest more
in real estate and are willing to paymore for a given house. These findings
provide support for an important class ofmodels inwhich expectationhet-
erogeneity influences asset valuations and motivates individuals to trade
(e.g., Miller 1977; Harrison and Kreps 1978; Hong and Stein 1999, 2007;
Scheinkman and Xiong 2003; Geanakoplos 2009; Simsek 2013). Most di-
rectly, our findings provide evidence for a number of papers that focus
on the role of heterogeneous expectations and shifts between optimism
and pessimism about future house price growth in causing price fluctua-
tions and trading volume in the housingmarket (e.g., Piazzesi and Schnei-
der 2009; Berger et al. 2017; Kaplan, Mitman, and Violante 2017; Land-
voigt 2017; Nathanson and Zwick 2017).
The paper proceeds as follows. Section I argues that data from online

social networking services such as Facebook can help researchers mea-
sure real-world friendship networks. We also document important fea-
tures of the Facebook social graph for the United States. Section II de-
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scribes our empirical approach for identifying a causal effect of a person’s
friends’ house price experiences on her own housing investment behav-
ior. Section III explores the relationship between the average house price
experiences in an individual’s social network and that individual’s hous-
ing market investments. Section IV investigates various mechanisms for
explaining the observed causal effect. Section V presents conclusions.
I. Measuring Social Networks Using Facebook Data
The key measurement challenge for the empirical literature studying so-
cial networks is the difficulty of observing, at a large scale, which individ-
uals are connected to each other. In this section, we show that data from
online social networking services such as Facebook andLinkedIn can over-
come this measurement challenge and can provide important insights
into the structure of social networks. We first discuss the problems with ex-
isting approaches to measuring social networks. We then introduce our
data on the Facebook social graph and highlight why we believe it provides
a realistic representation of real-world friendship networks. Finally, we ex-
plore important dimensions of US social networks as described by the
Facebook social graph.
A. Approaches to Measuring Social Networks
Traditionally, social scientists have collected data on the structure of real-
world social networksusing a rangeof survey techniques (seeMorris 2004).
There are a number of conceptual and practical challenges with such
survey-based approaches tomeasuring social networks. On the conceptual
side, it is well documented that the network structure measured through
surveys is sensitive to the exact method of elicitation (e.g., Kogovšek and
Ferligoj 2005). The practical challenge is that collecting social network
data via surveys is costly to scale. As a result, empirical analyses of real-
world social networks have often focused on studying a few publicly avail-
able data sets. Themost prominent of these is the “AddHealth”data from
the National Longitudinal Survey of Adolescent Health, which collected
information on the social networks among US high school students. Al-
ternatively, researchers have focused on social network data from devel-
oping countries, where the cost of collecting information on network
structure is less prohibitive (e.g., Alatas et al. 2016; Breza et al. 2017).
More recently, data obtained from online social networks such as Twit-

ter, Google1, and Facebook have provided researchers with opportuni-
ties to study the structures of larger-scale social networks (e.g., Ugander
et al. 2011; Magno et al. 2012; Shin et al. 2015). While some researchers
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have worked directly with administrative data from the social networking
services, most studies have relied on collecting data by mechanically
crawling the social networks’public sites.One problemwith data collected
through such crawling is that the probability of a particular node being ob-
served depends on the network characteristics of that node. For example,
nodes with fewer connections are less likely to be discovered, inducing sys-
tematic bias in the observed network structure. These biases highlight the
advantage of working directly with administrative data from the social net-
working services.
More generally, most of the progress in describing the structure of

online social networks has been made by researchers in the field of com-
puter science. Much less work has been done by researchers in the social
sciences who are as interested in the social and economic implications of
network structures as they are in the structures themselves. It is this audi-
ence that we have inmind when we describe the Facebook social graph in
Section I.C.
B. The Facebook Social Graph
Our data contain a de-identified snapshot of all US-based active Face-
book users from July 1, 2015. Facebook was created in 2004 as a college-
wide online social network for students tomaintain a profile and commu-
nicate with their friends. It has since grown to become the world’s largest
online social networking service, with over 1.9 billion monthly active
users globally and 234 million monthly active users in the United States
and Canada (Facebook 2017). For the users in our data, we observe de-
mographic information, such as their age, education, and county of res-
idence, as well as the set of other Facebook users they are connected to.
Using the language adopted by the Facebook community, we call these
connections “friends.” These data allow us to map out the “social graph”
of connections between all US-based Facebook users in our anonymized
snapshot.
There are two primary advantages of exploring the Facebook social

graph for researchers interested in understanding the economic effects
of social networks. Thefirst advantage is Facebook’s enormous scale, com-
bined with a user body that is comparatively representative of theUS pop-
ulation. Duggan and Page (2016) report that, as of April 2016, more than
68 percent of the US adult population and 79 percent of the US online
adult population used Facebook. They also report that, among US online
adults, Facebook usage rates were relatively constant across income groups,
education groups, racial groups, and urban, suburban, and rural individ-
uals. Usage rates among US online adults were somewhat declining in
age, from 88 percent of individuals aged 18–29 years to 62 percent of in-
dividuals older than 65 years. This high coverage and relative representa-
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tiveness of the US population are unique among online social networks.
According to Duggan and Page, the three next-largest online social net-
works, Instagram, Pinterest, and LinkedIn, have atmost 40 percent of the
US user base that Facebook does; their coverage also drops off much
more substantially with age.
The second advantage of Facebook data is that, in the United States,

Facebook primarily serves as a platform for real-world friends and ac-
quaintances to interact online (Hampton et al. 2011; Jones et al. 2013).
Establishing a friendship link on Facebook requires the consent of both
individuals, and there is an upper limit of 5,000 on the number of friends
a person can add. Duggan et al. (2015) surveyed Facebook users to char-
acterize their Facebook friendship networks: 93 percent of users said they
were Facebook friends with family members other than parents or chil-
dren; 91 percent said they were Facebook friends with current friends;
87 percent said they were connected to friends from the past, such as high
school or college classmates; 58 percent said they were connected to work
colleagues; 45 percent and 43 percent said they were Facebook friends
with their parents and children, respectively; and 36 percent said they
were Facebook friends with their neighbors. Only 39 percent of survey re-
spondents reported to have a Facebook connection to someone they had
never met in person. This close correspondence between the Facebook
social graph and real-world friendship networks sets it apart from other
online social networks, such as LinkedIn, which is more representative
of individuals’ professional networks, and Twitter, where unidirectional
links to individuals that are not real-world acquaintances are common.
C. Descriptive Statistics on US Social Networks
In this section, we explore the structure of the Facebook social graph. In
particular, we analyze the size and local clustering of individuals’ net-
works as well as patterns of assortativity and homophily. These network
characteristics have been described by Jackson, Rogers, and Zenou (2017,
52) as “particularly prominent, fundamental and provid[ing] essential in-
sight” for economists. We also analyze the geographic dispersion of US so-
cial networks.We use anonymized data on the full social graph amongUS-
based Facebook users as of July 1, 2015, to construct the individual-level
network measures. We then present summary statistics of these network
measures across individuals based on a 3 percent random sample of those
individuals for whom we observe a full set of demographics such as age,
education, and location.
The paper most closely related to this analysis, by Ugander et al. (2011),

also explores administrative data on the Facebook social graph. These re-
searchers focusedondocumenting features of the overall network, without
analyzing how characteristics of individuals’ positions in the network cor-
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relatewith individual-level demographics.We argue that these correlations
are interesting for a number of reasons. First, they provide useful informa-
tion for researchers attempting to understand andmodel the network for-
mation process. Second, policy makers wanting to target information to
individuals with particular network positions can use the demographic
characteristics of individuals to proxy for their usually unobservable net-
work characteristics. Third, as we highlight in the secondhalf of this paper,
understanding the heterogeneity in social network structure across indi-
viduals can provide researchers with empirical variation to identify the
causal effects of social interactions on economic and financial decision
making.
Degree Distribution
Anindividual’s degreecentrality, ordegree, captureshernumberof friend-
ship links. The average degree, as well as how it is distributed across indi-
viduals, influences how ideas, information, and new technologies spread
through a network. All else equal, diffusion is faster in denser networks
with more connections. In addition, holding the average degree fixed,
an increase in the variance of the degree centrality across individuals is
associated with “hub-and-spoke” networks in which a few highly connected
nodes play a particularly important role in the diffusion of information.
Jackson (2010) discusses the degree distributions that arise under two

prominent models of network formation. In one model, the probability
of a link forming between any pair of nodes is equal and independent.
This process generates “Poisson random graphs,” in which the degree
centrality is relatively evenly distributed across nodes. In a second model
of network formation, the probability of a given source node forming a
connection to a target node is increasing in the degree of the target node.
Such a process generates thick-tailed “scale-free” degree distributions in
which the frequency of a given degree is proportional to the degree raised
to a power.
We begin by analyzing the degree distribution in the Facebook social

graph. All reported measures of degree centrality are normalized by the
average degree in the sample. Table 1 shows substantial heterogeneity
in degree across individuals. At the 10th percentile of the distribution,
the degree centrality is 12 percent of its average value, and at the 90th per-
centile of the distribution, it is 2.23 times as large as the average degree
centrality. Panel A of figure 1 plots the log of the degree of a node against
the log of the frequency of nodes with that degree in the data. The degree
distribution in the Facebook social graph has thicker tails than a Poisson
random graph, but high-degree nodes are less common than they would
be under a scale-free distribution, which would generate a linear relation-
ship in the log-log space.
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We also explore which demographic characteristics are associated with
an individual’s degree. This allows us to consider the roles that various
demographic groups play in the diffusion of new ideas or technologies.
Table 1 shows that degree centrality is strongly decreasing in age, some-
what increasing in education levels, and relatively constant across individ-
uals living in urban and rural counties. While there is substantial hetero-
geneity in the average degree across age and education groups, this is not
the primary driver of the dispersion of the overall degree distribution: dif-
ferences in age explain only 8.6 percent of the across-individual variance
in degree, while differences in education explain about 1 percent, and
differences in urban/rural location explain essentially none of the vari-
ance.1
Local Clustering
We next explore the extent of local clustering of the friendship networks
in our data. The local clustering coefficient of person i measures, across
all individuals j and k that are friends with person i, the proportion of
TABLE 1
Summary Statistics on US Social Networks

Normalized

Degree Centrality

Local Clustering

Coefficient

Normalized

Unique Friends-
of-Friends

Mean P10 P50 P90 Mean P10 P50 P90 Mean

Full sample 1.00 .12 .62 2.23 .106 .038 .084 .196 1.00
Age:
18–34 1.33 .18 .91 2.83 .108 .037 .087 .203 1.35
35–55 .84 .13 .57 1.76 .094 .035 .075 .167 .83
551 .47 .07 .29 .98 .125 .045 .099 .228 .42

Education:
No college .86 .11 .51 1.88 .124 .043 .099 .232 .80
Some college 1 1.06 .13 .68 2.35 .100 .036 .079 .184 1.09

County of
residence:

Urban 1.00 .12 .62 2.23 .107 .037 .084 .199 1.01
Rural 1.02 .16 .70 2.19 .125 .050 .106 .220 .81
1 These numbers
dummy variables fo
“some college,” “som
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pairs that are connected to each other. The local clustering of individu-
als’ networks is of interest to economists for at least two reasons. First,
as highlighted by Jackson et al. (2017), having common friends can help
sustain social norms and cooperative behavior, for example, because in
more clustered networks, news of an individual’s undesirable behavior
more quickly reaches her friends. Second, clustered networks increase
the risk of “persuasion bias” or “correlation neglect” in social learning
(DeMarzo et al. 2003; Enke and Zimmermann 2017), whereby individu-
als fail to account for possible repetitions in the information they receive.
Specifically, individuals might ignore the fact that both their own beliefs
and the beliefs of their friend might be influenced by a third party to
whom they are both connected. This can make people’s beliefs and ac-
tions excessively sensitive to signals they receive through their social net-
work.
FIG. 1.—Summary statistics on the US social graph. The figure shows summary statistics
on the social graph among US-based Facebook users as of July 1, 2015. The full graph is
used to construct individual-level statistics, while summary statistics are based on a 3 per-
cent random sample of those individuals for whom we observe a full set of demographics.
Panel A shows the correlation between a node’s (normalized) degree centrality and the log
of the probability of observing a node with that (normalized) degree centrality. Panel B
shows the average clustering coefficient for nodes of varying normalized degrees. Panel C
shows the average normalized degree centrality of friends by the normalized degree central-
ity of the ownnode. Panel D describes the geographic concentration of friendship networks.
It shows, for various distances, percentiles of the cumulative distribution of individuals who
have at least this many friends living within the respective geographic distance.
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Table 1 shows substantial heterogeneity in the extent of local network
clustering across individuals. For the average person, the clustering coef-
ficient is 0.106 (suggesting that 10.6 percent of friend-pairs are them-
selves friends), but this ranges from 0.038 at the 10th percentile of the
distribution to 0.196 at the 90th percentile. The clustering coefficient
is U-shaped in age, with younger and older individuals having more clus-
tered networks than middle-aged individuals, despite the fact that youn-
ger people have the largest networks on average. Networks of rural indi-
viduals and individuals without any college attendance are somewhat
more clustered. On average, larger networks are less clustered (see panel B
of fig. 1), suggesting that friends of higher-degree nodes are less likely
to be friends with each other. Indeed, network size explains 22.6 percent
of the across-individual variation in local clustering, while age explains
7.4 percent, education explains 2.0 percent, and urban/rural location ex-
plains 0.2 percent.
More clustered networks mean that, for the same network size, indi-

viduals are exposed to fewer unique friends-of-friends and therefore to
fewer ideas and opportunities that might travel over several links. For ex-
ample, table 1 shows that urban individuals are connected tomore unique
friends-of-friends than rural individuals, despite the fact that they have
slightly smaller networks on average. This is in part explained by the lower
clustering of urban networks.
Assortativity and Mixing Patterns
An important aspect of social networks is the extent to which individuals
are friends with others who are similar to them along dimensions such as
the position in the network or demographic characteristics.
We first analyze such assortativity based on network characteristics. We

focus on the extent of “degree correlation,” which captures the tendency
of high-degree nodes to be connected to other high-degree nodes. This
network feature is important, since diffusion processes are usually faster
in networks with significant degree correlation (Barabási 2016). Panel C
of figure 1 plots the relationship between the degree of individuals and
the average degree of their friends.We observe significant positive degree
correlation: across the sample, the correlation of an individual’s own de-
gree and the average degree of her friends is 65 percent.While high-degree
nodes are generally connected to other high-degree nodes, most individ-
uals have friends who, on average, have more links than they do. This is a
manifestation of Feld’s (1991) paradox that “your friends have more
friends than you do.” Indeed, until individuals have substantially more
than 2.5 times the average degree (which is about the 95th percentile
of the distribution), their average friend has more friends than they do.
This content downloaded from 128.122.185.164 on November 21, 2018 12:54:36 PM
All use subject to University of Chicago Press Terms and Conditions (http://www.journals.uchicago.edu/t-and-c).



2238 journal of political economy

All
We also explore the extent to which individuals’ friendship networks
disproportionately include other individuals who are similar in terms of
demographic characteristics. McPherson, Smith-Lovin, and Cook (2001)
document that this type of “homophily” is a common feature across many
social networks, and it affects the extent to which individuals are exposed
to a diverse set of views through their friends. We find substantial assor-
tativity based on age: 78.9 percent of the friends of individuals aged be-
tween 18 and 34 are themselves between those ages (see table 2). Only
4.7 percent are above 55 years old. When we focus on individuals aged
above 55 years, we find the reverse pattern: 46.8 percent of their friends
are older than 55 years, while only 17.6 percent are younger than 35 years.
Similar homophily can be detected across education and rural/urban res-
idents, with evidence that individuals are, on average, more likely to be
friends with others who are similar to them on demographic characteris-
tics.
The Geographic Dimension of Social Networks
The last dimension of the social graph that we explore is the geographic
concentration of friendship links. The extent to which social networks
TABLE 2
Homophily in US Social Networks

Share of Friends by

Age Group (%)

Share of Friends

by Education

Group (%)

Share of Friends

by County of Res-

idence (%)

18–34 35–55 551
No

College
Some

College 1 Urban Rural

Full sample 48.9 34.9 16.2 27.1 72.9 93.5 6.5
Age:
18–34 78.9 16.3 4.7 28.1 71.9 94.0 6.0
35–55 25.9 58.5 15.6 26.4 73.6 93.3 6.7
551 17.6 35.6 46.8 26.1 73.9 92.5 7.5

Education:
No college 49.1 34.4 16.3 35.9 64.1 92.1 7.9
Some college 48.9 35.1 16.1 23.3 76.7 94.1 5.9

County of residence:
Urban 49.2 34.8 16.0 26.7 73.3 96.0 4.0
Rural 45.7 35.9 18.3 33.1 66.9 56.2 43.8
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are geographically concentrated affects a number of important outcomes,
such as whether social networks can provide insurance against regional
shocks.
Table 3 shows that the average individual has friends in over 70 differ-

ent counties. Despite this relatively large number of counties with at least
one friend, the average individual has 34.7 percent of friends living in the
same county and 63.3 percent of friends living in the same state. When
measured in geographic distances, the average person has 52.7 percent
of friends living within 50 miles and 67.4 percent of friends living within
200 miles. There is substantial heterogeneity in these numbers: panel D
of figure 1 shows percentiles of the cumulative distribution of friends liv-
ing at ranges up to 1,000miles. Some of this heterogeneity is driven by dif-
ferences in the geographic concentration of friendship networks across
demographic groups, witholder andmore educatedusers having less geo-
graphically concentrated networks. For example, the share of friends
living within 200 miles falls from 69.6 percent for individuals aged 18–
34 years to 62.6 percent for individuals aged 55 years and older. While ur-
ban individuals have slightly more of their friends living within 50 miles
than rural individuals (52.8 percent vs. 51.7 percent), they have fewer
friends living within 200 miles (67.1 percent vs. 72.8 percent). Overall, age
and education each explain about 2.5 percent of the across-individual
variation in the share of friends living within 200miles, while rural/urban
location explains about 0.3 percent.
TABLE 3
Geographic Distribution of US Social Networks

Number of

Counties

Share of Friends Living Within (%)

Own
County

Own
State

50
Miles

200
Miles

500
Miles

Full sample 70.5 34.7 63.3 52.7 67.4 77.4
Age:
18–34 81.6 37.1 65.8 54.3 69.6 79.4
35–55 67.3 33.8 62.6 53.1 67.1 76.9
551 48.7 30.4 58.4 47.9 62.6 73.2

Education:
No college 57.6 39.4 68.0 58.3 71.9 80.7
Some college 76.2 32.7 61.3 50.3 65.5 76.0

County of residence:
Urban 70.2 35.0 63.0 52.8 67.1 77.0
Rural 75.1 30.1 68.0 51.7 72.8 83.4
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Table 4 explores how the geographic concentration of social networks
varies across different regions in the United States. There is substantial
heterogeneity across counties in the share of friends who live nearby. At
the 5th percentile of the distribution, the median person in a county has
31.2 percent of friends living within 50 miles; at the 95th percentile, this
number is 72.6 percent. There is similar heterogeneity across counties in
the share of friends living within 200 miles, with a 5–95 percentile range
of 48.5–86.5 percent. Panel A of figure 2 plots the share of friends living
within 200 miles for the median person living in each county in the con-
tinental United States. Social networks are most geographically concen-
trated in the South, theMidwest, and Appalachia. In fact, the 12 counties
with the most concentrated networks are all in Kentucky. On the other
hand, social networks in the sparsely populated parts of the noncoastal
western United States are the least geographically concentrated. The ex-
ception is Utah, which has fairly geographically concentrated social net-
works.
We next analyze how the geographic concentration of the social net-

works of a county’s population correlates with county-level demograph-
ics. Panels B and C of figure 2 show county-level binned scatter plots of
the relationship between the share of friends of the median person in a
county who lives within 200 miles and two county-level demographic mea-
TABLE 4
Geographic Distribution of US Social Networks: County-Level Heterogeneity

Share of Friends Living

within 50 Miles (%)
Share of Friends Living

within 200 Miles (%)

Median
Person

95–5
Range

75–25
Range

Median
Person

95–5
Range

75–25
Range

Mean 55.4 73.5 34.5 72.5 70.7 28.0
P5 31.2 62.4 22.9 48.5 51.2 13.9
P10 37.9 65.7 25.3 56.0 55.4 15.1
P25 46.3 70.9 30.1 68.0 63.0 18.4
P50 57.7 74.2 33.9 75.1 73.7 27.1
P75 65.4 77.2 39.4 80.7 78.5 37.3
P90 69.9 80.7 43.1 84.5 81.3 43.6
P95 72.6 81.8 45.5 86.5 82.7 46.6
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sures from the 2010 5-year wave of the American Community Survey: the
share of individuals with at most a high school diploma and the median
household income. Consistent with the individual-level patterns, counties
with higher education levels and higher incomes have less geographically
concentrated friendship networks.
While there is significant across-county variation in the geographic

structure of social networks, there remains substantial within-county var-
iation. Table 4 shows the across-county distribution of the within-county
interquartile range of the share of friends living within 200 miles. For the
average county, this interquartile range is 28 percent. Even for counties
with relatively homogeneous social networks, there is substantial varia-
tion in the geographic dispersion of the residents’ social networks.
FIG. 2.—Geographic concentration of US social networks—county level. The figure
shows summary statistics on the social graph among US-based Facebook users as of July 1,
2015. The full graph is used to construct node-level statistics, while summary statistics are
based on a 3 percent random sample of those nodes for which we observe a full set of de-
mographics. Panel A shows a heat map of the share of friends living within 200miles for the
median person living in each county. Panels B and C show county-level binned scatter plots
(50 bins) of the relationship between the share of friends of the median person living within
200miles on the vertical axes and the share of population with atmost a high school diploma
and the median household income in US dollars, respectively, on the horizontal axes. The
demographic measures come from the 2010 5-year estimates of the American Community
Survey.
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Key Takeaways
In this section, we analyzed a number of important characteristics of the
friendship networks of US Facebook users. While there are systematic
patterns in how the network structure varies with individual demographic
characteristics, substantial heterogeneity in network characteristics re-
mains within demographic groups. As we show next, this heterogeneity
can provide researchers with interesting variation to explore the eco-
nomic effects of social networks.
II. Social Networks and Housing Markets:
Research Design and Data
In the previous section, we argued that the increasing availability of data
from online social networking services substantially expands the poten-
tial for empirical research on the economic effects of social networks. In
the remainder of the paper, we substantiate this point by using data from
Facebook to explore the role of social interactions in influencing indi-
viduals’ housing investment decisions. We begin by describing our em-
pirical strategy for isolating a causal effect of the house price experiences
of an individual’s friends on her housing market investments.
Our baseline specifications are regressions of individual i’s housing

investment decisions at time t2 on measures of the average house price
experience within that individual’s social network between t1 and t2,
FriendHPExpN

i,t1,t2 .
2 We control for individual i’s demographics as well as

location� time fixed effects, represented by Xi,t2 . This allows us to isolate
the effects of friends’ house price experiences on the housing investment
decisions of otherwise similar individuals at the same point in time:

HousingInvestmenti,t2 5 bFriendHPExpN
i,t1,t2 1 gXi,t2 1 ei,t2 : (1)

To measure the house price experiences of a person’s friends, we com-
bine data on the county of residence of her friends with county-level
house price indices from Zillow. Let ShareFriendsi,N,c be the share of per-
son i’s Facebook friends in network N who live in county c. Similarly, let
DHPc,t1,t2 capture the house price changes in county c between t1 and t2.
We then construct our primary explanatory variable as

FriendHPExpN
i,t1,t2 5 o

c

ShareFriendsi,N ,c � DHPc,t1,t2 : (2)
2 In this paper, we focus on the effects of the average house price experiences of a per-
son’s friends. However, other moments of the distribution of friends’ house price experi-
ences might also matter. Indeed, Bailey et al. (2017) show that individuals’ house price ex-
pectations and mortgage leverage choices are affected by both the first and the second
moments of the distribution of house price experiences across their friends.
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This measure of friends’ house price experiences can be constructed for
different networks N of individual i. The broadest such network includes
all of her Facebook friends, but other subnetworks might include, for ex-
ample, her out-of-commuting-zone friends or her work friends.3

In order to interpret estimates of b in regression (1) as the causal effect
of friends’ house price experiences, we rule out potential alternative,
noncausal channels that might also induce a correlation between a per-
son’s housing market investments and her friends’ house price experi-
ences.
A first concern is that FriendHPExp might be correlated with an indi-

vidual’s own house price experiences or her own past capital gains, both
of which could directly affect her housing investment decisions. In partic-
ular, since most people have many local friends, shocks to local house
prices will shift FriendHPExp, with larger shifts for people with a larger
share of local friends. Therefore, any confounding effect of past local house
pricemovements on housing investments that is stronger for people with
a larger share of local friends would affect our interpretation of b. For ex-
ample, suppose that people who have lived in Los Angeles for longer
both have more friends in Los Angeles and are more likely to extrapolate
fromLos Angeles house prices when forming their expectations about fu-
ture house price growth. This could induce a correlation between a per-
son’s housing market investments and FriendHPExp that is not due to
social interactions. Similarly, imagine that a person who has lived in Los
Angeles for longer is more likely to already own a house there. In that
case, higher Los Angeles house price growth can have a stronger effect
on this person’s housing market investments both because her larger lo-
cal network has experienced bigger house price increases and because
she has larger past capital gains on her existing home. If we cannot con-
trol for such past capital gains, we would erroneously attribute all ob-
served effects to social interactions.
To address this challenge, we estimate regression (1) using an instru-

mental variables (IV) strategy, where we instrument for the house price
experiences of all of a person’s friends with the house price experiences
of only her geographically distant friends. In the baseline specifications,
we use the house price experiences of her out-of-commuting-zone friends
3 Our measure of friends’ house price experiences treats each friendship link in a given
network N identically. Weighting different friends by their tie strength does not systemat-
ically affect our results since the geographic distributions of strong and weak ties are usu-
ally similar. Since we observe only one snapshot of the Facebook social graph, we cannot
exploit time-series variation in an individual’s social network. Thus FriendHPExpi,t1 ,t2 mea-
sures the house price experiences between t1 and t2 of person i’s social network as of the
date of the snapshot, July 1, 2015. The interpretation of our empirical estimates thus re-
quires that the counties that an individual was exposed to through her friends in 2015 pro-
vide an unbiased estimate of the counties that she was exposed to at the time we measure
her housing investment behavior.
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as the instrument, but we also show robustness to using her out-of-state
friends’ experiences. The first and second stages of this IV regression, re-
spectively, are given by

FriendHPExpAll
i,t1,t2 5 bFSFriendHPExpOutCZ

i,t1,t2 1 dXi,t2 1 εi,t2 (3)

and

HousingInvestmenti,t2 5 bIV
dFriendHPExpAll

i,t1,t2 1 gXi,t2 1 ei,t2 : (4)

The instrument has F-statistics above 1,500 across all first-stage regres-
sions. The reason is that the construction of the instrumented variable
directly builds on the instrument

FriendHPExpAll
i,t1,t2 5 ShareFriendsCZi � DHPCZ,t1,t2

1 ð1 2 ShareFriendsCZiÞ � FriendHPExpOutCZ
i,t1,t2 :

Indeed, if all people had the same share of local friends, the first-stage
regression with county � time fixed effects would have an R2 of 1. The
second-stage regression includes a predicteddFriendHPExpAll

i,t1,t2 that can
be thought of as generated under the assumption that all people have
the same share of local friends. Our estimates of bIV are therefore iden-
tified only by variation in FriendHPExpAll

i,t1,t2 that is independent of
individual-specific variation in the share of local friends. We can thus rule
out concerns that our estimates are confounded by any channel that
would induce individuals with more local friends to react more to past lo-
cal house price changes for reasons other than social interactions.4

Even with this IV research design, a further concern relates to people
who recently moved to their current commuting zone from geographi-
cally distant parts of the country where they have many friends. For these
people, there might still be a strong correlation between their own house
price experiences and capital gains and the house price experience of
their friends who live outside of their current commuting zone. To rule
4 We choose to interpret estimates from the second-stage IV regression (4) rather than
from the reduced-form regression that directly includes FriendHPExpOutCZ

i,t1 ,t2 in regression
(1). The reason is that we find the interpretation of the magnitude of the IV estimates to
be more natural. In the reduced-form specification, the magnitude of b will be similar to
the magnitude of bIV scaled by the average share of out-of-commuting-zone friends. These
reduced-form estimates would capture the average effect of the house price experiences of
only the out-of-commuting-zone friends on the outcome of interest. One assumption in our
interpretation of bIV is that the effect of friends’ house price experiences on own housing
investments, through social interactions, is similar for geographically close and distant
friends. There is some evidence that this is indeed a valid assumption, since our results do
not depend on whether we use out-of-commuting-zone friends’ or out-of-state friends’ expe-
riences as the instrument. However, if one were instead to expect a larger reaction to the ex-
periences of geographically close friends, the magnitude of bIV would understate the effect of
the response to the house price experiences of all friends.
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out such concerns, we verify that our results are robust to excluding re-
cent movers from our regressions.
We also consider whether the nonrandom variation in individuals’ geo-

graphically distant social networks documented in Section I.C poses a
challenge to our causal interpretation of b in regression (4). A first im-
portant observation is that our identification does not require that indi-
viduals’ social networks do not systematically vary with those individuals’
observed and unobserved characteristics. For example, it is not necessar-
ily a problem that people with graduate degrees are more likely to have
friends in Boston and are more likely to buy a house. The reason is that
our dependent variable is driven by where in the United States people
have friends interacted with how house prices in these areas change in
a given year. Since house price growth in Boston is sometimes above and
sometimes below the US average, the same individual’s social network will
sometimes experience above-average and sometimes below-average house
price changes. By comparing the housing investment behavior of individ-
uals with friends in Boston across different years, we can thus remove the
effect of any time-invariant individual-level determinants of housing in-
vestments that are correlated with having friends in Boston. Indeed, we
document below that the variation in the average house price experiences
across different individuals’ friends is unrelated to observed or unob-
served fixed characteristics of those individuals. Consistent with this, our
estimates are unchanged in those empirical specifications in which we in-
clude individual fixed effects and thus exploit only within-individual across-
time variation in friends’ house price experiences.
A second, more subtle concern with our causal interpretation is that

shocks to a person’s desire or ability to buy a house in a given year might
vary systematically with the house price movements in that year in those
geographically distant areas where this person has friends. This challenge
is weaker than that faced by the peer effects literature, which has to ad-
dress concerns about common unobserved shocks to individuals and
their friends. For example, in our setting it is not problematic that people
and their friends have children around similar times and therefore also
buy houses around similar times. The reason is that FriendHPExp does
not depend on the housing market decisions of an individual’s friends.
Instead, it is driven only by the house price changes in the counties where
those friends live. Therefore, challenges to our identification have to
come from shocks that not only affect an individual’s own housing mar-
ket decisions but also move equilibrium house prices in geographically
distant counties where that individual has friends.
We were able to identify one such potential challenge to our interpre-

tation coming from individuals working in professions or industries that
feature significant geographic clustering. Suppose that people who work
in the tech sector havemore friends in Silicon Valley. During tech booms,
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tech employees in Los Angeles might havemore resources to buy a house,
and the increase in housing demand by the many tech employees in Sili-
con Valley drives up house prices there. Without controlling for year �
tech sector fixed effects, one might falsely attribute large housing invest-
ments by Los Angeles–based tech employees in those years to social inter-
actions. We address this challenge using three complementary strategies.
First, we estimate specifications that include year-specific controls for a rich
set of observable individual characteristics. These interacted controls have
no effect on our estimates of b, suggesting that year-specific shocks to dif-
ferent demographic groups that correlate with house price changes in their
geographically distant social networks are not driving our results. Sec-
ond, we show that our results are robust to focusing on the sample of in-
dividuals who are retired or work in geographically nonclustered profes-
sions (e.g., teachers and legal professionals). Third, to further address
concerns about possible confounding effects from income shocks to con-
nected counties, we present specifications that control for friend-weighted
income changes over the past 24 months, as measured by changes in the
gross income per capita from the Internal Revenue Service Tax Statistics
of Income. We show that this additional control does not significantly af-
fect our estimated response of housing investment behavior to friends’
house price changes. Jointly, these robustness checks suggest that our es-
timates are not driven by changes to the economic conditions of an indi-
vidual’s friends, which may correlate with both this individual’s own be-
havior and her friends’ house price experiences.
III. Social Networks and Housing Markets: Evidence
We next use the empirical strategy described above to show that the house
price experiences within an individual’s social networks have a causal ef-
fect on her housing investment decisions. We first document an effect of
friends’house price experiences on the extensivemargin decision to be a
homeowner or a renter. We also show that the intensive margin of an in-
dividual’s housing investment—the square footage of the home bought—
as well as the transaction price are positively affected by higher house price
experiences in her social network.
A. Social Networks and Housing Markets:
Extensive Margin Analysis

Housing Data
To measure housing investment activity at the individual level, we intro-
duce data from two snapshots of Acxiom InfoBase, one from 2010 and
one from 2012. These data are maintained by Acxiom, a marketing ser-
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vices company, and contain a range of individual-level information com-
piled from a large number of sources (e.g., public records, surveys, and
warranty registrations). The data include details on demographics (e.g.,
age, marital status, education, occupation, income), household size, and
home ownership status. For current homeowners, the data also contain in-
formation from public deeds records on the housing transaction that led
to the current home ownership spell (e.g., transaction date and price), as
well as property details from public assessor records (e.g., property and lot
size).
Sample Description and Summary Statistics
Wemerge the Facebook and Acxiomdata through a unique, anonymized
link based on common characteristics in both data sets.5 Since the hous-
ing transaction deeds are originally recorded at the county level, we focus
our empirical analysis on understanding the housing market behavior of
the residents of Los Angeles County, the largest US county by population.
This ensures that our analysis is not affected by inconsistent recording of
data across counties. Our final sample consists of an anonymized panel of
about 1.4 million Facebook users who lived in Los Angeles County in
2010 and whom we can match across the 2010 and 2012 Acxiom snap-
shots.6 Below, we exploit the panel structure of this data set to analyze
how the 2010–12 transition probability between renting and owning is af-
fected by the individuals’ friends’ house price experiences between 2008
and 2010. We therefore call this sample the “change-of-tenure sample.”
Table 5 contains summary statistics on this sample; additional summary

statistics are provided in the appendix (available online). In 2010, the av-
erage person was 41 years old and had a household income of almost
$70,000. About 29.5 percent of the individuals were renters in 2010; by
2012, 17.8 percent of these 2010 renters had bought a home. Of the
70.5 percent of people who owned their home in 2010, 93.5 percent con-
tinued to own their home in 2012. The average person has 304 US-based
friends. This number of friends ranges from 35 to 943 between the 5th
and the 95th percentile of the distribution.
Figure 3 shows a heat map of the geographic distribution of the aggre-

gated social networks of all individuals in the sample. Consistent with the
5 Linking the housing data to the friendship network involved a scrambled merge-key
based on common characteristics. Fifty-three percent of merges relied on email address.
Other characteristics were full date of birth (51 percent) or year-month of date of birth
(28 percent), last name (45 percent) and first name (84 percent), location at the level
of zip code (44 percent), county (37 percent), core-based statistical area (8 percent),
and telephone number (2 percent). Most matches are based on multiple characteristics.

6 We drop the 17 percent of individuals with fewer than 10 out-of-commuting-zone
friends, for whom the measure of friends’ geographically distant house price experience
is noisy; however, our results are robust to variation in this cutoff.
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TABLE 5
Summary Statistics: Change-of-Tenure Sample

Mean
Standard
Deviation P5 P25 P50 P75 P95

Number of friends 304 406 35 90 184 358 943
Number of counties with friends 55.5 59.9 13 22 37 67 151
Share of friends living within (%):
Los Angeles commuting zone 62.9 19.8 22.4 51.4 67.9 78.2 87.1
California 70.4 19.2 28.7 61.8 76.4 84.3 91.0
200 miles 65.5 19.9 23.9 54.6 70.9 80.5 88.6
500 miles 74.7 19.3 32.2 66.7 81.1 88.6 94.5
1,000 miles 79.1 18.2 38.0 73.1 85.7 91.6 96.2

Share of out-of-commuting-zone
friends by census division (%):

Pacific 32.4 18.6 5.7 17.8 30.9 44.7 66.7
Mountain 20.1 14.8 2.5 8.5 17.0 28.6 48.5
West North Central 3.4 6.6 .0 .0 1.8 4.1 11.8
East North Central 7.3 10.3 .0 1.9 4.6 8.3 25.0
Mid-Atlantic 9.2 12.1 .0 1.5 5.5 11.8 34.3
New England 2.8 6.0 .0 .0 1.1 3.4 10.0
West South Central 10.3 10.6 .0 4.0 7.6 13.2 29.2
East South Central 2.3 4.7 .0 .0 1.0 3.0 8.3
South Atlantic 12.0 11.2 .0 5.3 9.3 15.4 32.3

D friend house prices:
2008–10 (%):

All friends 27.1 1.8 210.1 27.7 26.8 26.1 25.2
Out-of-commuting-zone friends 210.3 3.4 216.3 212.3 210.1 28.1 25.2
Out-of-state friends 211.5 4.1 218.7 214.0 211.2 28.9 25.2

D friend house prices:
2010–12 (%):

All friends 4.3 1.4 2.1 3.9 4.4 4.9 6.1
Out-of-commuting-zone friends 4.6 2.4 .7 3.3 4.6 5.8 8.1
Out-of-state friends 4.0 2.7 2.2 2.5 4.0 5.4 8.1

Income 2010 ($1,000s) 69.9 41.5 10 35 63 88 150
Income change 2010–12 ($1,000s) .71 23.1 235 0 0 0 38
Household size 2010 3.02 1.74 1 2 3 4 6
Household size change 2010–12 2.10 1.26 22 0 0 0 2
Age 2010 41.0 15.1 20 31 41 51 66
Home ownership development,

2010–12:
Stayed renter .24 .43 0 0 0 0 1
Became homeowner .05 .22 0 0 0 0 1
Stayed homeowner .66 .47 0 0 1 1 1
Became renter .05 .21 0 0 0 0 0

Family structure development,
2010–12:

Stayed single .42 .49 0 0 0 1 1
Got married .06 .24 0 0 0 0 1
Stayed married .47 .50 0 0 0 1 1
Got divorced .06 .23 0 0 0 0 1

Education 2010:
Has high school .47 .50 0 0 0 1 1
Has college degree .37 .48 0 0 0 1 1
Has graduate degree .15 .36 0 0 0 0 1
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show the mean, standard deviation, and percentiles of the distribution.
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findings from the US-wide social graph explored in Section I.C, a signif-
icant fraction of friendship links are to geographically close individuals.
Indeed, table 5 shows that the average person in our sample has 62.9 per-
cent of her friends within the Los Angeles commuting zone and 65.5 per-
cent of her friends living within 200 miles. Despite this relative clustering
of friends near Los Angeles, the average person has friends in more than
55 different US counties. There is substantial heterogeneity in where dif-
ferent individuals have these friends. For example, panels A, B, and C of
figure 4 map the social networks for three different individuals in our
sample whose out-of-commuting-zone friends are clustered around Min-
nesota, North Carolina, and Utah, respectively. Similarly, table 5 shows
that while the average person in our sample has 32.4 percent of her out-
of-commuting-zone US friends living in the Pacific census division (com-
prising Alaska, California, Hawaii, Oregon, and Washington), this num-
ber ranges from 5.7 percent to 66.7 percent between the 5th and the
95th percentiles of the distribution. It is this across-individual heteroge-
neity in the location of geographically distant friends, combined with
differences in house price movements across the United States, that is
the key driver of variation in friends’ house price experiences.
Indeed, while the average person in our sample has friends who expe-

rienced a 7.1 percent house price decline between December 2008 and
December 2010, this number ranges between210.1percent and25.2 per-
cent from the 5th to the 95th percentiles of the distribution. The 5–95 per-
centile range of out-of-commuting-zone friends’ house price experiences
is even larger, ranging from216.3 percent to25.2 percent. Panels A and
B of figure 5 plot the full distribution of friends’ house price experiences
separately for all friends and out-of-commuting-zone friends, respectively.
FIG. 3.—Share of friendship links of Los Angeles residents. The figure shows the abso-
lute share of US-based friends of individuals in the change-of-tenure sample who live in
each county. The change-of-tenure sample consists of Facebook users who lived in Los An-
geles County in 2010 and whom we can match across the 2010 and 2012 Acxiom snapshots.
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FIG. 4.—Examples of individual-level friend distributions. The figure shows the geo-
graphic distribution of the friends of three Facebook users living as renters in Los Angeles
County in 2010. Panel A shows an individual with disproportionately many friends clus-
tered in Minnesota. Panel B shows an individual with disproportionately many friends clus-
tered in North Carolina. Panel C shows an individual with disproportionately many friends
clustered in Utah.
This content downloaded from 128.122.185.164 on November 21, 2018 12:54:36 PM
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Our empirical approach exploits this variation in friends’ house price
experiences to document a causal role of social interactions in shap-
ing housing investment behavior. A key assumption behind our causal
interpretation is that no individual’s social network consistently experiences
an above-average or below-average house price appreciation. To verify this,
we calculate, for each individual in our sample and each year between 1993
and 2012, the house price experiences in that individual’s social network
over the previous 12 months. We then regress these individual-year obser-
vations on individual fixed effects. This regression yields an R 2 of about
0.1 percent. This confirms that, on average, the variation in the house
FIG. 5.—Distribution of friends’ house price experiences. Panels A and B show the dis-
tribution of the average house price experiences between 2008 and 2010 of the friends of
individuals in the change-of-tenure sample, which consists of Facebook users who lived in
Los Angeles County in 2010 and whom we can match across the 2010 and 2012 Acxiom
snapshots. Panel A focuses on the experiences of all friends. Panel B focuses on the expe-
riences of out-of-commuting-zone friends. Panels C and D show the distribution of the av-
erage house price experiences of the friends of the buyers in the transaction sample in the
24 months prior to the transaction. The transaction sample consists of all housing transac-
tions by Facebook users in Los Angeles County between 1993 and 2012 that led to a home
ownership spell that was still ongoing as of the 2010 or 2012 Acxiom snapshots. Since this
pools across transactions in different years, all friend experiences are shown conditional on
a quarter-of-transaction fixed effect. Panel C focuses on the experiences of all friends and
panel D on the experiences of out-of-commuting-zone friends. The bucket size in all panels
is 0.25 percentage points.
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price experiences across different individuals’ friends is unrelated to ob-
served or unobserved fixed characteristics of those individuals.
Extensive Margin Results
We first focus on the Los Angeles–based renters in 2010 in the change-of-
tenure sample. Regression (5) considers whether their propensity to be-
come a homeowner by 2012 is affected by the house price experiences of
their friends between 2008 and 2010:

1Owneri,2012 5 a 1 bFriendHPExpAll
i,2008,2010 1 gXi,2010 1 qDXi,2010,2012

1 wzip2010,zip2012
1 ei:

(5)

The dependent variable is an indicator of whether individual i is a home-
owner in 2012. We control for paired 2010 � 2012 zip code fixed effects
(e.g., an indicator variable for all individuals who lived in zip code 90001
in 2010 and in zip code 90005 in 2012), which allows us to isolate the de-
cision of where to live from the decision of whether to buy a house. We
also control for the 2010 demographics of individual i, Xi,2010, and changes
in these demographics between 2010 and 2012, DXi,2010,2012. Our controls
also include information on the size of the individuals’ Facebook networks,
such as the number of friends, the number of out-of-commuting-zone
friends, and the number of counties in which they have at least one friend.
As described in Section II, to help us isolate the causal effect of friends’ house
price experiences, we use the house price experiences of friends who live
outside the Los Angeles commuting zone to instrument for the house price
experiences of all friends.
Panel A of table 6 shows results from regression (5).7 The estimate of b

in column 1 suggests that every percentage point increase in the house
price experiences of an individual’s friends increases her probability of
becoming a homeowner by 2012 by about 0.6 percentage points, relative
to a baseline transition probability of 17.8 percent. A one standard devi-
ation increase in the house price appreciation experienced by a person’s
friends between 2008 and 2010 thus increases the probability of buying a
home over the next 2 years by 1.2 percentage points. This is about 18 per-
cent of the magnitude of the effect of adding a family member.
While the wzip2010,zip2012

fixed effects help us to separate the choice of loca-
tion from the choice of owning or renting, in column 2 we restrict our
analysis to individuals who lived in the same zip code in 2010 and 2012
and for whom moving to a different part of Los Angeles thus was not a
7 For readability, we suppress the coefficients on all the control variables in table 6 and
other tables in the main body of the paper. The appendix presents all coefficients on con-
trol variables from the main specifications in these tables.
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TABLE 6
Effects on Probability of Home Ownership

Dependent Variable: Pr(Owner in 2012)

(1) (2) (3) (4) (5)

A. 2010 Renters

D friend house prices,
2008–10 (%) .608*** .511*** .501*** .544*** .672***

(.042) (.044) (.169) (.043) (.043)
D friend county income,
2008–10 (%) .332***

(.033)
D friend house prices,
2010–12 (%) .324***

(.044)
Zip 2010 � zip 2012
fixed effects Yes Yes Yes Yes Yes

Controls Yes Yes Yes Yes Yes
Sample restriction Stayed in

same zip
code

Geographically
nonclustered
professions

Observations 433,836 302,686 433,836 433,836 433,836
R2 .43 .13 .43 .43 .43
Mean dependent variable 17.8 10.3 17.8 17.8 17.8

B. 2010 Owners

D friend house prices,
2008–10 (%) .201*** .092*** .088*** .190*** .221***

(.015) (.013) (.032) (.016) (.016)
D friend county income
2008–10 (%) .049***

(.011)
D friend house prices,
2010–12 (%) .095***

(.016)
Zip 2010 � zip 2012
fixed effects Yes Yes Yes Yes Yes

Controls Yes Yes Yes Yes Yes
Sample restriction Stayed in

same zip
code

Geographically
nonclustered
professions

Observations 1,035,523 892,250 1,035,523 1,035,523 1,035,523
R2 .56 .14 .56 .56 .56
Mean dependent variable 93.5 98.1 93.5 93.5 93.5
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Note.—The table shows results from regression (5). The sample consists of Facebookusers
who lived in Los Angeles County in 2010 and whom we can match across the 2010 and 2012
Acxiom snapshots (the “change-of-tenure sample”). The dependent variable is an indicator
capturing whether the individual is a homeowner in 2012. Panel A focuses on individuals
who were renting in 2010 and panel B on individuals who were owning in 2010. All specifica-
tions control for 2010 and 2012 zip code–pair fixed effects, as well as demographic character-
istics of the individuals; coefficients on the control variables are presented in the appendix.
Thehousepriceexperiencesof all friends are instrumented for by thehousepriceexperiences
of out-of-commuting-zone friends. Column 2 shows results for individuals who stayed in the
same zip code. Column 3 exploits variation in friends’ house price experiences only among
individuals who are retired or work in geographically nonclustered professions. Column 4
adds the average income changes in friends’ counties between 2008 and 2010 as a separate
control. Column 5 adds friends’ house price experiences between 2010 and 2012 as a separate
control. Standard errors are clustered at the 2010 zip code level.
* Significant at p < .10.
** Significant at p < .05.
*** Significant at p < .01.
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driver of ownership change. The average probability of transitioning from
renting to owning is somewhat lower in this sample, at 10.3 percent. The
estimated effect of friends’ house price experiences on the probability of
buying a home is only marginally smaller than in the full sample.
The specifications in columns 3 and 4 of table 6 address concerns that

our results could be driven by common shocks to individuals and their
friends that are large enough tomove aggregatehouseprices in those geo-
graphically distant regions where these friends live. Column 3 exploits
variation in friends’ house price experiences only among individuals
who either are retired or work in geographically nonclustered profes-
sions. The estimated effect of friends’house price experiences is onlymar-
ginally smaller.8 In column 4, we directly control for the recent income
changes in the counties where the individual has friends. A 1 percentage
point higher average income growth among a renter’s friends is associated
with a 0.33 percentage point higher probability of buying a house over the
next 2 years. This could, for example, be picking up an effect of people
working in professions that are disproportionately prevalent in counties
where they have friends. Importantly for us, the estimated effect of friends’
house price experiences on the purchasing decision is nearly unchanged.9

These findings suggest that our results are not driven by unobserved in-
come shocks.
So far, we have focused on the effects of friends’house price experiences

between 2008 and 2010 on a 2010 renter’s decision of whether to buy a
house by 2012. However, friends’ house price experiences between 2010
and 2012 might also affect the decision to buy a house by 2012. In col-
umn 5, we therefore present results from a regression that also controls
for these experiences. A 1 percentagepoint higherhouse price experience
of an individual’s friends between 2010 and 2012 indeed further increases
the likelihood of that individual becoming a homeowner by 2012 by about
0.32 percentage points. The effect of friends’ house price experiences be-
tween 2008 and 2010 is unaffected.
We now turn to the extensive margin decisions of 2010 homeowners.

Specifically, panel B of table 6 explores how friends’ house price experi-
ences affect the probability that 2010 homeowners sell their home by
2012. Only about 6 percent of 2010 homeowners become renters by 2012.
The results suggest that homeowners whose friends experienced particu-
8 In this specification, we add an indicator that is equal to one for all professions not
identified as geographically nonclustered and set FriendHPExp equal to zero for these in-
dividuals. This allows us to exploit variation in FriendHPExp coming only from individuals
in geographically nonclustered professions, while using the full sample to estimate the ef-
fect of the control variables and fixed effects.

9 The correlation of average house price growth and average income growth between
2008 and 2010 across the social networks in our sample is 37 percent. This shows that there
is substantial variation that allows us to separately identify the effect of house price changes
and income changes in the geographies where an individual has friends.
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larly large house price declines are more likely to sell their house. For
2010 homeowners, themagnitude of the effect of friends’ house price ex-
periences on the probability of owning a home in 2012 is a quarter to a
third of the magnitude for 2010 renters.
B. Social Networks and Housing Markets:
Transaction Analysis

Sample Description and Summary Statistics
In addition to analyzing the probability of individuals transitioning be-
tween renting and owning across the 2010 and 2012 Acxiom snapshots,
we investigate how other dimensions of their housing investment deci-
sions are affected by their friends’ house price experiences. To do this,
we use the fact that we observe information on all housing transactions
since 1993 that led to an ownership spell that was ongoing as of either
Acxiom snapshot. We can match more than 520,000 of such housing
transactions in Los Angeles county to the social networks of the respec-
tive home buyers. We refer to this sample of transactions as the “transac-
tion sample.”
Table 7 provides summary statistics on the transactions and home buy-

ers in the transaction sample; the appendix provides additional summary
statistics. The average transaction price was $403,344, and the average
loan-to-value ratio at originationwas about 85percent.10 The averageprop-
erty size was 1,775 square feet. The average home buyer was 35 years old
at the time of the transaction and has 408 total friends and 156 out-of-
commuting-zone friends.11 As before, we observe substantial variation
in friends’ house price experiences across buyers who purchased proper-
ties at the samepoint in time: after conditioning on the transaction quarter,
the across-buyers standarddeviationof FriendHPExpi,t224m,t is about 3.5 per-
cent (see panels C and D of fig. 5 for the full distribution).
Property Size Results
We next analyze whether, conditional on buying a house, the house price
experiences of a buyer’s friends affect the intensive margin of her prop-
erty investment. The unit of observation in regression (6) is a purchase of
10 We observe transaction prices and mortgage amounts in ranges of about $50,000. We
take the midpoints of these ranges as the transaction price and mortgage amount.

11 For some of the transactions, a property is purchased by more than one individual,
and we can match both individuals to their Facebook accounts. In these cases, we average
the set of demographic characteristics and pool the friends of the two buyers in our calcu-
lation of friends’ house price experiences. Considering only the characteristics and friends’
house price experiences of the head of household yields very similar results. Observing mul-
tiple buyers for the same transaction is the main reason why we have fewer observations in
the transaction sample than we observe 2010 owners.
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economic effects of social networks 2257
property h by individual i at time t. The dependent variable is the log
square footage of the property, multiplied by 100 to ease interpretation
of the coefficients. The key explanatory variable, FriendHPExpAll

i,t224m,t , is
constructed as in equation (2) and captures the average house price
changes experienced by buyer i’s friends in the 24 months prior to the
purchase:

logðPropSizeh,i,tÞ 5 a 1 bFriendHPExpAll
i,t224m,t 1 gXi,2010 1 wt 1 eh,i,t : (6)

Table 8 presents estimates from regression (6). In column 1, we control
for purchase-month fixed effects, wt, and buyer characteristics, Xi,2010.12

The estimates suggest that a 5 percentage point (1.4 within-quarter stan-
darddeviations) increase in friends’ averagehousepriceexperiences is cor-
related with buyers purchasing a 1.6 percent larger property. This shows
that individuals purchase larger properties when their friends have expe-
rienced more positive recent house price changes. To put the magnitude
of the effect into perspective, a one standard deviation increase in the
house price experiences of an individuals’ friends has the same effect
on the size of the purchased property as a $3,000 increase in annual
household income.
Columns 2–6 address a number of potential concerns with our causal

interpretation of the estimates of b in regression (6). For property pur-
chases before 2010, we observe information on the transaction only if the
property does not get resold prior to 2010. If the probability of a fast resale
was correlated with both house price experiences of the buyers’ friends
and the size of the house bought, this selection could bias our results. In
column 2, we therefore focus on sales since 2010, for which we observe a
nonselected sample. The point estimate of b in this sample is slightly larger
than the point estimate in the full sample, though the two estimates are not
statistically distinguishable. This suggests that the selection of our transac-
tion sample does not bias the results.
A second concern with our interpretation of b was that even though we

exploit variation in the house price experiences only of friends living out-
side of Los Angeles, the capital gains or own experiences of buyers who
recentlymoved from these regions to Los Angelesmight still be correlated
with the experiences of those friends. To test whether this confounds our
estimates, column 3 restricts the sample to purchases since 2010 for which
we can verify that the buyer lived in Los Angeles in 2010. The effects are
nearly identical to those in the sampleof all purchases since 2010.Housing
wealth effects or an extrapolation of own house price experiences thus
cannot explain our findings.
12 We observe buyer age at the time of the transaction, but for other buyer characteris-
tics, such as occupation, marital status, and household size, we use values from the most
proximate Acxiom snapshot.
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A further challenge to our causal interpretation of b comes from char-
acteristics of the buyers that might have a particularly strong direct effect
on property investments in years when the buyers’ geographically distant
friends experience significant house price increases. In column 4, we
limit the scope of such possible confounding effects by interacting buyer
characteristics with purchase-year fixed effects. In column 5, we exploit
variation in FriendHPExp only among buyers who are retired or work in
geographically nonclustered professions. In column 6, we include direct
controls for income changes in the buyers’ social networks. Across these
specifications, the estimates of b are similar to our baseline estimates, in-
dicating that common shocks to individuals and their social networks do
not explain the observed effect of friends’ house price experiences.
TABLE 8
Effects on Size of Property Purchased

Dependent Variable: 100 � Log(Property Size)

(1) (2) (3) (4) (5) (6)

D friend house
prices past
24 months (%) .310*** .520*** .530*** .400*** .234*** .285***

(.053) (.144) (.164) (.060) (.079) (.056)
D friend county
income past
24 months (%) .173***

(.096)
Month fixed
effects Yes Yes Yes Yes Yes Yes

Buyer controls Yes Yes Yes Yes, �year Yes Yes
Sample notes Purchases

since 2010
Purchases
since 2010,
lived in LA
in 2010

Geographically
nonclustered
professions

Observations 526,594 95,561 68,388 526,593 526,594 526,594
R 2 .194 .134 .126 .204 .194 .194
This conte
 use subject to Unive
nt downlo
rsity of Ch
aded from 12
icago Press T
8.122.185.16
erms and Co
4 on Novem
nditions (htt
ber 21, 2018 12:5
p://www.journals.
Note.—The table shows results from regression (6). The sample consists of all housing
transactions by Facebook users in Los Angeles County between 1993 and 2012 that led to a
home ownership spell that was still ongoing as of the 2010 or 2012 Acxiom snapshots (the
“transaction sample”). The dependent variable is the log of property size, multiplied by
100. The house price experiences of all friends are instrumented for by the house price
experiences of out-of-commuting-zone friends. All columns control for purchase-month
fixed effects and buyer characteristics; coefficients on the control variables are presented
in the appendix. Column 2 restricts the sample to home purchases since 2010; col. 3 fur-
ther restricts this to purchases since 2010 in which the buyers lived in Los Angeles County
in 2010. In col. 4, we interact buyer characteristics with year-of-transaction fixed effects.
Column 5 exploits variation in friends’ house price appreciation only among buyers
who are retired or work in geographically nonclustered professions. Column 6 adds the
average income changes in the friends’ counties in the 24 months prior to the transaction
as a separate control. Standard errors are clustered at the purchase-month level.
* Significant at p < .10.
** Significant at p < .05.
*** Significant at p < .01.
4:36 PM
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Transaction Price Results
In this section, we analyze the effects of the house price experiences of
both the buyers’ friends and the sellers’ friends on transaction prices.
Conceptually, the property valuations of both buyers and sellers could
be affected by their friends’ house price experiences. In any bargaining
model, the final transaction prices will then vary with these valuations.
For this analysis, we again consider the transaction sample and run he-

donic regression (7). The unit of observation is the purchase of property
h by individual i at time t. The dependent variable is the log of the trans-
action price, multiplied by 100 to ease the interpretation of the coeffi-
cients. All specifications include zip code� transaction year fixed effects,
fzip � wyðtÞ, allowing us to nonparametrically control for different time
trends in prices across zip codes.We also control for buyer characteristics,
Xi,2010, and for property characteristics, Zh:

logðPriceh,i,tÞ 5 a 1 bFriendHPExpAll
i,t224m,t 1 dXi,2010 1 gZh

1 fzip � wy tð Þ 1 eh,i,t :
(7)

Panel A of table 9 presents the main results from regression (7). The es-
timate in column 1 suggests that when home buyers’ friends experience a
5 percentage point higher house price appreciation, the transaction price
for a given home is 2.3 percent higher. To put this magnitude into per-
spective, it approximately corresponds to the price difference between a
1,140 square foot property and a 1,200 square foot property. The R2 of the
regression is over 80 percent, confirming that our hedonic property char-
acteristics capture many of the important determinants of house prices.
While the hedonic regression controls for many determinants of prop-

erty value, one might be concerned that individuals with larger house
price increases in their social networks purchase properties that dif-
fer on unobservable characteristics, which could bias the estimates of b
in regression (7). To rule out such confounding effects, column 2 in-
cludes property fixed effects in the regression. In this specification, b
is identified only by transactions of properties for which we observe two
transactions.13 Since we are comparing transaction prices for the same
property, this specification holds constant all unobservable characteris-
tics of the properties. Overall, we observe 34,732 transactions for proper-
ties that trade twice in our sample. As one would expect, including prop-
erty fixed effects increases the R2 further, to 95 percent. Reassuringly, the
effect of positive house price experiences among a buyer’s friends on the
transaction price is unaffected.
13 In order to identify such repeat sales of the same property, one of the transactions has
to occur before 2010 and the other between 2010 and 2012, so that we see the property
attached to a different owner across the two Acxiom snapshots.
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One concern with our causal interpretation of b is that friends’ house
price experiences might be correlated with unobserved buyer character-
istics that could have a direct effect on her housing investment decisions.
We argued that this was unlikely, since our identification comes from the
interaction of the geographic dispersion of an individual’s friends and
the time-varying house price movements in those counties. To highlight
this source of identification, column 3 includes buyer fixed effects. In
this specification, all identification comes from individuals whom we ob-
serve purchasing more than one property.14 Across those transactions, the
friendship networks and unobservable characteristics of the buyers are
held fixed, and the only force shifting FriendHPExp comes from the
differential house price development in the fixed friendship networks
prior to the two points in time when the individuals bought their homes.
Our estimate of b is very similar in this specification, highlighting that our
results are not confounded by the correlation between individuals’ demo-
graphic characteristics and the geographic dispersion of their social net-
works.
So far, we have focused on the effect of the house price experiences of

the buyers’ friends on the transaction price. In columns 4 and 5 of ta-
ble 9, we include the house price experiences of the sellers’ friends in
the 24 months before the sale as an additional regressor.15 When sellers’
friends experience a 5 percentage point higher house price apprecia-
tion, the transaction price is 1.2 percent higher. The estimated effect of
the buyers’ friends’ house price experiences is similar to our baseline esti-
mates. This evidence is consistent with friends’ house price experiences af-
fecting both the buyers’ and the sellers’ valuations of the property and,
thus, their reservation prices in the bargaining that determines the trans-
action price.
The specifications in panel B of table 9 correspond to those in col-

umns 2–6 of table 8 and address a number of challenges to our identifi-
14 In order to identify two transactions by the same buyer, we need the same individual to
owner-occupy two different properties in the 2010 and 2012 Acxiom snapshots. This will
then allow us to observe information about the transaction that initiated each ownership
spell.

15 We observe information on the seller only for transactions between 2010 and 2012,
since for those transactions we know who owned the property in 2010, prior to its being
sold. We can match the sellers in about 20,000 transactions to their Facebook accounts. We
include all transactions in the regression, even if we cannot match the seller to Facebook,
in order to increase the power for estimating the coefficients on the property characteristics
and the buyer experience. In particular, in that specification, we also include an indicator,
FBMissi, that is equal to one for all transactions in which we cannot match the seller to his
or her Facebook profile, and zero otherwise. We set FriendHPExp of the seller equal to zero
when FBMissi equals one. However, estimates are similar if we focus only on the transactions
for which we can identify both the buyer and the seller.
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cation of causal effects. As was the case in our analysis of the intensive
margin decision, we do not find evidence for a number of noncausal al-
ternative explanations of the patterns in the data.
C. Further Robustness Checks and Differential Effects
In the appendix, we provide additional robustness checks to our results.
We also explore a number of sample splits to analyze whether effects dif-
fer across the population. First, we show that results are similar when we
use the house price experiences of out-of-state friends as an instrument
instead of the house price experiences of out-of-commuting-zone friends.
Second, we use friends’ house price experiences over the prior 12months,
36 months, and 48 months as explanatory variables instead of the house
price experiences over the prior 24 months, as we do in the main body
of the paper. The magnitude of the effect is declining as we increase the
time window over which we measure friends’ house price experiences,
suggesting that the most recent experiences within a person’s social net-
work have the largest effects on her behavior. Third, we analyze the ef-
fects separately for individuals in different age groups and with different
education levels. The effects of friends’ house price experiences on the
probabilities of buying a house for renters or selling a house for owners
are declining in the age of the individuals. The effects of these experi-
ences on the size of the property purchased, and the price paid for a
given property, are stable across age groups. There are no systematic dif-
ferences in the effect sizes across individuals with different education
levels.
We also consider whether the response of individuals’ housing invest-

ment behavior to their friends’ house price experiences is different dur-
ing periods with booming housing markets relative to periods with more
stable or declining housing markets. The effect on the price paid is nearly
identical across the housing boom period 2001–6, the housing bust pe-
riod 2007–9, and the relatively flat period 2010–12. The effect on size
bought is somewhat larger in the boom and flat periods than it is in
the housing bust period. These findings suggest that the social dynamics
channel we document in this paper is likely to be active during both
housing booms and busts.
IV. Social Networks and Housing
Markets: Mechanisms
In the previous section, we documented a causal relationship between
the house price experiences in an individual’s social network and her
housing investment behavior. In this section, we investigate potential
mechanisms behind this causal relationship.
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economic effects of social networks 2263
A. Evidence for Expectations Channel
A first plausible channel through which the house price experiences in a
person’s social network can affect her housing market investments is by
influencing her perceptions of the attractiveness of local property invest-
ments. A number of possible mechanisms for such an expectations-based
channel have been proposed in the literature, though little systematic em-
pirical evidence has been developed.
One important dimension alongwhich existing theories differ is whether

agents aremechanically influenced by signals they receive through their so-
cial networks, or whether they attempt to rationally extract information
from the experiences of their friends. For example, one prominent narra-
tive of the role of social interactions in the housing market has been put
forward by Shiller (2008b, 96), who writes that “many people seem to be
accepting that the recent home price experience is at least in part the re-
sult of a social epidemic of optimism for real estate.” Shiller (2008a) de-
scribes “the contagious optimism, seeming impervious to facts, that often
takes hold when prices are rising. . . . Speculative bubbles are fueled by
the social contagion of boom thinking.” In Shiller’s narrative, individuals
are mechanically “infected” by the beliefs of their friends, which, in turn,
are driven by these friends extrapolating from their own house price ex-
periences. This response to friends’ beliefs is independent of whether
friends’ house price experiences contain useful information for predict-
ing own local house price changes.
We next document that social interactions indeed have important ef-

fects on individuals’ perceptions of the attractiveness of local housing
market investments. We also attempt, to the extent possible, to understand
whether our findings are more consistent with a mechanical or a rational
change in beliefs in response to friends’ house price experiences.
Description of Expectations Survey
Investigating the response of an individual’s expectations to her friends’
house price experiences presents an additional challenge: how do we
measure those expectations? To overcome this measurement challenge,
we analyze responses to a short user survey conducted by Facebook in
November 2015. The survey targeted Facebook users living in a few
Los Angeles zip codes through a post on their News Feed.16 It informed
users that “Facebook is helping researchers understand what real people
think about the economy. Your survey responses will be combined with
16 A person’s News Feed is a personalized, constantly updating list of content posted by
friends and followed pages (e.g., messages, photos, videos), advertisements, and surveys. It
is shown to users as the landing page when they log on to Facebook. The appendix shows
the survey interface.

This content downloaded from 128.122.185.164 on November 21, 2018 12:54:36 PM
All use subject to University of Chicago Press Terms and Conditions (http://www.journals.uchicago.edu/t-and-c).



2264 journal of political economy

All
the information that you publicly share on Facebook and average house
prices to better help us understand the housing economy. Help us out by
answering the following questions, your responses will be kept anony-
mous,” followed by four multiple-choice questions:

1. How informed are you about house prices in your zip code?
□ Not at all informed □ Somewhat informed □Well informed
□ Very well informed

2. How informed are you about house prices where your friends live?
□ Not at all informed □ Somewhat informed □Well informed
□ Very well informed

3. How often do you talk to your friends about whether buying a house
is a good investment?
□ Never □ Rarely □ Sometimes □ Often

4. If someone had a large sum of money that they wanted to invest,
would you say that relative to other possible financial investments,
buying property in your zip code today is:17

□ A very good investment □ A somewhat good investment
□ Neither good nor bad as an investment
□ A somewhat bad investment □ A very bad investment

We observe 1,242 survey responses: 55 percent of respondents are male,
and their ages range between 19 and 75 years, with an average of 46 years
and an interquartile range of 35–56 years. Respondents come from
113 Los Angeles zip codes, but 40 percent of them live in the 20 most-
represented zip codes.18

Panels A–D of figure 6 plot the distribution of responses to each survey
question. Most respondents believe that buying property is at least a
somewhat good investment, but we observe significant heterogeneity
in respondents’ beliefs about the attractiveness of local real estate invest-
ments. About 73 percent of individuals claim to be at least “somewhat
informed” about house prices where their friends live, while 27 percent
are “well informed” or “very well informed.” Over half of the respon-
dents report talking at least “sometimes” to their friends about whether
buying property is a good investment, while 15 percent talk “often.” This
suggests a potentially important role for social interactions in influenc-
ing housing market expectations and investments. There is no relation-
17 The wording to this question corresponds to a question on the New York Fed Survey
of Consumer Expectations.

18 As is generally the case with analyzing survey data, there is some concern that individ-
uals who respond to a survey might be different on important characteristics. While we
found that respondents look similar to the targeted population on observable characteris-
tics, it could be, e.g., that those individuals who respond to a housing expectation survey
are disproportionately likely to talk to their friends about housing investments.
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ship between an individual’s friends’ house price experiences and her
propensity to talk to friends about investing in the housing market:
the average house price experiences of the respondents’ friends, split
up by their responses to question 3, are 18.4 percent, 18.3 percent,
18.3 percent, and 18.5 percent, respectively.
We next analyze how the average house price movements in individual

i’s social network in the 24 months before answering the survey,
FriendHPExpAll

i,2013,2015, affect her optimism about property investments
FIG. 6.—Expectations survey. Panels A–D present the distribution of the 1,242 responses
to the expectations survey conducted by Facebook in November 2015. We analyze and de-
scribe this survey in Section IV.A. Panels E and F provide the average house price experi-
ence in the survey respondents’ social network in the 24 months prior to taking the survey,
both for all friends and for all friends living outside the Los Angeles commuting zone.
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in her own zip code. There is significant across-respondent variation in
this experience measure, which has a mean of 18.3 percent, a standard
deviation of 2 percent, and a 10–90 percentile range of 4.5 percent. Pan-
els E and F of figure 6 plot the distributions across the survey respondents
of the house price experiences of their friends and their out-of-commuting-
zone friends.
Analysis of Expectations Survey
Regression (8) analyzes the relationship between the house price expe-
riences of individuals’ friends and their beliefs about whether buying
local property is a good investment. The dependent variable is the indi-
viduals’ response to question 4.19 The vector Xi controls for the age and
gender of the respondent. Since respondents are asked to evaluate the at-
tractiveness of buying property in their own zip code and the true attrac-
tiveness of such investments can vary across zip codes, we also include
zip code fixed effects, wzip:

ResponseQ4i 5 a 1 bFriendHPExpAll
i,2013,2015 1 gXi 1 wzip 1 ei: (8)

To deal with the ordinal nature of the responses to question 4, we code
the answers as 1–5, with 5 corresponding to the most optimistic view on
property investments. This approach assumes that the “distance” be-
tween each of the five possible answers to question 4 is the same.20 The
resulting measure of optimism about property investments has a stan-
dard deviation of 1.06. Most of this heterogeneity is across individuals re-
sponding about investing in property in the same zip code: when condi-
tioning on wzip, the residual standard deviation of ResponseQ4i remains
at 0.98. As before, we estimate regression (8) using an IV strategy, where
we instrument for the house price experiences of all friends with the
house price experiences of only the out-of-commuting-zone friends.
Column 1 of table 10 presents estimates of equation (8). Holding zip

code, age, and gender fixed, an increase in friends’ house price experi-
ences makes respondents more optimistic about the attractiveness of in-
vesting in property. Quantitatively, a one standard deviation increase in
FriendHPExpAll

i,2013,2015 is associated with a statistically significant 0.08 stan-
dard deviation increase in our measure of optimism. It is difficult to assess
19 Our favorite interpretation of the responses to this question is that they reflect differ-
ences in the physical probabilities that respondents assign to different states of the world.
However, it is possible that respondents risk-adjust their answers to whether they think that
housing is an attractive investment. In that case, different responses could also reflect dif-
ferences in risk adjustments of respondents whose friends experience different house
price movements.

20 In the appendix, we also take a second approach to dealingwith the ordinal nature of the
responses to question 4. In particular, wepresent cumulative odds ratios fromanordered logit
model. The conclusions from this specification are very similar to those in table 10.
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TABLE 10
Effects on Belief of Whether Property Is a Good Investment

Dependent Variable: Local Housing
a Good Investment? (Question 4)

(1) (2) (3) (4) (5)

D friend house prices, 2013–15 (%) .040** .036*
(.017) (.019)

D friend house prices, 2013–15 (%) �
ordering of question:

Expectation question last .039**
(.021)

Expectation question first .048*
(.029)

D friend house prices, 2013–15 (%) �
knowledge of house prices where
friends live:

Not at all informed .002
(.036)

Somewhat informed .036
(.023)

Well informed .068*
(.039)

Very well informed .119*
(.069)

D friend house prices, 2013–15 (%) � talk
with friends about housing investments:

Never 2.050
(.038)

Rarely .001
(.028)

Sometimes .086***
(.027)

Often .096**
Demographic controls Yes Yes Yes Yes Yes
Zip code fixed effects Yes Yes Yes Yes Yes
Sample LA in

2012
Observations 1,242 1,110 1,242 1,242 1,242
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Note.—The table shows results from regression (8). The dependent variable is the an-
swer to survey question 4: “If someone had a large sum of money that they wanted to invest,
would you say that relative to other possible financial investments, buying property in your
zip code today is: (1) A very bad investment, (2) A somewhat bad investment, (3) Neither
good nor bad as an investment, (4) A somewhat good investment, or (5) A very good in-
vestment,” with the five (ordered) answers recoded to 1–5. The house price experiences
of all friends are instrumented for by their out-of-commuting-zone counterparts. Column 1
shows the baseline estimates. Column 2 restricts the sample to respondents who lived in
Los Angeles in 2012. The last three columns estimate differential effects by the ordering
of the questions (col. 3), by how informed respondents claimed to be about house prices
where their friends live (col. 4), and by how often they reported talking to their friends
about investing in property (col. 5). The specifications in cols. 3, 4, and 5 also include non-
interacted indicator variables for the question ordering and the possible responses to ques-
tions 2 and 3, respectively; in the interest of space, the corresponding coefficients are not
reported. All columns also control for respondent age and gender. Standard errors are in
parentheses.
* Significant at p < .10.
** Significant at p < .05.
*** Significant at p < .01.
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themagnitude of this effect. However, in recent work, Armona, Fuster, and
Zafar (2016) have analyzed whether an individual’s perceived past house
price changes inher own zip code affect her beliefs about the attractiveness
of housing investments, elicited through a survey question identical to
question 4 above. They find that a one standard deviation increase in indi-
viduals’ perceptions of their own local house price changes over the past
year is associated with an increase in ResponseQ4i of about 0.1. They com-
pare these estimates to our findings and conclude that the effect on ex-
pectations through the social dynamics channel that we highlight in this
paper is of a magnitude similar to that of the effect through the extrapola-
tion from past local house price movements that is the focus of their re-
search.
For survey respondents who only recently moved to Los Angeles, pos-

sibly from areas in which they have many friends, FriendHPExpOutCZ
i,2013,2015

might be correlated with their own house price experience, in which
case even the IV strategy could not separate the effect of social interac-
tions from that of extrapolative expectations. In column 2, we thus re-
strict the sample to survey respondents who already lived in Los Angeles
in 2012. The results in this subsample are very similar.
A common concern with analyzing survey data is the possibility that

the framing and ordering of questions affect the responses. In particular,
given the order of questions described above, one might worry that by
first asking respondents whether they knew about house prices where
their friends live, one might prime them to place more weight on those
friends’ experiences when subsequently reporting their own perceptions
of the attractiveness of housing market investments. To rule out such ef-
fects, for about 35 percent of respondents the order of questions was re-
versed, asking them first about their housing market expectations before
eliciting responses to the other questions. Column 3 shows that the cor-
relation between a respondent’s friends’ house price experiences and
her own expectations is, if anything, slightly stronger in the sample of re-
spondents who first reported their housing market beliefs. This suggests
that framing effects do not significantly affect our results.
We next provide additional evidence that the correlation between an

individual’s housing market beliefs and her friends’ house price experi-
ences is driven by social interactions and not by other confounding
shocks. In column 4, we interact FriendHPExpAll

i,2013,2015 with each possi-
ble response to question 2. We also include noninteracted indicator
variables for each possible response to question 2 but, in the interest of
space, do not report the corresponding coefficients. The relationship be-
tween an individual’s assessment of whether buying property is a good in-
vestment and the house price experiences of her friends is stronger for in-
dividuals who report being aware of house prices where their friends live.
Similarly, in column 5 we interact FriendHPExpAll

i,2013,2015 with each possible
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response to question 3. For respondents who report that they regularly talk
to their friends about whether buying property is a good investment, we
find a strong relationship between their friends’ house price experiences
and their own assessment of whether property in their own zip code is a
good investment. Indeed, for respondents who sometimes or often talk
to their friends about property investments, the effect size is twice as large
as the effect size for the average individual. For respondents who rarely or
never talk to their friends about investing in the housingmarket, no statis-
tically significant relationship is found. This finding suggests that the ob-
served correlation is driven by social interactions, and not, for example, by
people reading local newspapers from areas where they have friends.
Overall, these results suggest an important role for social interactions

in affecting individuals’ assessments of the attractiveness of housing mar-
ket investments. All else equal, an individual perceives property to be a
more attractive investment when there are larger house price gains within
her social network. These effects are statistically significant, economically
large, and more pronounced for those respondents who report talking
with their friends about whether housing is a good investment.
B. Reasons for Updating Expectations
Why would an individual’s perceptions of the attractiveness of local
housing market investments be influenced by the house price move-
ments in those geographically distant areas where she has friends? We
next present evidence that can help differentiate between various possi-
ble explanations. In particular, we analyze whether we can find evidence
in favor of a rational learning story.
A first such story would involve individuals learning through their

friends about house price changes elsewhere that are predictive of future
Los Angeles house price changes. To test whether such an effect contrib-
utes to our findings, panel A of table 11 splits individuals into groups based
on how predictive the house price experiences of their out-of-commuting-
zone social networks are for subsequent Los Angeles house price changes.21

We then obtain separate estimates of the effect of friends’ house price ex-
perience on the housing investment behaviors of each group. There is no
evidence that people with more predictive social networks respond in a
systematically different way.
21 For every individual, we find the correlation between the house price movements in
their out-of-commuting-zone social network over the previous 24 months and Los Angeles
house price movements over the next 12 months. We estimate this correlation using yearly
observations between 1993 and 2012. Varying the time horizons and the sample period
does not significantly affect the ordering of individuals by the predictiveness of their social
networks’ house price experiences.
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Similarly, many plausible rational explanations of the behavior we doc-
ument involve individuals learning about some fundamental national
housing demand shock from observing house price growth across mul-
tiple geographies. If this were an important channel, we would expect
individuals to respond more to their friends’ experiences if these friends
TABLE 11
Differential Effects by Network Predictiveness and Network Size

Pr(Own in 2012) 100 �
Log(Size)

100 � Log
(Price)

(1) (2) (3) (4)

A. Effects by Predictiveness of Network

D friend house prices
past 24 months (%):

Correlation < .5 .464*** .152*** .293*** .486***
(.044) (.017) (.053) (.017)

.5 ≤ correlation < .6 .552*** .185*** .313*** .457***
(.043) (.016) (.050) (.015)

Correlation ≥ .6 .461*** .176*** .299*** .445***
(.049) (.018) (.049) (.015)

Controls as in Table 6, col. 1,
2010 renters

Table 6, col. 1,
2010 owners

Table 8,
col. 1

Table 9,
col. 1

p-value (high correla-
tion55 low correlation) .946 .097 .660 .000

R2 .434 .564 .204 .814
Observations 433,836 1,035,523 526,594 523,299

B. Effects by Number of Counties in Friendship Network

D friend house prices
past 24 months (%):

Below median number
of counties .605*** .159*** .316*** .450***

(.057) (.019) (.054) (.015)
Above median number
of counties .616*** .292*** .338*** .464***

(.060) (.028) (.057) (.016)
Controls as in Table 6, col. 1,

2010 renters
Table 6, col. 1,
2010 owners

Table 8,
col. 1

Table 9,
col. 1

p-value (many counties 55
few counties) .892 .000 .116 .103

R2 .434 .564 .193 .808
Observations 433,836 1,035,523 526,594 523,299
This content download
 use subject to University of Chic
ed from 128.122.185.164 on November
ago Press Terms and Conditions (http://
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Note.—The table shows results from the main instrumental variables regressions in ta-
bles 6, 8, and 9. In panel A, we analyze the effect of friends’ house price experiences sep-
arately by the correlation between the house price movements in an individual’s social net-
work and subsequent Los Angeles house price movements (see n. 21 for details). In panel B,
we analyze the effect of friends’ house price experiences separately by the number of coun-
ties in which individuals have friends. Specifications, samples, and standard errors are as de-
scribed in the original tables.
* Significant at p < .10.
** Significant at p < .05.
*** Significant at p < .01.
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were more geographically dispersed, since the average experience of
these friends would then be more informative about the national shock.
Yet panel B of table 11 shows that the response of individuals to the ex-
periences of their friends does not generally vary with the number of
counties these individuals have friends in.
These pieces of evidence point away from a rational learning explana-

tion for our findings. This is perhaps unsurprising. Indeed, if the house
price movements in a different part of the country were sufficiently in-
formative to affect a rational agent’s valuation of a given house by thou-
sands of dollars, then, in a world of rational learning, everybody should
update their expectation equally on the basis of these house price move-
ments, which are available for free and in real time. We thus conclude
that the evidence is most consistent with mechanical belief updating
along the lines of Shiller (2008a, 2008b).
C. Evidence against Alternative Causal Channels
We next present evidence against three causal mechanisms other than
social interactions through which friends’ house price experiences could
affect an individual’s housing market behavior. Result tables and further
discussions are provided in the appendix.
Bequests
A first alternative explanation is that the house price experiences in a per-
son’s social network may have a direct wealth or liquidity effect. In partic-
ular, if a person hasmany friends where her parents live, increases in house
prices in that areamight affect the value of any property owned by her par-
ents. In that case, if this individual is expecting to inherit amore expensive
house or if her parents have more resources to help her with purchasing a
property in Los Angeles, this could influence her purchasing behavior
through a channel that is unrelated to social dynamics.
We present three pieces of evidence that suggest this mechanism can-

not explain our findings. First, we separately exploit variation in the
overall social network house price experience coming from three subsets
of out-of-commuting-zone friends: family members, work colleagues,
and college friends. While an individual might expect higher future be-
quests when her family members experience higher house price growth,
this is less likely to be the case for her college or work friends. Yet we find
that the influence of the house price experiences in all three subnetworks
on investment behavior is very similar, suggesting the bequest channel is rel-
atively unimportant.
As a second piece of evidence against a bequest story, we show that our

estimates are similar among individuals whose bequests are less likely to
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be affected by the house price movements of their US-based out-of-
commuting-zone friends. In particular, the effects of friends’ house price
experiences on housing investments are quite similar when restricting
the sample to individuals whose hometown is Los Angeles or to individ-
uals whose hometown is outside of the United States.
Third, since most individuals can expect bequests from only a few close

relatives within their social network, a bequest channel should be stronger
when individuals’ social networks are more geographically concentrated
and when their friends’ overall house price experience thus more closely
corresponds to that of those close relatives. Yet we have shown that the ef-
fects are unrelated to howmany counties an individual has friends in, pro-
viding further evidence against a bequest story.
Consumption Externalities
A second alternative explanation for our findings is the possible presence
of consumption externalities across individuals and their friends. For ex-
ample, an individual might buy a house to “keep up with the Joneses” after
her friends purchased a home. Even though the construction of our key
explanatory variable in equation (2) does not depend on whether an indi-
vidual’s friends have purchased a house, this does not completely alleviate
the potential of consumption externalities to explain someof our findings.
Indeed, since house prices and transaction volumes generally comove, peo-
ple are more likely to buy a house, on average, in regions where house
prices go up. Therefore, FriendHPExp could still be correlated with friends’
home purchase behavior. However, when we directly include controls for
the change and level of trading volume in the counties where an individual
has friends, the estimated effects of friends’ house price experiences are
nearly identical, suggesting that they are not just picking up a desire to
keep up with friends.
Hedging
A further alternative explanation of our results is that individuals plan to
eventually move to those parts of the country where they have friends. In
that case, when they see house prices there go up, they might want to pur-
chase a house in Los Angeles in order to hedge against further (national)
price increases that might price them out of the market. If this were an
important force explaining our results, one would expect the effect to
be larger for people whose friends live in housing markets that are more
correlatedwithLosAngeles and for whichLosAngeles housingwould thus
provide a better hedge. Yet we have shown that this is not the case.
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V. Conclusion
In this paper, we highlight how newly emerging data from online social
networking services allow researchers to better understand the economic
effects of social interactions. To illustrate this point, we use anonymized
administrative data from Facebook to document that the house price ex-
periences within an individual’s social network affect her perceptions of
the attractiveness of property investments and through this channel have
large effects on her housing market activity. Our results highlight that so-
cial interactions play an important role in determining how people form
expectations as well as in explaining their actual investment behavior. The
effectsarequantitatively largeandhavethepotential toaffectaggregateout-
comes. This suggests that, at the county level, friendship networks provide
amechanism that canpropagatehouse price shocks through the economy.
In related work, Bailey et al. (2018) show that othermeasures of economic
activity, such as trade and patent citations, are also correlated with more
aggregated social networks as measured by the Facebook social graph.
While we document the effect of social interactions on expectations

and investment behavior in the housing market, it is likely that similar
social dynamics are also at work in other settings. For example, it is pos-
sible that optimism and pessimism about stock market investments, or
sentiments about the economy more generally, also spread through so-
cial interactions in a similar way. One interesting question left unexplored
in this paper is whether the increasing connectedness of individuals through
social media will itself have an effect on how the experiences of individ-
uals influence the behavior of their friends across a number of settings.
We hope that the increasing availability of data from online social net-
working services, such as the publicly available Social Connectedness In-
dex described in Bailey et al. (2018), will facilitate more research along a
number of these important dimensions.
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