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Abstract

This paper studies how social structure — the pattern of social links that connect in-
dividuals in a community— affects labor markets. Under competing views on the role of
networks, social structures that discourage network hiring could improve or hinder labor
market performance. We test these competing views using data on marriage networks in
15,000 villages, combined with labor force survey data. Using regressions analyses and
an instrumental variable strategy, we find that individuals living in more socially frag-
mented villages are less likely towork in family firms, more likely to use formal job search
strategies, invest more in education and earn higher wages. Social fragmentation thus
discourages network hiring and improves labor market performance. These results sur-
vive 384 combinations of robustness checks. We further provide direct evidence against
reverse causality.
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1 Introduction

Social networks have a profound influence on the labor market (Granovetter, 2005; Bea-
man, 2016). Employers often hire using family networks and worker referrals (Heath,
2018; Chandrasekhar et al., 2020); jobseekers share information about job opportuni-
ties with their friends (Beaman andMagruder, 2012; Caria et al., 2020); migrants locate
where their social connections are strongest (Munshi, 2020); and different types of peer
effects can foster worker productivity and motivation (Mas and Moretti, 2009; Field
et al., 2016). Theway an individual’s position in a social network determines their labor
market outcomes has been studied both theoretically and in the field (Calvo-Armengol
and Jackson, 2004; Bayer et al., 2008). On the other hand, the aggregate labor market
implications of different network structures have rarely been documented empirically,
and are generally not well understood.

There are two competing views on the role that network structure plays in the labor
market. The first view emphasises the economic benefits that firms experience when
they hire individuals from their social network. These benefits include better worker
selection and stronger workermotivation (Montgomery, 1991; Heath, 2018). Under this
view, network structures that make it easier for firms to hire from their social network
should help firms increase productivity and, eventually, raiseworker earnings. The sec-
ond view, on the other hand, posits that network hiring, while rational from the point
of view of the individual firm, is ultimately detrimental to labor market efficiency (e.g.,
Chandrasekhar et al. (2020)). If this view is correct, network structures that incentivize
firms to hire from their social network lead to a worse allocation of talent and to weaker
incentives for workers to accumulate human capital. This would in turn lower worker
earnings — the opposite conclusion to the first view. Unfortunately, lack of data on
social structure has so far prevented researchers from adjudicating between these com-
peting views.

In this paper, we present novel evidence on how social network fragmentation — a
keymeasure of network structure capturing the relative size of the clusters in which the
network is divided — impacts labor market performance. We hypothesise that social
fragmentation reduces employers’ incentives to hire from their cluster of the network
and provide empirical evidence supporting this hypothesis. We then turn to document-
ing the relationship between social fragmentation and labor market performance. Un-
der the first view on the role of networks outlined above, social fragmentation should be
associated with worse labor market outcomes. Under the second view, social fragmen-
tation should be associated with better labor market outcomes. Our core contribution
is thus to provide what is, to our knowledge, the first empirical test of these two views.
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To carry out this test, we follow Cruz et al. (2020) and proxy social fragmentation
with the likelihood that two randomly selected families in the village belong to dif-
ferent clans. We start by combining information on family names with local nam-
ing conventions to map out marriage networks in 15,000 villages in the Philippines.
We then measure the social fragmentation of these marriage networks in two steps.
First, in each village, we divide families into groups that have many connections with
each other and limited connections to outsiders. For this purpose, we use some well-
known community-detection algorithms (Girvan and Newman, 2002) to identify all
clans/clusters in the village. The algorithm identifies groups of families with dense
connections internally (i.e. within the group) and sparser connections between groups.
Second, we compute the Herfindahl-Hirschman index of the clusters in each village,
which gives us a measure of the likelihood that two randomly selected families in the
village belong to different clans. In essence, this is a measure of the relative size of the
clusters. In socially fragmented villages, average relative cluster size is small, and thus
two randomly selected families are highly likely to belong to different clans.

We have two central empirical findings. First, we show that in more fragmented
villages individuals are less likely to access the labor market through social networks.
Specifically, a one-standard-deviation increase in social fragmentation is associatedwith
a 15 percent reduction in the probability of working for a family-firm and a 10 percent
increase in the probability of working for a private firm not owned by a relative. This
evidence supports the hypothesis that fragmentation decreases incentives for network
hiring.

Second, we document that social fragmentation is associated with higher hourly
wages, longer working hours, and larger investments in human capital. These effects
are stronger among women. Importantly, poverty levels are lower in more fragmented
villages. A mediation analysis, using the method developed by Acharya et al. (2016),
suggests that 64 percent of the boost in wages can be explained by changes in education
while 25 percent can be explained by changes in the type of firm individuals work for.
These results squarely support the second view on the relationship between network
structure and labormarket performance: social fragmentation discourages network hir-
ing, and thus improves labor market performance through a combination of stronger
human capital accumulation and a more efficient allocation of talent.

We implement a number of robustness checks that increase confidence in our find-
ings. Importantly, we are able to control for a number of village-level characteristics that
could be correlated with both fragmentation and economic outcomes, thus reducing
concerns about omitted variable bias. Indeed, onemayworry that fragmentation is cor-
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related with urbanisation, population or other forms of social diversity. We show that
our results are highly robust to including a rich set of controls capturing these potential
confounders either on their own in the regression or all jointly. We also provide evi-
dence against reverse causality— the hypothesis that economic outcomes change social
fragmentation, e.g., by affecting migration or marriage patterns.1 First, we show that
social fragmentation is highly persistent and largely unrelated to a battery ofmunicipal-
level variables capturing education and assets in the 90s. To further reduce concerns
related to migration, we include controls for how long individuals have lived in their
villages, for the share of individuals who recently migrated into the village and the
distance to the closest urban center. We also use an instrumental variable strategy that
instruments current network links with old network links. Our results are unaffected.
To reduce concerns related to changing marriage patterns, we show that an indicator
of assortative matching in the marriage market has not changed over a 50-years time
period. Finally, our specification curves show that our main results are robust to 384
combinations of our robustness checks.

Our results make three key contributions to the literature. First, to our knowledge,
we are the first to provide evidence that can help adjudicate between two key competing
views on the aggregate impacts of network structures on labormarket performance. As
mentioned above, despite an abundance of theory, empirical analyses of network struc-
ture are surprisingly rare. To circumvent the lack of field data on network structure, Dai
et al. (2018) proxy network density with population density, Centola (2010) and Cen-
tola (2011) study online communities, and a number of researchers explore the effect
of social structure in the lab (e.g. see Charness et al. (2014) and Gallo and Yan (2015)).
Further, using the same data on family networks that we exploit in this paper, Cruz
et al. (2020) investigate the effects of social structure on political outcomes.

Second, we show that social diversity can create economic dividends. Existingwork
has largely focused on the challenges posed by social diversity. For example, social ri-
valries candistort production (Hjort, 2014) and reduce support for redistribution (Alesina
et al., 2018).2 A smaller literature has documented an association between diversity
and productivity, possibly due to skills complementarities (Ottaviano and Peri, 2006;
Alesina et al., 2016). We advance this literature by proposing and providing evidence
for a new channel through which an understudied dimension of diversity — social
fragmentation — can affect economic performance.

Third, we highlight a novel mechanism that can distort the allocation of talent in
1Some of the interesting potential interactions between migration and social networks are explored

in Munshi and Rosenzweig (2006) and Munshi and Rosenzweig (2016).
2Alesina and Ferrara (2005) provide an early review of this literature.
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labor markets. The recent literature in development economics has devoted much at-
tention to factor misallocation (Hsieh and Klenow, 2009). Many of the proposed expla-
nations revolve around standard economic forces such as credit constraints and asym-
metric information (Abebe et al., 2021b; Bandiera et al., 2017; Bassi andNansamba, 2017;
Dillon and Barrett, 2017; Abebe et al., 2021a). In this paper, on the other hand, we show
that misallocation can also have social origins. This finding has important policy impli-
cations. In particular, it suggests that policy makers may be able to target interventions
on the basis of the social structure of communities. In socially fragmented communi-
ties, removing credit constraints or providing informationmay be a viable and effective
policy option. Similar policies are unlikely to have the same effects inmore socially con-
centrated communities.

2 A simple conceptual framework

Wepresent a simple conceptual framework that clarifies how social structure can impact
labor market outcomes by changing the incentives to engage in network hiring, and
thereby affecting worker effort and the allocation of worker talent. This framework
shows how different mechanisms can generate competing predictions about the effects
of social fragmentation on labor market performance.

We assume that in each village there is large number of workers; a fixed, small num-
ber of homogeneous firms, each managed by a single manager; and a set of bilateral so-
cial connections between individuals. As is common in real-life networks, social con-
nections are organised in ‘clusters’ — groups of individuals who share many social
connections with each other and have only limited connections with individuals out-
side the cluster. The village economy works in the following way. First, workers are
randomly assigned a level of skills. Then, firms encounter random production oppor-
tunities over time. Once a production opportunity comes along, the firmmanager hires
an unemployedworker to produce output. ‘Network hiring’ occurs whenever theman-
ager hires a worker who belongs to the same network cluster as the manager herself.

Firms have both a monetary and a social payoff. The social payoff is positive when-
ever the manager hires an individual who belongs to the same network cluster. If the
manager hires outside of their network, the social payoff is zero. We assume larger clus-
ters offer larger social payoffs, since larger clusters are often better placed to offer in-
surance, future opportunities, and social prestige.3 The monetary payoff is determined

3This assumption is supported by several pieces of empirical evidence. For example, Munshi (2003)
shows that individuals with larger social networks have better labor market outcomes; Angelucci et al.
(2018) find that individuals redistribute government transfers through their networks and that larger
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by worker skills and effort. The higher the skills of the worker, the higher the output
they produce. Additionally, in large clusters where social pressure is high, a network
hire will exert a high level of effort, which will raise output by a fixed amount. Network
hires in small clusters and people hired outside of their network will exert low effort,
which will not raise output. The worker is paid a wage that is given by the value of the
output they produceminus some proportional rent for the firm. Hence firmsmaximise
their absolute monetary payoff by hiring the worker that will produce the highest level
of output.

In this framework, there are two reasons why network hiring may decrease as net-
works becomemore fragmented. First, the more fragmented the social structure, in the
sense that average relative cluster size is small, the lower the average social payoff. This
will induce managers to engage less frequently in network hiring. Second, the smaller
the average cluster size, the lower is the chance that a network hire will exert high ef-
fort.4 This will give a further incentive for firms to refrain from network hiring. Thus,
we expect less network hiring in socially-fragmented villages.

Importantly, the reduction in network hiring impacts the allocation of talent and
worker effort in opposite directions. As fragmentation increases and network hiring
decreases, firms are more likely to hire the most skilled worker for the job, which im-
proves the allocation of talent. At the same time, they become unable to motivate work-
ers to exert extra effort through social network pressure. Depending on which channel
dominates, firm output will increase or decrease as fragmentation rises. And changes
in output will be reflected in worker earnings. This observation captures the core intu-
ition behind our empirical test: a negative association between network fragmentation
and worker wages provides support for first view outlined in the introduction — so-
cial structures that hinder network hiring limit labor market performance — while a
positive association between network fragmentation and worker wages will provide
support for second view — social structures that hinder network hiring boost labor
market performance.

We can make an additional set of predictions by considering the possibility that
individuals acquire new skills. In this case, network hiring will have a second cost: it
will reduce incentives to invest in skills. This is because workers rationally anticipate
that the employment gains that accrue from having stronger skills are lower due to

networks display a stronger overall consumption response to transfers; Ashraf et al. (2014) document
that a prestige-based intervention has higher impacts among individuals who are part of a larger peer
group.

4There is also a third effect at play. The higher the social fragmentation, the lower is the expected
ability of the best candidate in the cluster.
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network hiring. Lower skills will in turn depress output and wages. Thus, a positive
association between social fragmentation and human capital investment will support
the second view.

Finally, if the social payoff also differs by demographic characteristics, we expect to
see that social fragmentation has stronger positive impacts for groups that offer lower
social payoffs, and are thus more likely to face reduced opportunities due to network
hiring. This could be the case for women, who typically have lower access to labor mar-
ket networks. Our final prediction is that the impacts described above will be stronger
for female workers.

3 Network measures and data

In this section we introduce the algorithm we use to measure social fragmentation and
briefly present our various data sources. More information is available in the online
appendix.

3.1 Measuring marriages

We follow Cruz et al. (2017) and use information on family names to measure family
connections through marriage. This approach takes advantage of unique features of
Filipino naming conventions: (i) within a municipality, a shared family name implies
family connections; (ii) each individual carries two family names, which establishes that
a marriage took place between members of those two families; (iii) names are difficult
to change.

Names used in the Philippines were imposed by Spanish colonial officials in the
mid-19th century. One of the stated objectivewas to distinguish families at themunicipal-
level to facilitate census-taking and tax collection. Last names were selected from the
Catalogo alfabetico de apellidos, a list of Spanish names. They do not reflect pre-existing
family ties. In each municipality a name was only given to one nuclear family. As a
result, there is a lot of heterogeneity in names used at the local level, reducing concerns
that names capture a similar ethnic background or other social grouping. Names are
transmitted across generations according to well-established rules. Specifically, each
individual has two family names: a last name and a middle name. A man’s last name
is his father’s last name and his middle name is his mother’s last name. Similar conven-
tions apply to unmarried women. A married woman has her husband’s last name and
her middle name is her maiden name, i.e., her father’s last name.

We use data on individual’s full names from the non-anonymized version of theNa-
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tional Household Targeting System (NHTS) (Fernandez, 2012) whichwas used to select
beneficiaries for a large-scale conditional cash transfer programme. The names of all
individuals in each village provides us with complete information on all marriages be-
tween families. We are thus able to reconstruct the full marriage network - with each
family name being a node - in each village.5 Importantly, as the department in charge
of implementing the programme had to be able to reach out to selected beneficiaries,
names were carefully inputted and cleaned. Importantly, it is often the case that multi-
ple individuals in the village have the same combination of middle and last name (e.g,
siblings, mother/children, etc.). Thus, even if there is a typo in the name of one indi-
vidual, the relevant link between two families is still likely to be captured by the names
of the siblings, children or mother of this individual, and hence it will be included in
our map of the network.

3.2 Measuring social fragmentation

Our main empirical challenge is to measure social fragmentation at the village-level.
Following Cruz et al. (2020), we measure how villages are divided into a number of
clans. We rely on the notion of communities from social network analysis: groups of
nodes with dense connections internally (i.e. within the group) and sparser connec-
tions between groups (Jackson, 2010). Those groups can serve as proxy for clans and
we rely on the Girvan and Newman (2002) algorithm to identify them. The algorithm
delivers a partition of C groups (indexed by c = 1, . . . , C), each containing a share sc of
nodes which represent families in our analysis. Our main measure of fragmentation is
a standard Herfindahl-Hirschman index:

fragmentation = 1−
C∑
c=1

s2c

where sc is the share of nodes in each clan c and C is the total number of clans.
The measure captures the likelihood that two randomly selected families belong to dif-
ferent clans. As shown in Figure A.1, the levels of social fragmentation are high in
our sample. To simplify interpretation we normalise the measure to be mean zero and
standard deviation 1. To be clear, an increase in the measure captures an increase in the
level of fragmentation. More details on how the communities are identified and the
Herfindahl-Hirschman index is computed are available in Cruz et al. (2020) who use
the same approach to link social fragmentation and political outcomes.

5Fafchamps and Labonne (2017), Cruz et al. (2017), Fafchamps and Labonne (2020) and Cruz et al.
(2020) all use the same data and the same name matching algorithm to reconstruct the full marriage
networks in those villages.
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3.3 Labor force data

We also use Labour Force Survey (LFS) data collected by the Philippine Statistics Au-
thority (PSA). We have access to all 26 quarterly surveys in the period July 2003 to Oc-
tober 2009.6 We combine information included in the survey to compute hourly wage
and weekly earnings. Respondents also provide information on the type of firm they
work for (Family, private). In addition, for the sample of individuals who are looking
for work, respondents provide information on how they look for jobs. We use this in-
formation to code whether they look for jobs through their networks or through more
formal strategies.

Finally, we use data from the 2010 Census of Population and Housing to generate
measure of ethnic and religious diversity as well as measures of the availability of key
public goods at the village-level for our robustness checks.

4 Results

In this Section, we present our empirical findings. First, we show that social fragmen-
tation is associated with a more widespread use of formal job search methods and a
higher likelihood of working for a non-family firm. Second, we document that social
fragmentation is also associated with larger investments in formal education, higher
wages, and lower village-level poverty. We use mediation analysis to show that a large
part of these impacts could be explained by the changes in education and family-firm
employment associatedwith social fragmentation. Finally, we discuss the robustness of
our results. Most of our regressions are at the individual-level but for some outcomes,
such as poverty rates, we estimate village-level regressions.

We study the relationship between social fragmentation and individual outcomes
of interest with models of the following form:

outcomeijm = α + β · fragmentationjm + κ ·Xijm + γ ·Wjm + vm + uim. (1)

We use a series of outcomes variables capturing whether individuals are employed in a
family firm or private firm, as well as individuals’ job search strategy, education levels,
wages and hours worked.

Theunit of observation i is an individual in village j inmunicipalitym. fragmentationjm
is theHerfindahl-Hirschman index of social fragmentationdiscussed above, normalised
to have mean zero and standard deviation one; Xijm is a vector of individuals controls

6More information on the surveydesign is available at: http://www.census.gov.ph/data/technotes/notelfs_new.html
visited on 26 March 2012. More details are available in Franklin and Labonne (2019).
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(usually age and gender) and vm is amunicipal fixed effect (as villages are nestedwithin
municipalities). At first, Wjm is a vector of village controls, including information on
population, urbanisation, as well as information on the average length of stay in the
village. We then include a number of additional measures to reduce concerns about
omitted variable bias: those include measures of migration, remoteness, wealth and
ethnic/religious diversity. We discuss those carefully in Section 4.4. We cluster stan-
dard errors at the village-level as it is the level at which fragmentation is computed.

4.1 Job search, family firms, and human capital

Our first result is that individuals in more socially fragmented villages are less likely
to access the labor market through social networks, and that they invest more in hu-
man capital. We show the headline specifications for these results in Table 1. We also
report a more detailed analysis of the education variables in Table A.1 and look at the
heterogeneity of the main effects by gender in Table 2. 7

We document that individuals in socially-fragmented villages are less likely to ac-
cess the labor market through social networks in a number of ways. First, we show
that, among those individuals who hold a job, a one-standard-deviation increase in so-
cial fragmentation is associated with a 15 percent reduction in the probability of work-
ing for a family-firm (3 percentage-points) and a 10 percent increase in the probability
of working for a private firm not owned by a relative (2 percentage-points). Second,
among those individuals who are unemployed and are searching for work, we show
that the likelihood of using formal job search methods (e.g., applying to formal va-
cancies by depositing a CV or registering to a public or private employment agency)
is 4 percentage point higher when social fragmentation increases by one standard de-
viation, while the likelihood of approaching firms informally decreases by a similar
amount. This evidence suggests that network hiring is less common in villages where
social networks are more fragmented.

We also document sizable impacts on human capital accumulation, which hold both
for high and low levels of education. In particular, a one-standard-deviation increase in
social fragmentation is associated with a significant 5 percentage point increase in the
probability of having some college (a 40% increase over the mean probability of having
some college education in the sample). To put this in context, in our sample, individuals
who live in urban areas are 14 percentage points more likely to have come college edu-
cation compared to individuals who live in rural areas. Thus, the social-fragmentation

7 The results presented in that table are estimated with versions of equation (1) where
fragmentationjm is interacted with the gender dummy.
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effect corresponds to more than one third of the urban premium for college attendance.
Similarly, we find that a gain of one standard-deviation of social fragmentation is as-
sociated with a 9 percent reduction in the probability of having no education and a 12
percent reduction in the probability of having only primary education.

Importantly, both the human capital and the labor market effects are significantly
stronger among women (Table 2). In particular, the effect on working in a private firm
is twice as large, and the reduction in the likelihood of working in a family firm is four
times as large. Labor-market networks are widely thought to be disadvantageous for
women (Beaman et al., 2018), so a strong move away from network hiring is likely to be
particularly beneficial for this group.

Taken together, this evidence corroborates the hypothesis that social structure changes
the incentives to rely on social networks in the labor market. And, in particular, that
the labor markets of villages where some large clusters dominate social life tend to rely
more on social networks, while the labor markets of villages where social structure is
more diverse and fragmented engage more robustly in formal, competitive hiring pro-
cesses.

4.2 Wages, income and poverty

Our second result is that individuals in more socially-fragmented villages earn higher
wages and have higher incomes. These findings support the second view on the role of
networks – social fragmentation promotes better labor market performance. We illus-
trate these findings in a set of individual-level regressions in Table 1. Further, we report
the results of village-level regressions that use income data from the NHTS dataset in
Table 3.

The magnitudes of these effects are large. In the individual-level regressions, we
find that a a one-standard-deviation increase in social fragmentation is associated with
a 23 percent increase in the total wages individuals earn in a week. This effect is a
combination of a 15 percent increase in hourly wages and an average gain of 1.6 hours
worked per week (over a mean of 36 hours).8

The results on hourly wages are particularly important as hourly wages are typi-
cally thought to be a measure of worker productivity. In our setting, differential se-
lection into employment complicates the interpretation of these regressions (e.g. there
are more hours worked in more fragmented villages). However, we note that it is often
assumed that marginal workers and marginal hours worked have lower latent wages.

8Not every employed survey respondent reports a wage. Hence, we run the wage regressions on a
sample that is smaller than the sample of all individuals in employment.
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Thus, selection is likely to moderate the positive effects on hourly wages that we docu-
ment and, if this is true, our results on hourly wages would offer a lower bound of the
true effects of social fragmentation on productivity.

Wehave twovillage-levelmeasures ofwelfare: average per capita income andpoverty
rates. To capture impacts on the measures of welfare, we estimate village-level regres-
sions similar to equation (1). We find that the wage effects identified at the individual-
level translate into an increase in per-capita income of about 6 percent, or .18 of a stan-
dard deviation. Importantly, these gains are broadly distributed. Poverty rates decline
significantly (by 3.7 percentage points, or 6 percent against a mean poverty rate of 61
percent).

4.3 Can the changes in education and formal labormarket participation
explain the wage effects?

The second view on the role of networks posits that social fragmentation foster a more
competitive, formalised labor market. This, in turn, increases worker productivity by
enabling a better allocation of talent and by incentivising investment in human capital.
The results we have just presented support both of these hypotheses. However, if this
framework holds some truth, we should also expect that the changes in wages we doc-
umented are commensurate to the estimated changes in education and labor market
participation. In this subsection, we provide evidence on this point by presenting the
results of a mediation analysis.

To perform our mediation analysis, we compute the average controlled direct effect
(ACDE) of social fragmentation on wages, following the methods outlined in Acharya
et al. (2016). The method improves upon the common strategy of controlling for post-
treatment variables and allows researchers to estimate the share of the overall effect
that can be explained by a given mediator. The ACDE is the impact of a treatment
when a given mediator is not allowed to respond to the intervention.9 In our context,
this amounts to estimating the effect of social fragmentation on wages if either educa-
tion or the type of firm were not allowed to change as social fragmentation increases.
A comparison of the original effect to the ACDE thus reveals the importance of a given
mediator. If the candidate mediator plays an important causal role, the ACDE will be
small compared to the original effect — since a change in the value of the mediator is
necessary to generate a large part of this effect. On the other hand, if the candidate
mediator does not play an important causal role, the ACDE will be close in size to the

9Estimating this quantity requires the assumption of sequential unconfoundedness—we have to rule
out the presence of unobservables correlated with both the mediator and the outcome of interest.
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original effect. We present the results of our analysis in Figure A.2. In this analysis,
we proxy education with a set of dummies capturing different levels of education at-
tainment, and we proxy the type of firm with a set of dummies capturing whether an
individual works in a family firm, in a private non-family firm or in a government firm.

We find that both human capital and firm type appear tomediate a large share of the
effect of social structure. In particular, changes in education mediate about 64 percent
of themain treatment effect and changes in the type of firmmediate about 24 percent of
the effect of social fragmentation on wages. In other words, the patterns of mediation
are consistent with the mechanisms proposed by the second view.10

4.4 Robustness

In this Section, we present an extensive series of tests to address concerns about reverse
causality and endogeneity, and to establish the robustness of our findings to a large
number of sample and measurement checks. We start by focusing on our headline
regression on weekly wages (Table 4) but also show the results for all other outcomes
variables (Appendix Figure A.3 - A.11.). Those results are estimated with equation (1).

A key concern is related to reverse causality. Villages with strong labor markets
might attract more migrants, which can in turn increase social fragmentation. Alter-
natively, labour markets conditions can potentially change marriage patterns, thereby
affecting social fragmentation. We deal with these concern in three ways. First, we
show that social fragmentation is highly persistent and that current social fragmenta-
tion is largely unrelated to economic outcomes in the 1990s. To show this, in Table A.2
we regress our measure of current fragmentation on (i) social fragmentation obtained
on the networks of individuals aged 45 or older— a proxy for past social fragmentation
— and (ii) municipal-level measures of education and assets from the 1990 Census. We
find that past social fragmentation is highly predictive of current social fragmentation:
the simple bivariate regression has anR2 of 0.62. Province fixed effects and a battery of
14 regressors capturing education and assets in the 1990s do not offer any meaningful
additional predictive power: theR2 of the fullmodel is 0.64, onlymarginally larger than
the R2 of the model that only includes past social fragmentation. Furthermore, none of
the covariates capturing education in 1990 is significantly correlated with current frag-
mentation and, while some assets measures are significantly correlated with current
fragmentation, the point estimates are very small. For example, a one standard devia-
tion increase in the share of individuals with a car is associated with a 0.017 standard

10We are unable to explore mediation with our measure of formal search as we only have this infor-
mation for individuals who are currently looking for a job.
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deviation units increase in fragmentation. Overall, these regressions provide empirical
evidence against the hypothesis that the economic outcomes we consider in this paper
have a meaningful impact on village social structure.

Second, to further reduce worries related to reverse causality driven by changes in
marriage patterns, we investigate the stability of assortative matching on education —
a key dimension of marriage patterns. Using the individual-level data, we compute
the correlation between the spouses’ education levels for different age groups (20-30,
30-40, 40-50, 50-60 and 70+), tracing marriage market patterns for a period of over 50
years. We find no evidence of any meaningful change in assortative matching over this
time horizon: the correlations in the different cohorts are virtually identical, ranging
between .68 and .70.

Third, to further reduce worries related to reverse causality driven bymigration, we
control for the average length of stay in the village (a measure of migration) in all re-
gressions in the paper, and expand this in a number of ways in this section. We start by
excluding areas that are classified as urban as they are the most likely migration desti-
nations. Then, we use data from the Census to control for the share of recent migrants,
specifically the share of individuals who lived in a different municipality 5 years ago.
We are also worried that remoteness might be driving our results and control for the
distance to the closest urban center. Finally, we follow Cruz et al. (2020) and construct
networks based on individuals aged 45 or older. These networks would mostly reflect
marriage decisions made decades ago and thus the social fractionalisation measures
based on these networks are less likely to reflect reverse causality. We use those mea-
sures as an instrument for current social fragmentation.

We also check robustness over alternative dimensions. First, there exist alternative
algorithms to identify network clusters and we want to rule out that our results are
specific to the algorithm that we selected. We thus also implement the walktrap algo-
rithm developed by Pons and Latapy (2006). Second, while we control for population,
we are concerned about potential non-linearity in the relationship between population
and wages, which could be captured by our measure of fragmentation. We thus create
dummies for each decile of the population distribution and check that our results are
robust to adding those as controls. Third, our measure of fragmentation might be cor-
related with inequality as well as with ethnic and religious diversity and so we control
for those variables as well. Finally, we test that are our results are robust to controlling
for public goods provision (Cruz et al., 2020) and to dropping a region, ARMM, where
naming conventions may apply more loosely.

In Table 4 we show the robustness of the coefficient of our headline regression on

14



weekly wages changes when we separately implement the robustness checks above.
The coefficient on social fragmentation remains positive, large and significant in all
specifications. In addition, we show that our results are robust to using 384 different
combinations of the adjustments presented in Table 4.11 The specification curves for
the total wage, education, labormarket participation, hourly wages, hours, poverty and
income in appendix Figure A.3 - A.11

5 Conclusion

In this paper, we provide evidence to adjudicate between two competing views on the
influence of social structure on labormarkets. The first viewposits that social structures
that discourage network hiring are detrimental to labor market performance. The sec-
ond view posits instead that those social same structures promote better labor market
performance. We find that social fragmentation — a key dimension of social structure
— is associated with a weaker use of network hiring. This, in turn, boosts hourly wages
and reduces poverty. These results squarely support the second view on the role of
networks. To the best of our knowledge, they are first evidence on the effects of social
network structure on labor market outcomes using a large sample of villages.

11We run our regressionswith all possible combinations of: 3 samples (full, excluding urban, excluding
ARMM), estimation (IV and OLS), two measures of fragmentation and 5 set of controls variables (recent
migration, distance to urban centers population, public goods and diversity).
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Table 1: Social Fragmentation, Network Hiring, Education and Wages

Variable Obs. Mean Point Estimate
Type of firm: Family firm 581,781 0.20 -0.03***

(0.40) (0.01)
Type of firm: Private firm 581,781 0.21 0.02***

(0.41) (0.01)
Job Search: Direct Approach 9,987 0.81 -0.04***

(0.39) (0.01)
Job Search: Formal Approach 9,987 0.17 0.04***

(0.37) (0.01)
Some College 1,318,552 0.13 0.05***

(0.34) (0.01)
Report Wage 581,781 0.27 0.05***

(0.45) (0.01)
Log(Weekly Wage) 161,169 6.59 0.23***

(0.95) (0.02)
Log(Hourly Wage) 161,169 5.05 0.15***

(0.74) (0.02)
Hours 591,429 36.25 1.61***

(19.30) (0.31)
Hours (if wage) 161,169 41.60 2.45***

(16.65) (0.32)

Notes: Each row reports the point estimate on our fragmentation measure from a different individual-
level regressions with municipal fixed-effects. The dependent variable is a dummy equal to 1 if the
individual works in a family firm (row 1), works in a private firm (row 2), looks for job through his/her
network (row 3), looks for job through formal channels (row 4), has some College education (row 5),
report a wage (row 6), the log of weekly wages (row 7), the log of hourly wages (row 8) and hours worked
in the past 7 days (rows 9 and 10). In row 10, we restrict the sample to individuals who report a wage.
Regressions control for village-level average length of stay in the village, village population, the number
of distinct families in the village, whether the village is classified as rural, as well as variables from
the LFS surveys: age, gender, survey month and survey year. Standard errors, clustered by village, in
parentheses. * p < .10, ** p < .05, *** p < .01.
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Table 2: Heterogeneity by Gender

Some Family Private Log Log Hours
College Weekly Wage Hourly Wage

Frag. 0.047*** -0.017*** 0.030*** 0.19*** 0.12*** 1.30***
(0.006) (0.003) (0.008) (0.023) (0.017) (0.285)

Frag.*Female 0.0064*** -0.047*** -0.023*** 0.11*** 0.092*** 0.84***
(0.002) (0.010) (0.006) (0.027) (0.020) (0.333)

Mean (male) 0.12 0.14 0.26 6.60 5.07 36.7
Std. Dev (male) 0.32 0.35 0.44 0.89 0.65 17.6
Mean (female) 0.15 0.31 0.13 6.57 5.04 35.5
Std. Dev (female) 0.35 0.46 0.34 1.06 0.89 21.9
Obs 1318552 581781 581781 161169 164461 591429
R2 0.092 0.22 0.15 0.19 0.22 0.11

Notes: Results from individual-level regressions with municipal fixed-effects. The dependent variable
is a dummy equal to 1 if the individual has some College education (Column 1), works in a family firm
(Column 2), works in a private firm (Column 3), the log of weekly wages (Column 4), the log of hourly
wages (Column 5) and hours works in the past 7 days (Column 6). Regressions control for village-level
average length of stay in the village, village population, the number of distinct families in the village,
whether the village is classified as rural, as well as variables from the LFS surveys: age, gender, survey
month and survey year. All variables are interacted with gender. Standard errors, clustered by village,
in parentheses. * p < .10, ** p < .05, *** p < .01.
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Table 3: Social Fragmentation and Household Welfare

Poverty Rate per capita income
Frag. -0.037*** 908.9***

(0.007) (163.395)
Mean 0.61 15359.1
StdDev 0.21 5127.5
Obs 15853 15853
R2 0.62 0.63

Notes: Results from village-level regressions with municipal fixed-effects. The dependent variable is
the village-level poverty rate (Column 1) and average (predicted) per capita income (Column 2). Re-
gressions control for village-level average length of stay in the village, village population, the number
of distinct families in the village, whether the village is classified as rural. Standard errors, clustered by
municipality, in parentheses. * p < .10, ** p < .05, *** p < .01.
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Table A.1: Social Fragmentation and Schooling Investment

No Schooling Some Primary Primary Grad Some HS HS Grad. Some College
Frag. -0.0097*** -0.041*** -0.017*** 0.0071** 0.011*** 0.050***

(0.004) (0.006) (0.003) (0.003) (0.003) (0.006)
Mean 0.11 0.34 0.14 0.16 0.11 0.13
StdDev 0.32 0.47 0.35 0.37 0.31 0.34
Obs 1318552 1318552 1318552 1318552 1318552 1318552
R2 0.071 0.044 0.044 0.012 0.026 0.091

Notes: Results from individual-level regressions with municipal fixed-effects. The dependent variable
is a dummy equal to one capture the highest level of schooling : none (Column 1), some primary school
grades (Column 2), graduated from primary school (Column 3), some high school grades (Column 4),
graduate fromhigh school (Column 5) and some college (Column 6). Regressions control for village-level
average length of stay in the village, village population, the number of distinct families in the village,
whether the village is classified as rural, as well as variables from the LFS surveys: age, gender, survey
month and survey year. Standard errors, clustered by village, in parentheses. * p < .10, ** p < .05, *** p <
.01.
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Table A.2: Predicting Fragmentation

(1) (2) (3) (4)
Fragmentation (over 45) 0.74∗∗∗ 0.70∗∗∗ 0.69∗∗∗ 0.69∗∗∗

(0.028) (0.033) (0.034) (0.034)
No Schooling (Male) 0.048 0.61

(1.007) (1.046)
Some Primary (Male) -0.027 0.68

(0.933) (0.967)
Primary Grad (Male) -0.43 0.26

(0.991) (1.021)
Some High School (Male) 0.31 1.02

(1.310) (1.330)
High School Grad (Male) 0.039 0.30

(2.904) (2.849)
Some Primary (Female) -1.10 -1.07

(0.680) (0.671)
No Schooling (Female) -1.02 -0.85

(0.735) (0.723)
Primary Grad (Female) 0.30 0.22

(0.818) (0.785)
Some High School (Female) -1.66∗ -1.78∗

(0.988) (0.982)
High School Grad (Female) -0.31 -0.76

(2.414) (2.461)
Radio 0.17∗

(0.098)
TV 0.23

(0.174)
Vehicle 0.64∗

(0.390)
Phone 0.70

(1.728)

Province FE No Yes Yes Yes

Observations 14720 14720 14720 14720
R2 0.62 0.63 0.64 0.64

Notes: Results from village-level regressions. The dependent variable is our main fragmentation mea-
sure Standard errors, clustered by municipality, in parentheses. * p < .10, ** p < .05, *** p < .01.
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Figure A.1: Distribution of Social Fragmentation

Figure A.2: Mediation Analysis
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Figure A.3: Specification Curve for Log(Weekly Wage)
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Figure A.4: Specification Curve for College
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Figure A.5: Specification Curve for Family
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Figure A.6: Specification Curve for Private
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Figure A.7: Specification Curve for Report a Wage
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Figure A.8: Specification Curve for Log(Hourly Wage)
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Figure A.9: Specification Curve for Hours
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Figure A.10: Specification Curve for Poverty
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Figure A.11: Specification Curve for (predicted) per capita income
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