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How do social networks influence the decision to migrate? Prior work suggests two distinct mech-
anisms that have historically been difficult to differentiate: as a conduit of information, and as a source
of social and economic support. We disentangle these mechanisms using a massive “digital trace” dataset
that allows us to observe the migration decisions made by millions of individuals over several years,
as well as the complete social network of each person in the months before and after migration. These
data allow us to establish a new set of stylized facts about the relationship between social networks and
migration. Our main analysis indicates that the average migrant derives more social capital from “inter-
connected” networks that provide social support than from “extensive” networks that efficiently transmit
information.
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1. INTRODUCTION

The decision to migrate is one of the most important economic decisions an individual can make.
Many factors influence this decision, from employment prospects and amenity differentials to
life-cycle considerations and migration costs. In each of these factors, social networks play a
prominent role. It is through social networks that migrants learn about opportunities and condi-
tions in potential destinations; at home, the structure of migrants’ social networks shapes their
ability and desire to leave.

This paper uses a rich source of digital data to add considerable nuance to our understanding
of how social networks influence an individual’s decision to migrate. Here, prior work empha-
sizes two distinct mechanisms: first, that networks provide migrants with access to information,
for instance about jobs and conditions in the destination (Borjas, 1992; Topa, 2001; Munshi,
2003; Dustmann et al., 2016); and second, that networks act as a safety net for migrants by
providing material or social support (Carrington et al., 1996; Edin et al., 2003; Dolfin and
Genicot, 2010; Munshi, 2014; Comola and Mendola, 2015). However, there is considerable
ambiguity about the nature and relative importance of these two mechanisms. For instance,
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2 REVIEW OF ECONOMIC STUDIES

the prevailing view in the migration literature is that migrants tend to go to places where they
have larger networks, but a handful of studies argue that larger networks may actually deter
migration, for instance if migrants compete with one another over opportunities and resources.1

Similarly, robust risk sharing networks can both facilitate migration by providing informal insur-
ance against negative outcomes (Morten, 2019), and discourage migration if migrants fear those
left behind will be sanctioned for their departure (Banerjee and Newman, 1998; Munshi and
Rosenzweig, 2016).

These ambiguities arise in part because it is difficult to link social network structure to migra-
tion decisions using traditional data (Chuang and Schechter, 2015). Instead, most existing work
relies on indirect proxies for a migrant’s social network, such as the assumption that individuals
from the same hometown, or with similar observable characteristics, are more likely to be con-
nected than two dissimilar individuals.2 Such proxies can provide a reasonable approximation of
the size of a migrant’s social network, but they do not reveal if and how other aspects of social
network structure influence the migration decision. Higher-order network structure—that is, the
connections of an individual’s connections—plays a critical role in decisions about employment,
education, health, finance, product adoption, and the formation of strategic alliances.3 Yet, the
role of such network structure in migration has not been systematically studied.

We leverage a rich new source of “digital trace” data to provide a detailed empirical per-
spective on how social networks influence the decision to migrate. These data capture the entire
universe of mobile phone activity in Rwanda over a 5-year period. Each of roughly 1 million
individuals is uniquely identified throughout the dataset, and every time they make or receive a
phone call, we observe their approximate location, as well as the identity of the person they are
talking to. From these data, we can reconstruct each subscriber’s 5-year migration trajectory, as
well as a detailed picture of their social network before and after migration.

The empirical analysis links each individual’s migration decisions over time to the evolving
structure of their social network. For instance, we use these data to confirm the longstanding
hypothesis that people move to places where they know more people; conversely, individuals
are less likely to leave places where they have larger networks. While these results may be
intuitive, our data make it possible to disaggregate this relationship in a way that has not been
done previously. In particular, we observe migration decisions for every possible network size
and structure; we thus can estimate, for instance, that roughly 4% of individuals with ten contacts
in a potential destination d eventually migrate to that location. More broadly, we observe that

1. Classic papers documenting the “prevailing” view include Rees (1966), Greenwood (1969), Granovetter
(1973), Montgomery (1991), and Borjas et al. (1992). More recent examples include Munshi (2003), Winters et al.
(2001), Dolfin and Genicot (2010), Patel and Vella (2012), Fafchamps and Shilpi (2013), Mahajan and Yang (2017),
Giulietti et al. (2018), and Bertoli and Ruyssen (2018). Papers that highlight the potential deterrent effect of larger net-
works include Calvó-Armengol (2004), Calvó-Armengol and Jackson (2004), Wahba and Zenou (2005), and Beaman
(2012).

2. For instance, Munshi (2003) uses rainfall shocks at origin to instrument for network size at destination. Bea-
man (2012) exploits exogenous variation in the size of the migrant’s social network induced by the quasi-random
assignment of political refugees to new communities. Kinnan et al. (2018) take advantage of a resettlement program in
China that sent 18 million urban youth to rural areas. Related approaches are used by Card (2001), Hanson and Woodruff
(2003), and Dinkelman and Mariotti (2016).

3. For example: Granovetter (1973), Burt (1992), and Karlan et al. (2009) provide examples of how higher-order
network structure affects employment prospects. Banerjee et al. (2013), Beaman et al. (2015), and Ugander et al. (2012)
illustrate the importance of higher-order structure in the adoption of microfinance, new plant seeds, and Facebook,
respectively. Ambrus et al. (2015) and Chandrasekhar et al. (2018) relate network structure to contract enforcement
and informal insurance. Keeling and Eames (2005) review how network structure influences the spread of infectious
diseases. König et al. (2017) and Jackson and Nei (2015) link political network structure to strategic alliance formation.
See Jackson (2010) and Easley and Kleinberg (2010) for an overview.
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FIGURE 1
Schematic diagrams of the social networks of three migrants

Notes: Each of the blue circles (labeled A, B, C) represents a different individual considering migrating from their home to a new
destination. Each individual has exactly three contacts in the home district (smaller grey circles below the dashed line) and two contacts
in the destination district (larger green circles above the dashed line). The social network of these three individuals is denoted by G1, G2,
and G3.

the relationship between migration and network size is positive, monotonic, and approximately
linear with slope of unity, such that the probability of migration roughly doubles as the number
of contacts in the destination doubles. Superficially, this result diverges from a series of studies
that predict eventual negative externalities from network size, as when members compete for
information and opportunities (Calvó-Armengol, 2004; Calvó-Armengol and Jackson, 2004;
Beaman, 2012; Dagnelie et al., 2019).

We then focus on developing a systematic understanding of how higher-order network struc-
ture—that is, the connections of the migrant’s connections (and their connections’ connections,
and so forth)—influences the decision to migrate. This is again something that would be very
difficult to study with traditional survey data, but which we observe in rich detail in the mobile
phone records. The purpose of this analysis is to understand whether, ceteris paribus, individ-
uals are more likely to migrate to places where their social networks have particular network
topologies. A stylized version of our approach is shown in Figure 1: we are interested in under-
standing whether, for instance, individual A is more likely to migrate than individual B, where
both A and B know exactly two people in the destination and three people at home, and the only
observable difference between A and B is that B’s contacts are connected to each other, whereas
A’s contacts are from two disjoint communities.

Our ability to identify the effect of social networks on migration is complicated by the fact
that network structure is not exogenous. We address this concern in three principal ways. First,
as noted, we focus on the relationship between the higher-order structure of a migrant’s social
network and subsequent migration decision. While a migrant may easily influence their direct
connections, we assume they have less ability to influence the exact manner in which their con-
nections are connected to one another. Second, we relate migration decisions in each month
to the higher-order structure of the network several months prior. This is meant to minimize
the likelihood that the decision to migrate shaped the social network, rather than vice versa.4

Finally, we use an extremely restrictive set of fixed effects to eliminate many likely sources

4. Our main specifications relate migration decisions to network structure 2 months prior, but results are
unchanged if we use lags between 2 and 6 months. We also find qualitatively similar results when we adopt a “shift-
share” approach that relates migration decisions to prior changes in higher-order network structure, holding fixed the
direct connections of the migrant.
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4 REVIEW OF ECONOMIC STUDIES

of omitted variable bias. Our preferred specification includes fixed effects for each individual
migrant (to control for individual heterogeneity, for instance that certain people are both more
likely to migrate and to have certain types of networks), fixed effects for each possible origin–
destination–month combination (to control for factors that are shared by all people facing the
same migration decision, such as wage and amenity differentials), and fixed effects for each
possible destination network size (such that comparisons are always between places where the
migrant has the exact same number of direct contacts, as in Figure 1). Thus, in our preferred spec-
ification, the identifying variation comes from within-individual differences in network structure
between destinations and over different months in the 5-year window, net the population-average
differences that vary by home–destination–month, and net any effects that are common to all
people with exactly the same number of friends in the destination. We would observe such vari-
ation if, for instance, an individual had been considering a move to a particular destination for
several months, but only decided to migrate after his friends in the destination became friends
with each other—and if that tightening of his social network exceeded the average tightening of
networks in that destination (as might occur around the holidays, for instance).

This analysis helps to establish a new set of stylized facts about the relationship between
migration and social networks. Most notably, we show that migrants are more likely to migrate
to destinations where their social networks are interconnected (i.e. where the migrant’s friends
are friends with each other), but that they are no more likely to migrate to destinations where their
networks are extensive (i.e. where their distance-2 and distance-3 neighbourhoods are larger). In
fact, conditional on network size migrants are less likely to go to places where their networks
are extensive—a result that surprised us initially, given the emphasis prior work has placed on
the value of connections to socially distant nodes in a network (e.g. Granovetter, 1973). In other
words, of the three potential migrants in Figure 1, B is most likely to migrate and C is least
likely, with A somewhere in between.

To better understand this “surprising” result, we document considerable heterogeneity in the
migration response to social network structure. In particular, we find that the negative effect
of extensive networks is strongest when a migrant’s direct contacts have a large number of
“strong ties” in the destination (where we define a strong tie as one with five or more calls per
month, which is equivalent to the 90th percentile of call frequency); when a migrant’s destination
contacts have many weak ties (i.e. ties that are not strong), migration is not deterred. Such
evidence suggests that there may be rivalry in information sharing in networks, which leads
migrants to value connections to people for whom there is less competition for attention (as in
Dunbar, 1998; Banerjee et al., 2012). We also find that while the average migrant is not drawn to
locations where her friends have more friends (as in G3), such structure does attract several less
common types of migrants. In particular, repeat migrants (who have previously migrated from
their home to the destination) and long-term migrants—both of whom are presumably better
informed about the structure of the destination network—are more likely to migrate to locations
where their networks are more extensive.

To summarize, this paper makes two main contributions. First, it provides a new empirical
perspective on the determinants of migration in developing countries (cf. Lucas, 2015). In this
literature, many scholars have noted the important role that social networks play in facilitat-
ing migration. Early examples in the economics literature include Rees (1966) and Greenwood
(1969); a large number of subsequent studies document the empirical relationship between
network size and migration rates.5 More recently, Munshi and Rosenzweig (2016) document

5. Examples include Montgomery (1991), Borjas et al. (1992), Munshi (2003), McKenzie and Rapoport (2010),
Dolfin and Genicot (2010); Beaman (2012), Patel and Vella (2012), Bertoli et al. (2013), and Bertoli and Ruyssen
(2018). Two recent papers use phone data to link spatial mobility and social networks. Büchel et al. (2020) use data
from a Swiss cellphone operator to link migration decisions to phone calls, and document a similar relationship between
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that the fear of losing social network ties may prevent profitable migration, while Morten (2019)
shows that the act of migration can change social relationships and risk sharing. Kinnan (2019)
theorizes about the two-way interconnections: migration of one individual can make other net-
work members better off if that individual has a new source of income, but others may be worse
off if the act of migration improves the outside opportunity for that person or makes it easier
to hide income. This paper builds on this line of work by exploiting a new source of data to
establish a more nuanced set of stylized facts about networks and migration—highlighting, in
particular, the value migrants place on interconnected networks, and substantial heterogeneity in
how different types of migrants value networks.

Second, through the study of migration, we shed light on the more general question of how
social networks provide social capital to individuals embedded in those networks (cf. Jackson,
2010; Banerjee et al., 2013, 2019).6 We contrast interconnected and extensive networks, just as
network theory distinguishes between networks that provide cooperation capital and networks
that provide information capital (Jackson, 2020). In that literature, cooperation capital is usu-
ally motivated by repeated game models of network interaction, where interconnected networks
(e.g. cliques) best support social reinforcement and sanctioning.7 Information capital, which
reflects the network’s ability to efficiently transmit information, is associated with extensive sub-
networks (e.g. stars and trees) where an individual is linked to many others via short network
paths.8 We show that, at least to migrants, topologies associated with cooperation capital matter
most.

2. DATA AND MEASUREMENT

To study the empirical relationship between networks and migration, we exploit a novel source
of data that contains detailed information on the migration histories and evolving social networks
of roughly 1 million individuals in Rwanda. These data, obtained from Rwanda’s near-monopoly
telecommunications company, contain the call detail records (CDR) for all mobile phone activity
that occurred in Rwanda from January 2005 until June 2009. For each mobile phone call that
occurs, the CDR contain a log of the (anonymized) phone numbers of the two parties involved in
the call, a timestamp for when the call was placed, and the identifiers for the cell phone towers
through which the call was routed, which in turn indicates the approximate geolocation of each
party at the time of the call. In total, we observe roughly 1 billion mobile phone calls between
roughly 1 million unique subscribers (Table 1).

By combining information on subscribers’ locations (based on the cell towers they use) and
social network structure (based on the people they speak to), we are able to study the relationship
between migration and social networks. To provide intuition, the network of a single migrant,
in the month before migration, is shown in Figure 2. This particular migrant (the green dot) had
twenty unique contacts in the month prior to migration, seven of whom were in his home district

network size and migration as the one we note in Section 4.1. Barwick et al. (2019) show that migrant flows in a Chinese
city correlate with call volume between regions, and link this information flow to improved labour market outcomes.
Both papers focus primarily on how on network size relates to migration, whereas our focus is on the role of higher-order
network structure, conditional on network size.

6. There is a large literature on social capital that studies how social structure fosters trust and cooperation in
a society. In particular, the importance of social pressures on fostering cooperation has deep roots in the sociology
literature (cf. seminal work by Simmel (1950) and Coleman (1988), among many others).

7. Jackson et al. (2012) and Ali and Miller (2016) provide recent examples. See also Ligon and Schechter (2012),
Jackson et al. (2012), Ambrus et al. (2015), and Chandrasekhar et al. (2018).

8. Early models include Kermack and McKendrick (1927) and Jackson and Wolinsky (1996); more recent
examples include Calvó-Armengol and Jackson (2004), Jackson and Yariv (2010), and Banerjee et al. (2013).
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TABLE 1
Summary statistics of mobile phone metadata

(1) (2)
In a single month Over 2 years
(January 2008) (July 2006–June 2008)

Number of unique individuals 432,642 793,791
Number of CDR transactions 50,738,365 868,709,410
Number of migrations 21,182 263,208
Number of rural-to-rural migrations 11,316 130,009
Number of rural-to-urban migrations 4,908 66,935
Number of urban-to-rural migrations 4,958 66,264

Notes: Migration statistics calculated from Rwandan mobile phone data. Column (1) is based on data from a single
month; column (2) includes 2 years of data, potentially counting each individual more than once. A “migration” in this
table is defined as occurring when an individual remains in one district for 2 consecutive months and then remains in a
different district for the next 2 consecutive months. We denote the three districts in the capital of Kigali as urban; the
remaining districts are considered rural. Supplementary Table A1 provides additional summary statistics for different
types of migration events.

FIGURE 2
The social network of a single migrant

Notes: Diagram shows the social network, as inferred from phone records, of a single migrant i. Nodes represent individuals; edges
indicate that two individuals communicated in the month prior to i’s migration. Direct contacts of i are shown in blue (for people i’s home
district), red (for people in i’s destination district), and solid grey (for people in other districts). Small hollow circles indicate i’s “friends
of friends,” that is, people who are not direct contacts of i, but who are direct contacts of i’s contacts. All individuals within two hops of
i are shown. Nodes are spaced using the force-directed algorithm described in Hu (2005).
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(blue dots), four of whom were in the destination district (red dots), and the remainder were in
other districts (grey dots). Friends of friends are depicted as hollow grey circles.9

This section describes how we use these data to observe the structure of each individual’s
social network over time (Section 2.1) and to extract each individual’s complete migration his-
tory (Section 2.2). Section 2.3 discusses limitations of these data. In our empirical analysis,
we remove personally identifying information (including phone numbers) from the CDR we
received from the mobile operator. In addition, to focus our analysis on individuals rather than
businesses, and to remove the potential impact of spammers and call centres, we remove all
transactions involving numbers with more than 200 unique contacts in a single month (this rep-
resents the 95th percentile). In later robustness checks, we confirm that these thresholds for
outlier removal do not affect our results.

2.1. Modelling social network structure with mobile phone data

Our central goal is to understand how the structure of an individual’s social network in different
geographic locations affects their likelihood of migrating to and from those locations. The social
network we observe is that of mobile phone communications. Specifically, we use the set of
calls occurring within a specific time frame (typically a month) to define the (undirected) social
network G at that time. Formally, let the network G be a matrix with Gi j = G ji = 1 if i and j
are observed to talk on the phone within a fixed time window and Gi j = G ji = 0 otherwise (this
includes Gii = 0). A path between i and j is an ordered sequence of distinct agents (i i1i2 . . . ih j)
such that any two adjacent agents are connected in the network. The distance between i and j,
denoted as d(i, j), is the length of the shortest path between i and j.10

Since network structure can be quite complex (as in Figure 2), we focus on two archetypal
ways that the topology of the social network influences the decision to migrate: through informa-
tion capital and cooperation capital. Following Jackson (2020), we think of information capital
as the potential for the social network to provide access to novel information—about jobs, new
opportunities, and the like. By contrast, we consider the cooperation capital as the network’s
ability to facilitate interactions that benefit from cooperation and community enforcement, such
as risk sharing and social insurance (similar to the notion of favour capital in Jackson, 2020).

2.1.1. Information capital. We construct a proxy measure of information capital for agent
i in network G by measuring the size of the agent’s second-degree neighbourhood (or unique
friends of friends, not counting direct contacts of the agent):

D2
i (G) = { j : d(i, j) = 2}. (1)

More generally, agent i’s kth-degree neighbourhood is Dk
i (G) = { j : d(i, j) = k}.

In Supplementary Appendix A1, we develop a model that provides microeconomic foun-
dations for this particular measure of information capital. Broadly speaking, it is intended to
capture the extensiveness of the agent’s network, that is, the extent to which one person is
linked to many others via short network paths (cf. Granovetter, 1973). This measure relates
closely to Jackson and Wolinsky’s (1996) notion of decay centrality and Banerjee et al.’s (2013)
measure of diffusion centrality. With both decay and diffusion centrality, information capital

9. Throughout, we use the term “friend” loosely, to refer to the contacts we observe in the mobile phone network.
These contacts may be friends, family, business relations, or something else.

10. If there is no path between i and j, then d(i, j) = ∞.
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8 REVIEW OF ECONOMIC STUDIES

increases with more friends, friends of friends, and so on.11 As the number of friends is an
agent’s endogenous choice which we will examine separately, the number of unique friends of
friends—the measure defined in equation (1)—is the key proxy to capture the individual’s access
to information in the outer network.

2.1.2. Cooperation capital. Our main proxy for an individual’s cooperation capital is net-
work support, that is, the probability that an agent i’s friend j has one or more friends in common
with i. Formally, agent i’s support in network G is 0 if i does not have any friend in G, otherwise

Supporti (G) ≡ #{ j : Gi j = 1 & (G2)i j ≥ 1}
#{ j : Gi j = 1} . (2)

This proxy is designed to measure the interconnectedness of the agent’s network, and relates
closely to the notion of favour capital in Jackson (2020), defined as the network’s “ability to
exchange favours and transact with others through network position and repeated interaction
and reciprocation” (p. 315). Importantly, cooperation capital is facilitated by different network
topologies than information capital: Supplementary Appendix A1 shows that group enforcement
is strong and cooperation is efficient when local sub-networks have high levels of support.12

Network support is also correlated with network clustering (the probability that two friends are
connected to each other), a metric we use in later tests of robustness.

2.1.3. Summary. Our empirical analysis distills the complex structure of social networks
into two stylized network statistics: Unique friends of friends, a proxy for information capital,
defined by equation (1); and % Friends with common support, a proxy for cooperation capital,
defined by equation (2). We will also show results pertaining to i’s degree centrality, |D1

i (G)|,
which simply counts the number of unique individuals with whom each person communicates.
Ancillary results will separately account for the strength of a social tie, which we measure as the
number of (undirected) calls between two individuals; when we compare strong and weak ties,
we consider “strong” ties to be those ties in the 90th percentile of the tie strength distribution
(equivalent to five or more calls per month).

For most of the analysis that follows, we partition the full social network of Rwandan mobile
subscribers (containing approximately 800,000 individuals) into twenty-seven location-specific
sub-networks, each of which is defined by the administrative districts of Rwanda.13 Thus, we
calculate equations (1) and (2) separately for each sub-network Gd , which only has entries for
individuals who reside in d. This simplifying assumption dramatically expedites our computa-
tional analysis, but assumes that agent i cannot derive social capital from a given district d via

11. Jackson (2020) describes information capital as “ability to acquire valuable information and/or spread it to
other people through social connections” (p. 4). Decay centrality (Jackson and Wolinsky, 1996) assumes each agent
receives a value q < 1 (the probability of information transmission) from each direct friend, a discounted value of q2

from each friend of friend, and so on. Diffusion centrality (Banerjee et al., 2013) further accounts for the fact that
multiple paths could increase the chance that information makes it from one individual to other.

12. See also the references in footnote 7. In particular, Ali and Miller (2016) model a dynamic game of repeated
cooperation and find that a clique network (a completely connected network) generates more cooperation and higher
average cooperation capital than any other networks; Jackson et al. (2012) model a game of repeated favour exchanges
and highlight the importance of supported relationships, where a link is supported if the two agents of the link share at
least one common friend.

13. Our analysis groups the three smaller and contiguous districts that comprise the capital of Kigali into one
“district”.
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people residing outside d. We therefore include analysis that shows how our main results are
affected by relaxing this assumption (see Section 4.3).

2.2. Modelling migration

2.2.1. Internal migration in Rwanda. Internal migration is a prominent feature of most
developing countries. According to the United Nations Population Division (2013), there are an
estimated 762 million internal migrants in the world. Yet, survey-based data on internal migra-
tion are notoriously unreliable, particularly in developing countries where many migrations are
temporary (Deshingkar and Grimm, 2005; McKenzie and Sasin, 2007; Carletto et al., 2012;
Lucas, 2015).

Our empirical analysis focuses on internal migration in Rwanda, a small agricultural econ-
omy in East Africa. Rwanda has high rates of poverty, estimated by the National Institute of
Statistics of Rwanda (2012) to be 56.7% in 2005 (the beginning of the period we study). While
fewer than 4% of Rwandan residents are born abroad, internal migration in Rwanda is common.
According to the National Institute of Statistics of Rwanda (2014), roughly 20% of the resi-
dent population has experienced a lifetime migration, with similar migration rates for men and
women. As with many predominantly agricultural societies, the most frequent type of internal
migration in Rwanda is from one rural location to another Lucas (2015). For instance, the World
Bank estimates that between 2005 and 2011, roughly two-thirds of all migrants went to rural
destinations; less than 20% of migrants were from rural-to-urban areas (World Bank Group,
2017).

The push and pull factors driving internal migration in Rwanda have varied over the last few
decades. The 1994 genocide and surrounding conflict were major drivers of internal migration
in the 1990s, but conflict has been far less common since 2000. While the National Institute of
Statistics of Rwanda (2014) did not collect data on migration motives, their analysis of patterns
of urban and rural migration by gender “suggests that males mainly migrate towards urban areas
for employment purposes while women tend to move shorter distances, either for marriage or
agricultural purposes” (p. 7). Likewise, a series of reports from the Famine Early Warning Sys-
tem highlights the role that agriculture and construction play in driving labour migration, but also
emphasizes the unpredictability of this demand (FEWS NET Rwanda, 2014). A more compre-
hensive study of internal migration in Rwanda, conducted by the World Bank Group (2017) and
based on nationally representative household survey data from 2014 (EICV4), notes other factors
common to many African countries: rural-to-urban migrations are driven by urban employment
opportunities and rural land shortages, and urban-to-rural migrations are frequently motivated
by the high cost of living in the city and a desire for lower density areas where farmland may be
available (especially in the Eastern Province).

2.2.2. Measuring migration with mobile phone data. We use mobile phone metadata to
provide a detailed quantitative perspective on the migration patterns of mobile phone owners in
Rwanda. This is possible because each time a mobile phone call is placed, the operator logs the
cell phone towers through which the caller and receiver were connected; typically, these are the
towers closest to the subscribers at the time of the call. As can be seen in Figure 3, this allows
us to approximately and intermittently locate each subscriber, with a geographic precision of a
few hundred metres in urban areas and several kilometres in rural areas.

We use the sequence of mobile phone towers to reconstruct each individual’s history of
migration. Our approach, described in more detail in Supplementary Appendix A3, builds on
prior methodological work to infer migration from mobile phone data (cf. Blumenstock, 2012;
Lai et al., 2019; Chi et al., 2020). To summarize, we first calculate the district of residence d
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10 REVIEW OF ECONOMIC STUDIES

FIGURE 3
Location of all mobile phone towers in Rwanda, circa 2008

Notes: Circles indicate cell tower locations. Dark/black lines represent district borders. Light/green lines show the voronoi polygons
roughly divide the country into the coverage region of each tower.

of every individual i in each calendar month t (districts are shown with black lines in Figure 3).
We do this using Supplementary Algorithm 1, which determines the district in which i spent
the majority of evenings during t.14 From this sequence of monthly residential locations, we
then determine whether or not each individual migrates in each month. Following Blumenstock
(2012), we say that a migration occurs in month t + 1 if three conditions are met: (1) the indi-
vidual’s home location is observed in district d for at least k months prior to (and including) t;
(2) the home location d ′ in t + 1 is different from d; and (3) the individual’s new home location
is observed to be district d ′ for at least k months after (and including) t + 1. Individuals whose
home location is observed to be in d for at least k months both before and after t are considered
residents, or stayers. Individuals who do not meet these conditions (such as individuals who do
not use their phone for an entire month, or individuals who do not remain in one district for k
consecutive months) are treated as “other” (and are excluded from later analysis).

Using this approach, we are able to provide granular detail on patterns of internal migration
in Rwanda. Table 1 provides summary statistics on internal migration events observed in the
mobile phone data, where a migration is defined as an instance where an individual stays in
one district for at least 2 months, then moves to a new district and remains in that new district
for at least 2 months (i.e. k = 2). The first column highlights data from a single month; the

14. For each evening hour, we infer i’s location as the district in which a majority of their calls occurred. We
then infer i’s location for the entire evening as the district in which the evening hours were spent. Ties are resolved with
a coin toss.
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second column aggregates over a 2-year period. Supplementary Table A1 includes summary
statistics for alternate definitions of migration—including different values of k and specific types
of migration that are prominent in the literature on internal migration in developing countries (cf.
Todaro, 1980; Lucas, 1997, 2015). Broadly, we observe a large number of repeat and circular
migrants, with a majority of migrants traveling long distances. We also note that, comparing
the rows of Supplementary Table A1, the implied migration rate decreases as the minimum stay
length k is increased. Such comparisons would be difficult with traditional survey data, which
typically capture a single definition of migration. In later analysis, we use a minimum stay length
of k = 2 as our base definition of migration, as the implied migration rate roughly matches
official statistics on internal migration provided by the Rwandan government (National Institute
of Statistics of Rwanda, 2014).

2.3. Data limitations and validation

While mobile phone data provide uniquely granular insight into the social networks and
migration decisions of a large population, they also have several important limitations.

2.3.1. Non-representative population. During the period under study (early 2005–early
2009), mobile phone penetration rose from roughly 5–22% (estimates based on the number of
subscribers who appear in our dataset). During this time, mobile phone subscribers in Rwanda
were not representative of the larger Rwandan population; survey evidence suggests they were
significantly wealthier, older, better educated, and are more likely to be male (Blumenstock
and Eagle, 2012). While this non-representativeness limits the external validity of our analysis,
survey evidence suggests that the population of phone owners and the population of migrants
have similar demographic characteristics.15 More importantly, our empirical specifications are
designed to limit the scope for patterns of phone ownership, including trends in mobile pene-
tration over time, to bias our results—see the discussion of omitted variable bias and shift-share
analysis in Section 3.3.

2.3.2. Phones are not people. The unique identifiers we observe are for mobile phone
numbers, not individuals. As noted above, we attempt to limit the extent to which firms and
organizations influence our analysis by removing phones with unusually high activity (as well
as any traffic associated with those phones). Still, when multiple people share the same phone
number, we may overestimate the size of an individual’s network. It is also possible that a sin-
gle individual might use multiple phone numbers, but we believe this was less common since
there was only one dominant phone operator at this time. In principle, our data make it possible
to uniquely identify devices and SIM cards, in addition to phone numbers. Of these, we believe
that phone numbers (which is portable across devices and SIM cards) most closely correspond
to unique individuals.

2.3.3. Construct validity. The social network we observe is the network of mobile phone
relations, which is a subset of all true social relations in Rwanda. This subset is non-random:
it is biased towards certain demographic groups; it systematically understates certain types of

15. For instance, the age distribution of migrants estimated from 2012 government census data (National Institute
of Statistics of Rwanda, 2014, Figure 11) is similar to the age distribution of a representative survey of mobile phone
owners in 2009 (Blumenstock and Eagle, 2010, Figure 2).
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relationships (such as those that are primarily face-to-face); and may overstate other more tran-
sient or functional relationships (such as with a shopkeeper). We address some of these concerns
through robustness tests that vary the definition of “social tie,” for instance by only considering
edges with several observed communication events (see Section 4.4). Other concerns are ame-
liorated by the fact that much of our analysis focuses on long-distance relationships, and during
this period in Rwanda the mobile phone was the primary means of communicating over distance.

Related, we measure migration based on the movement of phones, rather than with traditional
survey-based instruments. Prior work suggests that patterns of migration inferred from mobile
phone data broadly match inferences drawn from other sources—this includes work in Rwanda
using the same dataset as in this paper (Blumenstock, 2012; Williams et al., 2013), neighbour-
ing countries in East Africa (Wesolowski, Buckee, et al., 2013; Wesolowski, Eagle, et al., 2013;
Pindolia et al., 2014), as well as other low-income (Bengtsson et al., 2011; Lu et al., 2016; Lai
et al., 2019) and wealthy nations (Lenormand et al., 2014). In our context, the aggregate pat-
terns of population flows that we calculate from the mobile phone data between 2005 and 2009
are broadly similar to those reported in the 2012 Rwandan census, but there are discrepancies
between the two measurements. For instance, Supplementary Figure A1 compares estimates of
internal migration from the phone data (red bars) to those from the census (blue bars), as reported
by National Institute of Statistics of Rwanda (2014, p. 29). These inconsistencies could be due
to the non-representativeness of phone owners, to differences in how the two instruments define
migration,16 or to the fact that mobile phone data is a more sensitive instrument for detecting
human mobility than the typical census questionnaire.

3. IDENTIFICATION AND ESTIMATION

The focus of this paper is on understanding how social networks influence the decision to
migrate. While a host of other factors also influence that decision—from wage and amenity dif-
ferentials to physical distance and associated migration costs—we study how, holding all such
factors fixed, variation in social network structure systematically correlates with migration deci-
sions. In the stylized example of Figure 1, we ask whether a person with network G1 is more
likely to migrate than someone with network G2, whose network is marginally more intercon-
nected and would be expected to provide marginally more cooperation capital. We similarly
compare the migration decisions of such individuals to individuals with network G3, which is
slightly more extensive and would be expected to provide slightly more information capital. In
practice, of course, the actual network structures are much more complex (as in Figure 2). We
therefore use statistical models to estimate the effect of marginal changes in complex network
structure on subsequent migration decisions.

The central difficulty in identifying the causal effect of social networks on migration is that
the social networks we observe are not exogenous: people migrate to places where their networks
have certain characteristics, but this does not imply that the network caused them to go there.
Here, we describe our estimation strategy, and the identifying assumptions required to interpret
our estimates as causal.

16. Our algorithm defines a migrant as someone who remains in one district for 2 or more months and then
moves to another district for 2 or more months. The Rwandan census does not capture this type of short-term migration;
we instead show the census estimates of internal recent migrants, which are defined as “a person who moved to his/her
current district of residence 5 years or less prior to the census”.
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3.1. Simultaneity

An obstacle to understanding the causal effect of networks on migration is that migration deci-
sions may also shape networks. This would be expected if, for instance, migrants strategically
formed links to destination communities in anticipation of migration, or simply made a large
number of phone calls to their destination before migrating.

We address this concern in three principal ways. First, we study the effect of lagged network
characteristics on the current decisions of migrants. Specifically, we relate the migration decision
made by individual i in month t to the structure of i’s social network s months prior. As a concrete
example, when t = August 2008 and s = 2, we relate the August 2008 migration decision to the
structure of the individual’s social network in June 2008. Our main specifications use s = 2, but
we later show that our results are unchanged when with longer lags. Second, rather than focus
on the number of direct contacts a migrant has at home and in the destination, we focus on
the connections of those contacts, holding the number of contacts fixed (as in Figure 1). This
is because it seems easier for a migrant to directly control the number of contacts they have
in the destination and at home than it is for them to alter the higher-order structure of their
social network. Third, in tests described in Section 4.4, we adopt a “shift-share” specification
that relates migration decisions to changes in an individual’s higher-order network (for instance,
between t − 12 and t − 2), holding lower-order network structure fixed, in order to further limit
the extent to which the individual could endogenously shape their network.

These techniques reduce, but do not eliminate, the potential for simultaneity. In particular,
a migrant might plan her migration many months in advance of migration, and in that process
could change her higher-order network structure—for instance by asking a friend to make new
friends on her behalf, or by encouraging two friends to talk to each other. To gauge the extent to
which this might bias our results, we run several empirical tests, and find little evidence of such
anticipatory behaviour. For instance, Figure 4(a) shows, for a random sample of migrants, how
the geographic distribution of migrants’ social networks changes over time. Prior to migration,
roughly 40% of the average migrant’s contacts are in the origin and 25% are in the destina-
tion; 3 months after migration, these proportions have switched, reflecting how the migrant has
adapted to her new community. Notably, however, migrants do not appear to strategically form
contacts in the destination immediately prior to migrating; if anything, migrants shift their focus
to the people in the community they are leaving—and any deviations from the long-term trend
do not appear until the month of migration. These compositional changes do not mask a sys-
tematic increase in the number of contacts in the destination, or the number of total calls to the
destination: Supplementary Figure A2 indicates that the total number of contacts increases over
time, but there is no sudden spike in the destination district in the months before migration;
Supplementary Figure A3 shows analogous results for total call volume. As a sort of “placebo”
test, Figure 4(b) shows how networks evolve over time for non-migrants, where we draw a sam-
ple non-migrants that matches the temporal distribution of migrants from Figure 4(a).17 While
non-migrants have different network structure than migrants (in particular, non-migrants have a
higher fraction of contacts in their home district than migrants do), there are no sudden changes
in the composition of network structure of non-migrants. With non-migrants, as was the case
with migrants, we observe a slow long-term trend towards a larger share of communication
being within the home district.

What matters most to our identification strategy is that we similarly find no evidence that
migrants are systematically altering the higher-order structure of their social networks in the

17. Specifically, for each migrant who appears in Figure 4(a) and is observed to migrate in month t, we randomly
sample a non-migrant from the same month t to include in Figure 4(b).
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(a)

(b)

FIGURE 4
Changes in network structure over time. (a) Migrants. (b) Non-migrants

Notes: Figures show how the network connections of (a) migrants and (b) non-migrants evolves over time. For (a), we draw a random
sample of 10,000 migrants, and plot the average percentage of contacts those individuals have in the home, destination, and other districts,
in each of the 12 months before and 6 months after migration. The dashed vertical line indicates the date of migration. For (b), we draw a
random sample of 10,000 non-migrants by selecting, for each migrant who is sampled to appear in (a) and observed to migrate in month
t, a non-migrant from the same reference month t.
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months prior to migration. In particular, Supplementary Figure A4 indicates that while the num-
ber of migrants’ friends of friends slightly increases over time, there is no noticeable shift in
the months prior to migration. Supplementary Figure A5 shows similar results for the level of
common support in the network.18

3.2. Omitted variables

The second main threat to identification is the fact that network structure may be a proxy for
other characteristics of the individual (e.g. wealth, ethnicity) and location (e.g. population den-
sity, wages) that also influence migration. Our main strategy for dealing with such omitted
variables is to include an extremely restrictive set of fixed effects that control for many of the
most concerning sources of endogeneity. This strategy is possible because of the sheer volume
of data at our disposal, which allow us to condition on factors that would be impossible in
regressions using traditional survey-based migration data.

Our preferred specification includes fixed effects for each individual (roughly 800,000 fixed
effects), for each origin–destination–month tuple (roughly 18,000 fixed effects), and for the
number of direct contacts in the destination (roughly 100 fixed effects). The individual fixed
effects absorb all time-invariant individual heterogeneity (such as wealth, gender, ethnicity,
personality type, family structure, and so forth), and addresses the fact that some people are
inherently more likely to migrate than others (and have inherently different social networks).
The origin–destination–month fixed effects control for any factor that similarly affects all indi-
viduals considering the same origin–destination migration in the same month. This includes
factors such as physical distance, the cost of a bus ticket, location-specific amenities that all
migrants value equally, average wage differentials, and many of the other key determinants of
migration documented in the literature (including the usual “gravity” effects in a standard trade
or migration model).19 Finally, we include fixed effects for the number of first-degree contacts
in the destination in order to isolate the effect of differences in higher-order network structure
on migration.

3.3. Identification

To summarize, the identifying variation in our main specification is (1) within-individual over
time and (2) within-individual over potential destinations—in both instances, after controlling
for any factors that are shared by all people considering the same destination in the same month,
and for any effects that are common to all people with the same number of direct contacts in the
destination. An example of (1) could occur if, for instance, an individual had been considering a
move to a specific destination for several months, but only decided to migrate after his friends in
the destination became friends with each other (the G2 vs. G1 comparison of Figure 1)—and if
the increased interconnectedness exceeded the average increase of networks in that destination
(as might occur around the holidays, for instance). An example of (2) could occur if, in a given

18. In Section 4.4, we further show that there are no sudden changes in higher-order structure even after
“freezing” the migrant’s contacts at t − 12.

19. For instance, we know that rates of migration are higher to urban centres, and that social networks in urban
centres look different from rural networks. Including a destination fixed effect removes all such variation from the identi-
fying variation used to estimate the effect of networks on migration. The origin–destination–month fixed effects remove
destination-specific variation, as well as more complex confounding factors that vary by destination and origin and time,
such as the possibility that the seasonal wage differential between two districts correlates with (lagged) fluctuations in
social network structure.
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month, a single migrant were choosing between two destination districts, had the same number
of contacts in each district, and then decided to migrate to the district where his contacts were
more interconnected. Prima facie, it may seem unlikely that such small differences would shape
the decision to migrate, but our data allow us to ascertain whether, across millions of individual
migration decisions, such a general tendency exists.

The fixed effects we include significantly reduce the scope for omitted variables to bias our
estimates of the effect of network structure on migration, but they do not eliminate such bias
entirely. If, for instance, origin–destination wage differentials are individual-specific, our fixed
effects will not help. This might occur if carpenters’ networks in a particular district grew more
interconnected over time (relative to carpenter network growth in other districts) than farmers’
networks in that district (again relative to farmers’ networks in other locations), and if migration
rates of carpenters to that district are higher for reasons unrelated to network structure. Likewise,
our use of lagged network structure reduces, but does not eliminate, the likelihood that a migrant
would first decide to migrate and then modify his network accordingly.

We revisit these concerns, and other possible threats to identification, in Section 4.4, after
introducing the estimation strategy and presenting the main results. In Section 4.4, we precisely
state the identifying assumption, discuss the most likely threats to identification, and perform a
number of tests to assess the plausibility of this identification strategy.

3.4. Estimation

Formally, for an individual i considering a move from home district h to destination district
d in month t, we wish to estimate the effect of a vector of (s-lagged) network characteristics
Zid(t−s) on the migration decision. This is a discrete choice setting in which i faces twenty-seven
mutually exclusive choices in month t, one for each district d in Rwanda (including the home
district h). We assume the indirect social capital i would receive from being in d is a function of
individual characteristics (μi ), fixed characteristics of d in the month the choice is being made
(πdt and νdt for destination and home districts, respectively), and a vector of choice-specific
attributes that may also differ across individuals (Zid(t−s)):

Uidt = 1(d �= h)
[
β ′
d Zid(t−s) + πdt

] + 1(d = h)
[
γ + β ′

h Zid(t−s) + νdt
] + μi + εidt . (3)

Our focus is on the influence of i’s network Zid(t−s) (measured with s lags), which the above
formulation allows to differ for home networks (d = h) and destination networks (d �= h). The
vectors βd and βh contain the coefficients of interest, which indicate the average effect of desti-
nation and home network properties, respectively, on the probability of migration. The parameter
γ captures the average tendency for individuals to not migrate.

Assuming that εidt is drawn from an extreme value distribution, i will choose d at time t with
probability:

P(Midt = 1) = exp(Ũidt )

�d ′ exp(Ũid ′t )

which can be estimated with a conditional logit model (using Ũ to denote U without the distur-
bance term ε).20 We omit μi from Ũ because it does not vary across the set of choices faced by
i in month t.

20. We use the approach described by Eaton et al. (2012) and Sotelo (2019) to estimate the multinomial model
by Poisson pseudo-maximum likelihood—see also Correia et al. (2019).
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Since much of our focus will be on understanding how the shape of an individual’s higher-
order network structure relates to their decision to migrate, many specifications will additionally
control flexibly for the size of i’s first-degree network:

Uidt = 1(d �= h)
[
β ′
d Zid(t−s) + πdt +

∑
k

ηk1(Did(t−s) = k)
]

+ 1(d = h)
[
γ + β ′

h Zid(t−s) + νdt +
∑
k

ζk1(Did(t−s) = k)
]

+ μi + εidt . (4)

In the above specification, the vectors of fixed effects ηk and ζk allow for migration probabil-
ities to differ for people with different numbers of unique contacts k both at home and in the
destination.

When estimating equations (3) and (4), individuals are only considered in months where they
can be classified as a migrant or a non-migrant in that month. When an individual is classified as
“other” (see Section 2.2), those observations are excluded from the regression. Except as noted,
specifications use cluster robust standard errors, clustered by individual. Alternative treatments
of the standard errors are discussed in Section 4.4.

4. RESULTS

4.1. The effect of network size in the destination and at home

Table 2 summarizes the main results from estimating the multinomial logit model (3) of the
migration decision on lagged network structure. We find that on average, each additional contact
in the destination is associated with a 0.316% increase in the likelihood of migration to that
destination (column (2)), and each contact at home is associated with a 0.081% decrease in the
likelihood of migration. As discussed in Section 3.3, these coefficients are identified by changes
within the individual’s network over time, and across destinations in a single period. Comparing
the coefficients on Destination degree and Home degree in the first two columns, we can compare
the “push” and “pull” forces of networks on migration (cf. Hare, 1999): the effect of adding one
additional contact in the destination is roughly 4–6 times as important as an additional contact
at home.

The coefficients in the first row of Table 2 validate a central thesis of prior research on
networks and migration, which is that individuals are more likely to migrate to places where they
have more connections. But the richness of our data allow us to do much more than simply look
at these average effects. For instance, Figure 5(a) shows how the average migration rate varies
by degree centrality at destination (i.e. the number of unique contacts of the individual). We
observe that, for instance, roughly 4% of individuals with ten contacts in a potential destination
d in month t − 2 migrate to that location at t. More broadly, we observe that the relationship
between migration and network size is positive, monotonic, and approximately linear with slope
of unity.

Just as migrants appear drawn to destinations where they have a large number of contacts,
migrants are less likely to leave origins where they have a large number of contacts. Figure 5(b)
shows the monotonically decreasing relationship between migration rates and the individual’s
degree centrality at home, where the probability of leaving home decreases in proportion to the
size of the home network.
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TABLE 2
Effects of home and destination network structure on migration

(1) (2) (3)

Destination degree (network size) 260.24∗∗∗ 315.86∗∗∗
(2.48) (2.53)

Destination % friends with support 2586.98∗∗∗ 2270.11∗∗∗ 182.84∗∗∗
(11.50) (12.03) (11.75)

Destination friends of friends −2.16∗∗∗ −5.03∗∗∗ −0.14∗∗∗
(0.08) (0.09) (0.06)

Home degree (network size) 41.67∗∗∗ 81.34∗∗∗
(1.15) (1.27)

Home % friends with support 845.24∗∗∗ 815.48∗∗∗ 105.62∗∗∗
(17.17) (17.38) (17.89)

Home friends of friends 2.35∗∗∗ 0.52∗∗∗ 1.38∗∗∗
(0.04) (0.05) (0.04)

Home district 8229.08∗∗∗
(9.54)

Observations 184,637,637 184,637,637 184,637,637
Pseudo-R2 0.68 0.68 0.68
Degree fixed effects No No Yes
Destination × Month fixed effects No Yes Yes
Individual × Month fixed effects Yes Yes Yes

Notes: Each observation corresponds to an individual–month–district tuple. Each column indicates a separate regression
of a binary variable indicating 1 if an individual i chose to live in district d in month t. Results are estimated using a
conditional logit model, using social network characteristics of the location calculated in month t − 2. “Home district”
is a binary variable indicating whether the destination choice in t is i’s home in t − 1. Degree fixed effects, as well
as Destination × Month fixed effects, are interacted with the Home district fixed effect. See discussion in Section 3.4.
Coefficients and standard errors are multiplied by 1,000 to make the tables more readable. Standard errors are clustered
by individual. ∗ p < 0.1; ∗∗ p < 0.05; ∗∗∗ p < 0.01.

(a) (b)

FIGURE 5
Migration and degree centrality (number of unique contacts in network). (a) Degree centrality at destination. (b) Degree

centrality at home
Notes: Lower histograms indicate the unconditional degree distribution, that is, the number of individual–month observations for each
degree centrality (i.e. the number of unique contacts) in the (a) destination network and (b) home network. The upper figures show, at
each level of degree centrality (in month t − 2), the average migration rate (in month t). Error bars indicate 95% confidence intervals,
using the Wilson Score interval for binomial proportions.
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4.2. Higher-order network structure

We next examine the role of higher-order network structure—that is, the connections of the indi-
vidual’s contacts—in migration decisions. This analysis uses specification (4), which includes
fixed effects for each possible network size, so that identification now comes from changes (over
time and across destinations) in the inter-connections of the migrant’s network (i.e. the connec-
tions of i’s connections), holding the number of direct contacts fixed. Results in the second and
third rows of Table 2 highlight the two main results that we explore in greater detail below:
migrants are more likely to go to places where their destination networks are more intercon-
nected (row 2); but they are in fact less likely to migrate to destinations where their contacts
have a large number of contacts (row 3).21

4.2.1. Network “interconnectedness”. The results in Table 2 indicate that, on average,
migrants are more likely to go do destinations that are more interconnected. In other words,
networks like G2 in Figure 1 are more attractive than networks like G1.22 Our data allow us to
disaggregate this effect, and unpack how migration rates vary at different levels of network inter-
connectedness. In particular, the left panels (a and c) of Figure 6 show how the average migration
rates varies with network support, the measure of interconnectedness defined by equation (2).
The lack of a clear trend in the left panels is difficult to interpret in part because network support
can vary systematically with network size. For this reason, the right panels (b and d) of Figure 6
show how migration varies with network support, holding network size fixed.

Specifically, the right panels of Figure 6 are produced by plotting the βkd and βkh coefficients
from:

Uidt = 1(d �= h)

[∑
k

1(Did(t−s) = k)[ηk + β ′
kd Zid(t−s)] + πdt

]

+ 1(d = h)

[
γ +

∑
k

1(Did(t−s) = k)[ζk + β ′
kh Zid(t−s)] + νdt

]
+ μi + εidt . (5)

This specification is directly analogous to specification (4), which was used to estimate column
(3) of Table 2. The key difference is that where specification (4) provided a single estimate of the
average effect of network support on migration, specification (5) estimates the effect of network
support Zid(t−s) separately for each unique value of network size k.

Panels (b) and (d) of Figure 6 reinforce the prior finding that people are systematically drawn
to places where their networks are more interconnected: most coefficients in Figure 6(b) and (d)
are (weakly) positive, indicating that migrants with a wide variety of network sizes are drawn
to places where those networks are more interconnected. The figure also adds a level of nuance
that would not be possible with traditional survey-based data. For instance, the fact that the
βkd coefficients in Figure 6(b) are generally increasing indicates that as the potential migrant

21. Similar results are obtained when focusing on the choice of destination among individuals who have already
decided to migrate: Supplementary Table A2 presents multinomial logit results estimated just on the subset of individual–
month where the individual is observed to migrate. The results across columns are qualitatively unchanged from the main
results in Table 2.

22. It is worth noting that in other settings, more network interconnections are not necessarily attractive. For
instance, Ugander et al. (2012) show that people are less likely to sign up for Facebook when their pre-existing Facebook
friend network is more interconnected.
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(a) (b)

(c) (d)

FIGURE 6
Migration and network “interconnectedness” (friends with common support). (a) Network support at destination.

(b) Network support at destination, by degree. (c) Network support at home. (d) Network support at home, by degree
Notes: Network support indicates the fraction of contacts supported by a common contact (see Section 2.1). In all figures, the lower
histogram shows the unconditional distribution of the listed variable. Figures in the left column (a and c) show the average migration rate
for different levels of network support. Figures in the right column show the βk values estimated with model (5), that is, the correlation
between migration and support for individuals with different sized networks (network degree) after conditioning on fixed effects. Top row
(a and b) characterizes the destination network; bottom row (c and d) characterizes the home network. Error bars for (a) and (c) indicate
95% confidence intervals, using the Wilson Score interval for binomial proportions. Error bars for (b) and (d) indicate 95% confidence
intervals, two-way clustered by individual and by home–destination–month. Coefficients and standard errors on (b) and (d) are multiplied
by 1,000 to make figures legible.

has more direct contacts in the destination, the value of interconnections between those con-
tacts increases. Supplementary Figure A6 finds qualitatively similar results when using network
clustering, instead of network support, as a measure of interconnectedness.23

23. The distinction between support and clustering is that the former counts the proportion of i’s friends with one
or more friends in common, the latter counts the proportion of all possible common friendships that exist—see Jackson
(2010).
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To provide further intuition for these results, and the variation that identifies them, we con-
duct the following test: We pull a random sample of 20,000 individuals who have exactly two
contacts in a specific district for 4 consecutive months. We then calculate, for each person,
whether those two contacts are became more connected or disconnected at the end of the 4-
month period (by regressing a dummy for triadic closure on a linear time trend); we then compare
the migration rate in month 5 among the population whose two contacts became more connected
relative to the migration rate in month 5 of the population whose two contacts became less con-
nected. The migration rate is 2.2% in the former group and 1.3% in the latter. In other words,
when focusing on a sample who consistently have exactly two contacts in the destination, rates
of migration are higher when a given individual’s two contacts become more connected (over
the 4-month period) than when they become more disconnected (over the 4-month period).

4.2.2. Network “extensiveness”. The relationship between migration and network exten-
siveness is more surprising and subtle. Here, we are interested in the generalized comparison
between G1 and G3 in Figure 1, and use the size of an individual’s second-degree network
|D2

i (G)| (i.e. their unique friends of friends) as a measure of extensiveness. Without controlling
for the size of an individual’s network, there is a strong positive relationship between migra-
tion and extensiveness in the destination (Figure 7(a)), and a strong negative relationship with
extensiveness in the origin (Figure 7(c)). The shape of these curves resemble the relationship
between migration rate and degree centrality shown earlier in Figure 5: average migration rates
increase roughly linearly with the number of friends of friends in the destination, and decrease
monotonically with the number of friends of friends at home.

Of course, the number of friends of friends a person has is heavily influenced by the number
of friends that person has. Thus, Figure 7(b) and (d) shows how the number of friends of friends
relates to migration, using specification (5) to hold fixed the number of friends. For the home
network, Figure 7(d) indicates the expected pattern: the fact that all of the coefficients are posi-
tive suggests that given a fixed number of friends at home, people are less likely to leave when
those friends have more friends. We also observe that the number of friends of friends at home
matters more for people with fewer direct contacts—by the time an individual has a very large
number of direct home contacts, their contacts’ contacts matter less.

The surprising result is Figure 7(b), which indicates that the likelihood of migrating does not
generally increase with the number of friends of friends in the destination, after conditioning on
the number of friends. The friend of friend effect is positive for people with just one contact,
but negative for people with three or more destination contacts. Averaged over all migrants, this
effect is small but negative and statistically significant (row 3 of Table 2). This result is difficult
to reconcile with standard models of information diffusion (e.g. Kempe et al., 2003; Banerjee
et al., 2013). Indeed, much of the literature on migration and social networks suggests that, all
else equal, individuals would be more likely to migrate if they have friends with many friends,
as such networks would provide more natural conduits for information about job opportunities
and the like.

We run a large number of empirical tests to convince ourselves that this pattern is not an
artefact of our estimation or measurement strategy—several of these are described in Section
4.4. However, the data consistently indicate that the average migrant is no more likely to go
to places where she has a large number of friends of friends. This is perhaps most transparent
in Supplementary Figure A7, which shows the distribution of the count of friends of friends
for all migrants and non-migrants with exactly ten friends in the potential destination. Among
this sample, it is apparent that, on average, non-migrants have more friends of friends in the
destination networks than migrants.
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(a) (b)

(c) (d)

FIGURE 7
Relationship between migration and “extensiveness” (unique friends of friends). (a) Friends of friends at destination.

(b) Friends of friends at destination, by degree. (c) Friends of friends at home. (d) Friends of friends at home, by degree
Notes: Main figures in the left column (a and c) show the average migration rate for people with different numbers of unique friends of
friends. Figures in the right column show the βk values estimated with model (5), that is, the correlation between migration and unique
friends of friends for individuals with different numbers of friends, after conditioning on fixed effects. Top row (a and b) characterizes
the destination network; bottom row (c and d) characterizes the home network. Lower histograms show the unconditional distribution
of the independent variable. Error bars for (a) and (c) indicate 95% confidence intervals, using the Wilson Score interval for binomial
proportions. Error bars for (b) and (d) indicate 95% confidence intervals, two-way clustered by individual and by home–destination–
month. Coefficients and standard errors on (b) and (d) are multiplied by 1,000 to make figures legible.

4.3. Heterogeneity and the “friend of friend” effect

The effect that networks have on the “average migrant” masks considerable heterogeneity in how
different types of migrants are influenced by their social networks. Supplementary Tables A3–A5
disaggregate the results from Table 2 along several dimensions that are salient in the migration
literature: whether the migrant has previously migrated to the destination (Supplementary Table
A3); whether the migrant stays in the destination for a long period of time (Supplementary
Table A4); and whether the migration is between adjacent districts or over longer distances
(Supplementary Table A5).
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4.3.1. Heterogeneity and unawareness of the broader network. Several patterns can
be discerned from these tables, but we focus our attention on how the network “extensive-
ness” effect changes with these different subgroups, as that was the most unexpected of the
above results. Here, we find that for certain types of migration—repeat migrations, long-term
migrations, and short-distance migrations—the number of friends of friends is positively or
insignificantly correlated with migration rates. Each of these types of migration are signifi-
cantly less common than the typical migration event (a first-time, short-term, and long-distance
migration)—hence the negative average effect observed in Table 2.

This heterogeneity suggests one possible explanation for the unexpected “friend of friend”
result: the average migrant may simply be unaware of the higher-order structure of their desti-
nation network. Such an explanation is supported by several other studies that find that people
have incomplete information about the friends of their friends (Friedkin, 1983; Casciaro, 1998;
Chandrasekhar et al., 2016). This lack of information is likely to be most pronounced when the
would-be migrant lives far from, or has less experience with, the destination friend’s community.
And indeed, this is what the heterogeneity suggests: the migrants who are positively influenced
by extensive destination networks are the migrants who seem likely to be more familiar with
the structure of those networks. When the destination is more familiar, it begins to resemble the
home network, where people have good information on (proxies for) their friends’ centrality
(Banerjee et al., 2019).

4.3.2. Recent migrants, recent visits, and strong and weak ties. Supplementary Tables
A6–A8 indicate that the “extensiveness” of a migrant’s destination network does not increase
their probability of migration, even after accounting for several other factors that likely matter
in the decision to migrate. For instance, we observe that people are more likely to go to places
where their contacts have recently migrated. Coefficient estimates in column (3) of Supplemen-
tary Table A6 indicate that knowing a contact who previously made a specific origin–destination
migration increases the likelihood of the migrant choosing that destination by 2–2.5 times the
amount as knowing anyone else in the destination. The effect is similar for recent migrants who
arrived in the destination very recently (last month) as for recent migrants who arrived at any
point prior.

Likewise, Supplementary Table A7 controls for a binary variable indicating whether i ever
appeared in district d in the month prior to t. In column (2), a “prior visit” is defined as making
or receiving a call or text message from a tower in d; in column (3), we only consider activity
that occurs between 6pm and 7am, in an effort to capture overnight visits. There is a strong
correlation between such visits and migration (the effect is roughly 12 times as large as the effect
of an additional direct contact in the destination). Controlling for these in-person visits does
not change the qualitative role that networks play in shaping migration, but it does noticeably
attenuate the effect of destination network structure (i.e. the effect of direct contacts decreases
by roughly 30% and the effect of support decreases by roughly 40%), suggesting the in-person
experience might substitute for network connections. Controlling for in-person visits has little
effect on the influence of home network structure.

Supplementary Table A8 disaggregates the effect of social network connections by the
“strength” of the social tie, where we define a “strong” tie as a contact with whom the indi-
vidual communicates five or more times in the reference month (this is equivalent to the 90th
percentile of communication frequency). Here, and consistent with recent work by Giulietti et
al. (2018), we find that both strong and weak ties matter in migration: the effect of a strong des-
tination tie is 0–34% larger than that of a weak destination tie; at home, the effect of a strong tie
is 150–200% larger than a weak tie.

D
ow

nloaded from
 https://academ

ic.oup.com
/restud/advance-article/doi/10.1093/restud/rdad113/7473610 by guest on 05 January 2024

http://academic.oup.com/restud/article-lookup/doi/10.1093/restud/rdad113#supplementary-data
http://academic.oup.com/restud/article-lookup/doi/10.1093/restud/rdad113#supplementary-data
http://academic.oup.com/restud/article-lookup/doi/10.1093/restud/rdad113#supplementary-data
http://academic.oup.com/restud/article-lookup/doi/10.1093/restud/rdad113#supplementary-data


24 REVIEW OF ECONOMIC STUDIES

FIGURE 8
The role of (higher-order) strong and weak ties in a migrant’s network

Notes: Thick edges represent “strong” ties and thin edges represent “weak ties” The ± signs summarize the effect that j has on i’s
likelihood of migration, based on the coefficients along the diagonal of Supplementary Tables A9 and A10.

Also interesting is the effect of higher-order tie strength on migration decisions. In particular,
our main results suggest that a migrant i is drawn to locations where i’s contact j has a friend
in common k, but that i is indifferent or repelled if k is not a common friend of i. However, this
average effect hides a more nuanced pattern: when disaggregating by tie strength, we observe
that the negative effect is driven by situations where the i–j tie is weak but the j–k tie is strong—in
other words, when the migrant has a tenuous connection to the destination and that tenuous
connection has strong connections to other people in the destination.

These results are presented in Figure 8, which summarizes the regression coefficients from
Supplementary Tables A9 and A10. The figure indicates the sign of the regression coefficient
(using ±labels) from a regression of i’s migration decision on the number of different types of
i–j links, where type is determined by the strength of the i–j link (strong ties shown with thick
lines, weak ties shown with thin lines) and the existence and strength of the j–k link. The four
figures on the left, based on Supplementary Table A9, indicate that migrants are generally drawn
to places where their contacts have many ties, but that they are deterred when their weak ties
have a large number of strong ties. Similarly, the set of triangles on the right show all possible
configurations of a supported i–j tie (based on Supplementary Table A10), and indicate that
supported links are positively correlated with migration in all cases except when the i–j tie is
weak and the j–k tie is strong.

This heterogeneity is consistent with the notion, proposed by Dunbar (1998) and others,
that people might have a capacity constraint in the number of friendships they can effectively
support, which in turn might induce a degree of rivalry for the attention of a friend. In our context,
migrants may be drawn to places where they receive their friends’ undivided attention.24

24. Dunbar originally proposed that humans could maintain roughly 150 stable relationships, since “the limit
imposed by neocortical processing capacity is simply on the number of individuals with whom a stable inter-personal
relationship can be maintained”. In the migration context, Beaman (2012) and Dagnelie et al. (2019) find evidence that
migrants may compete with each other for economic opportunities. See also Wahba and Zenou (2005), who empirically
test the trade-off between information and rivalry in an Egyptian labour market survey. They show that up to a certain
(network) size, the network information effect dominates the competition (rivalry) effect so that network is always
beneficial for finding a job. However, above a certain size, the second effect dominates the first one so that agents have
less chance of finding job when network size increases.
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4.3.3. Beyond location-specific sub-networks. The regression results presented above cal-
culate network extensiveness and interconnectedness based on location-specific sub-networks at
home and in the destination. It is possible, however, that the social capital from network con-
nections may cross geographic boundaries. For instance, a potential migrant i in home district h
might receive information about a destination district d from a person k (who lives in d) via a
common friend j that lives at home h or in a district other than d. We therefore show how results
change when we relax restrictions on the location of the intermediate contact j.

Results in Supplementary Table A11 suggest that the main results—and in particular the
negative role of extensiveness—do not depend on restrictions on the location of intermediate
connections. For reference, column (1) of Supplementary Table A11 replicates the prior result
from column (3) of Table 2. Column (2) of Supplementary Table A11 then shows results when
i’s direct contact j lives in the home district d; we observe that the coefficient associated with net-
work extensiveness (i.e. unique friends of friends) remains negative, and is in fact much larger in
magnitude than in column (1)—the increase is likely due to the fact that when i’s home network
includes an additional contact j to intermediate the connection to k, this also directly increases i’s
propensity to remain at home.25 Column (3) allows for both types of network support (intermedi-
ated by destination friends and intermediated by home friends) to jointly influence the migration
decision; both coefficients remain negative.

4.4. Robustness and identification (revisited)

Section 3.3 introduced our identification and estimation strategy. For our estimates to be causal
requires the identifying assumption that E[εidt |πdt , μi , ηk] = 0. In other words, we assume that
the variation in higher-order network structure we observe is exogenous, conditional on the
identity of the individual making the migration decision, the origin–destination–month choice
being made, and the number of direct contacts the individual has in that destination in that month.
Here, we discuss and test the limitations of that assumption, focusing on the two main threats to
identification highlighted in Section 3.3: simultaneity and omitted variable bias.

4.4.1. Evidence against simultaneity: temporal lags and “shift-share” analysis. Our
identification relies, in part, on the assumption that migrants do not strategically shape the
higher-order structure of their social networks after making the decision to migrate. To support
this assumption, Supplementary Figures A4 and A5 indicate that, even among eventual migrants,
there are no sharp changes in average higher-order network structure in the months leading up
to migration. Here, we provide additional analysis related to this identifying assumption.

First, we increase the lag between measurement of network structure and migration. Our
main specifications (e.g. Table 2) test how migration decisions in month t (e.g. August 2008)
relate to social network structure in month t − 2 (e.g. June 2008). Supplementary Table A12
shows that results are qualitatively unchanged when migration in t is regressed on network
structure in t − 6 instead. Migrants may plan migrations more than 6 months in advance, but
the similarity of the results using 2-month vs. 6-month lagged networks suggests that strategic
network formation is not driving our results.

Second, we test a “shift-share” specification that relates migration decisions to changes in an
individual’s higher-order destination network structure, holding lower-order network structure

25. Likewise, the negative coefficient on destination support (intermediated by common friends at home) in
column (2) is likely do to the fact that the additional contact at home required to increase destination support has a
dampening effect on the migrant’s propensity to leave home.
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fixed. Specifically, we define an early period t0 (e.g. 12 months prior to migration) and a late
period t1 (e.g. 2 months prior to migration), and measure the change in the higher-order network
structure of each individual i between t0 and t1. In these specifications, we “freeze” the set of
i’s direct contacts at t0, in an effort to reduce the endogenous decisions that i makes about their
direct contacts (over whom they presumably have more direct control). The identifying variation
in the shift-share specification comes from changes in the contacts of i’s “frozen” contacts.

As intuition, Supplementary Figures A8 and A9 reconstruct Supplementary Figures A4 and
A5, but hold fixed each migrant’s contacts at t − 12 to show how higher-order structure of that
fixed network changes over time in the months leading up to, and immediately following, the
eventual migration. In Supplementary Figure A8, we observe no sudden or gradual changes
in the average number of friends of i’s friends from t − 12. In Supplementary Figure A9, we
observe a gradual decrease in network support, but no sudden changes in the months immediately
prior to migration.26 The lack of sudden changes suggests that migrants are not systematically
altering the high-order structure of their social networks in anticipation of migration.

Supplementary Table A13 presents regression results of the shift-share approach, in a format
similar to Table 2, but now holding fixed i’s contacts from t0={6,12} months prior to migration.
In both cases, we measure changes in higher-order network structure based on the connections
of the intersection of i’s contacts at t0 and t1, that is, the set of contacts who were connected
to i in both t0 and t1. All specifications set the late period t1 at 2 months prior to migration.
The results of the shift-share analysis are broadly consistent with the main results in Table 2.
Increases in friends of friends that occur within i’s frozen-in-time contacts in the destination are
insignificantly or negatively correlated with migration. Increases in support in the destination
are positively associated with migration. We also note that the total predictive power of changes
in network structure is limited (i.e. the partial R2 values in Supplementary Table A13 are all less
than 0.02). If migrants were systematically shaping their higher-order networks in anticipation
of migration (and in advance of the t − 2 lag used in our main specification), it is likely that such
behaviour would better predict migration.

4.4.2. Evidence against omitted variable bias: increasingly restrictive fixed effects. Our
preferred conditional logit specification (3) includes fixed effects for each individual (μi ), each
destination–month combination (πdt ), and each destination degree centrality (ηk). While these
account for the most likely sources of omitted variable bias, there are scenarios in which this
assumption could be violated (as in the carpenter/farmer example in Section 3.3). We there-
fore run a series of robustness checks that further isolate the identifying variation behind the
regression results presented above.

In particular, we temporarily switch to a linear regression specification, which makes it pos-
sible to include a very restrictive set of fixed effect that we could not estimate with a conditional
logit specification. In the linear specification, we define migration Mihdt as a binary variable
equal to 1 if the individual chooses to move from h to d at t and 0 otherwise, and estimate:

Mihdt = β ′Zihd(t−s) + πhdt + μi +
∑
k

ηk1(Did(t−s) = k) + εihdt , (6)

26. The gradual decrease in support is likely due to the fact that any specific edge in the network (including the
j–k edge that provides support to the migrant i’s edge with k) has a positive probability of disappearing over time. For
each j–k edge that disappears, support will decrease unless it is replaced by a different j–m edge involving an m who is
also connected to i. By contrast, we do not observe a gradual decrease in i’s friends of friends. This is likely because j
can replace a lost contact with any m—including those not connected to i—and maintain the same number of friends of
friends.
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where πhdt are (home district × destination district × month) fixed effects, μi are individual
fixed effects, and Did(t−s) is i’s degree centrality.27

Column (1) of Supplementary Table A14 presents the results of estimating (6), using fixed
effects similar to those in our preferred conditional logit specification (Table 2): πhdt , μi , and ηk .
The linear model results are qualitatively similar: while additional network support increases the
likelihood of migration to the destination, additional friends of friends do not increase migration
likelihood. Column (2) in Supplementary Table A14 then includes fixed effects for each indi-
vidual–month pair, so that the identifying variation comes within individuals in a given month
but across potential destination districts.28 Column (3) instead includes separate fixed effects
for each individual–destination pair, so that the β coefficients are identified solely by variation
within individual–destination over time.29 Column (4) includes fixed effects for each individ-
ual–degree, exploiting variation between all destinations where a single individual has the exact
same number of contacts. Column (5), which includes over 600 million fixed effects, isolates
variation within individual–home–destination observations over time. In all instances, the coef-
ficients of interest are quite stable, and in particular, the average effect of additional friends of
friends is either negative or insignificant (or both).

4.4.3. Additional tests of robustness. We perform several additional tests to check whether
the main results are sensitive to different measurement strategies used to process the mobile
phone data. Since these results show a very similar picture and are highly repetitive, we omit
them for brevity:

• How we define “migration” (choice of k): Our main specifications set k = 2, that is, we say
an individual has migrated if she spends 2 or more months in d and then 2 or more months
in d ′ �= d . We observe qualitatively similar results for k = 1 and k = 3.

• How we define the “social network” (reciprocated edges): In constructing the social net-
work from the mobile phone data, we normally consider an edge to exist between i and j if
we observe one or more phone call between these individuals. As a robustness check, we
take a more restrictive definition of social network and only include reciprocated edges, that
is, cases where i calls j at least once and j calls i at least once.

• Treatment of outliers (removing low- and high-degree individuals): Our main specifica-
tions remove from our sample all individuals (and calls made by individuals) with more than
200 unique contacts in a single month (this represents the 95th percentile). This is intended
to remove spammers, calling centres, “public” phones, and large businesses. In robustness
tests, we also remove individuals from our regressions with fewer than two contacts, to
address concerns that individuals with just one or two friends could bias linear regression
estimates, and that network support is sometimes considered undefined for individuals with
fewer than two contacts.

27. When estimating equation (6), we include one observation for each potential destination d of each individual
i in each month t. We define a “potential destination” as any non-home district d �= h. Thus, the regression includes at
most 26 observations for each individual i in each month t.

28. Such variation would occur if, for example, in a given month, a single migrant were choosing between two
destination districts, had the same number of contacts in each district, and then decided to migrate to the district where his
contacts were more interconnected—and if that additional interconnectedness exceeded the extent to which all networks
in that destination were more interconnected.

29. This could reflect a scenario where an individual had been considering a move to a particular destination
for several months, but only decided to migrate after his friends in the destination became friends with each other (the
G2 vs. G1 comparison of Figure 1)—and where that tightening of his social network exceeds the average tightening of
networks in that destination (as might occur around the holidays, for instance).
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4.4.4. Summary. The fact that social networks are not randomly assigned makes it difficult
to firmly establish the causal effect of networks on migration. In our setting, we exploit the rich
data at our disposal to develop an identification and estimation strategy that offers, in our view, a
plausible method to study the influence of higher-order network structure on migration. Specifi-
cally, we make the identifying assumption that E[εidt |πdt , μi , ηk] = 0, and use the large quantity
of data to estimate these fixed effects (πdt , μi , ηk). This allows us to focus on how higher-order
network structure, conditional on lower-order structure, relates to lagged migration decisions.
The preceding sections provide evidence in support of this identifying assumption, and against
many common alternative explanations for our results. Still, it remains an assumption, and we
acknowledge that our identification is not bulletproof.

If this causal interpretation does not seem justified, the analysis nonetheless reveals a striking
and hitherto undocumented relationship between social networks and migration. In particular,
through all the robustness tests we have run, we consistently find that migrants are more likely
to go to places where their social networks have certain types of higher-order structure. In par-
ticular, migrants are more likely to go to places where their contacts are interconnected. The
presence of this positive correlation is accentuated by the fact that migrants are not more likely
to migrate to places where their networks are more extensive, that is, where their friends have
more unknown friends.

5. CONCLUSION

Social networks play a critical role in economic decision-making. This paper uses an extremely
detailed dataset to understand how networks influence the decision to migrate. Our analysis sug-
gests several new stylized facts about the relationship between social networks and migration.
We find that migrants are consistently drawn to locations where their social networks are inter-
connected but that, perhaps most surprising, the average migrant is not drawn to places where
their networks are extensive, that is, where their friends have lots of friends. Additional analy-
sis suggests that this unexpected result may be due to the fact that migrants may have limited
information about unknown destinations, and that they may feel competition for the attention
of their well-connected friends. In additional, the granularity of our data allows us to document
rich heterogeneity in how different types of migrants respond to social networks. For instance,
we find that unlike the “average migrant,” repeat migrants and long-term migrants are drawn to
more extensive networks.

More broadly, these results highlight how new sources of digital data can provide nuanced
insight into the role of social networks in consequential economic decisions. In contexts ranging
from product adoption (Banerjee et al., 2013) and disease transmission (Keeling and Eames,
2005) to the spread of new ideas and innovations (Rogers, 1962; Kitsak et al., 2010), simple
models of information diffusion have seen remarkable success. Such models often support the
stylized narrative that the primary function of networks is to diffuse information about economic
opportunities (cf. Rees, 1966; Ioannides and Loury, 2004). However, the patterns revealed by
our data are hard to reconcile with these models, and suggest that some of the value of social
networks comes from higher-order network interconnections. We thus hope that one broader
contribution of this paper is to illustrate how, as rich social network data become available to
researchers, those data can be used to test and distinguish between different models of network
utility. Likewise, we expect that more nuanced empirical insights derived from such data can in
turn help inspire advances in the theory of social networks.
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