September 15, 2026
Dear Professors Breza, Viviano, and Chandrasekhar,

[ am writing to apply to the Workshop on Development Economics and Networks with the paper
Coworker Networks and Labor Misallocation, joint with Lorenzo Aldeco Leo (Banco de México)
and Juan Pablo Arredondo Ambriz (University of San Francisco).

Jason Kerwin, who taught me development at Minnesota, told us that the best research questions
come from real world experience, so I would like to share a little bit about the story of how I
became interested in the topic and how the paper has unfolded.

I have been working with networks since before I began to study economics. As an undergraduate
computer science major at the University of Oklahoma, I spent two summers working at the
University of Tennessee Health Science Center developing a visualization tool in Python
(GeneNetwork) for the relationships between physical traits in mice brains. My software
engineering skills have recently come in handy; our codebase for this paper is over 6000 lines of
R spread over 40 files on the Bank of Mexico EconLab server.

After college, I worked directly on the US/Mexico border in a migrant shelter in Tijuana, where I
began to learn about networks of a different sort and the important role that they play in migration
decisions. Many years later, I worked for two years in El Paso. There I was able to visit an export
manufacturing plant in Ciudad Juarez and chat with the workers, who had found the job through
social connections. I began to think about how these connections work and their impact.

I brought this question to my doctoral coursework in Applied Economics at the University of
Minnesota. In the labor sequence, I read papers on the role of referrals in the labor market,
culminating in a paper proposal for Alan Benson's Personnel Economics class. He has agreed to
be my recommender for this conference (bensona@umn.edu). As I looked for data, I first tried the
Mexican Census. My Second Year Paper "Where You Go Depends on Who You Know?" is a
demography exercise with five waves of the Mexican Census tracing out migration corridors.

Along the way, Chiang Tai Hsieh visited our department for a seminar, and in our one-on-one
meeting, he told me, "you need the IMSS data for your question." He also introduced me to his
well-known paper on misallocation. A year later, through another former master's student at our
department, Jos¢ Nufio Ledesma, I connected with the EconLab at the Bank of Mexico and
successfully submitted a project proposal to study the role of coworker networks in job search
outcomes. My initial proposal only included partial-equilibrium effects that leverage the displaced-
worker identification strategy first proposed by Glitz (2017). I was assigned to work with Lorenzo
Aldeco, a labor economist from the Bank who works on the spatial dimensions of labor markets.

In my job market year (2024-25), I continued work on the project. Through an RCT in Peru, I met
a talented Mexican master's student, Juan Pablo Arendondo Ambriz. He needed a project for his
master's thesis at the University of San Franisco, so with the Bank's permission, we wrote him in
the data access contract and he completed the first version of the analysis as his master's project in
May 2025. Shortly after I accepted a job offer at Marquette University.



This spring 2026, I began presenting the paper, and Lorenzo and I extended the analysis with an
AKM decomposition to explore the general equilibrium effects of networks and think more deeply
about the implications of networks on misallocation. I went to Matt Jackson's Network Science in
Economics conference in April. Chatting with him and others at the conference helped me think
more about the potential negative welfare effects of networks at the aggregate level, especially in
light of his work on the origins and consequences of racial inequality in the US.

We have worked on the paper over the summer. The attached draft contains approved export results
from August 8, 2026: the initial partial-equilibrium results using the displaced coworker design
with and without closing firm fixed effects. It also includes the first AKM decomposition results.
We have continued the analysis since then. My data access cycle ends on October 9. By that time,
we hope to have another set of results that improves on these results in two important ways.

On the partial equilibrium side, we examine the role of variation in network size among the cohort
of displaced workers to continue to unpack the difference in the results from the specifications
with and without closing firm fixed effects. Networks appear to work quite differently in cases
where they are small and cases where they are large. Here we contribute to a question about
"network congestion" first raised by Lori Beaman. We also build the pre-displacement network
several different ways--removing immediate coworkers and weighting coworkers by tenure--to get
deeper insight into the types of connections that are actually helpful.

On the general equilibrium size, we have a first pass at some descriptives that quantify the present
level of misallocation in the Mexican labor market and a counterfactual. This work is in line with
Hsieh and Klenow (2009), the figures of marginal product dispersion that they use to motivate
their paper in addition to the counterfactual exercise that they use in the end of the paper. We ask
the question: in an ideal world, how would assortative matching work in a labor market? We have
short-run results (matching the best workers to the best firms) that hold firm size constant and
medium- and long-run results that allow firms to exit the market.

With these results in hand, I believe that our paper can make an important contribution to the
development-misallocation literature, as we are in conversation with the Chandrasekhar (2020)
NBER working paper as well as the upcoming chapter in the sixth volume of the Handbook on
Labor Economics by Berguist, Lakshari and Verhoogen. In fact, we have submitted the paper as
well to the upcoming conference at Columbia, "New Thinking in Industrial Policy."

As I explain in my research statement, as a junior faculty member, I would like to continue research
on networks and misallocation in both of my fields: agriculture and labor. This workshop provides
an opportunity to connect with senior scholars that will not only improve this paper but also
motivate future work in this area.

Thank you for considering my application to this workshop. I look forward to hearing from you.

Stephen Pitts SJ, PhD

Wade Visiting Jesuit Assistant Professor
Department of Economics
stephen.pitts@marquette.edu
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Statement of Motivation and Research Interests

Current research. I study two sets of decisions that shape economic mobility in Latin America:
how smallholder farmers engage with agricultural markets, and how workers find their way into
formal-sector employment. Networks turn out to be the common structure. In Chiapas I study
indigenous coffee producers organized into cooperatives — who joins, how membership changes
household welfare, and what happens when those relationships break down, using a household
survey and lab-in-the-field experiment our team collected together with twenty years of producer
records from the cooperative itself. In Mexico's formal labor market, I study how workers reach
employers, using harmonized census data and the confidential employer—employee records of the
Banco de México EconLab. A third project in Peru examines the interplay of public and private
vocational training schools on the local market for education.

This paper. Coworker Networks and Labor Misallocation (with Lorenzo Aldeco Leo and Juan
Pablo Arredondo Ambriz) asks whether coworker networks allocate workers to the firms where
they are most productive or ration access to the firms that pay the most. Comparing workers
displaced by the same firm closure, a better-employed network raises the wage at the next job and
does not shorten time out of formal employment; decomposing that wage shows the premium
running through the firm component and not at all through the match component. Networks here
look like an access technology rather than a matching one.

Why this workshop.

These initial projects with networks have exposed me to the opportunities and challenges of this
area and additional training to complement what I learned at Minnesota.

1) I've built networks from primary data collection, cooperative administrative data, and matched
employer-employee data. I'd like to learn more about the forefront of network analysis and better
techniques to collect network data.

2) My initial work--both the third chapter of my dissertation on the way that networks mediate
drought response in a coffee cooperative and the first draft of this paper--uses the canonical linear-
in-means model of Bramoulée (2009) with all of its incumbent identification challenges. With
better network data, I'd like to explore newer techniques that borrow from network science.

3) Moreover, my training up until recently in the wake of the "credibility revolution" has
emphasized causal inference, partial equilibrium effects, and atheoretical regressions. I'd like to
learn more about structural models to think about general equilibrium effects and market structures.

Two future projects.

The training from this workshop would benefit not only the present paper but also two others.

1) I'd like to revise my Second Year Paper, which is a demography exercise on Mexican internal
migration, to use a spatial model in the flavor of Morten et. al (2025) that leverages the well-known
Mexican CCT Progresa as an incentive shift to ask whether CCTs in general help or hurt
misallocation. That paper would speak to a new literature that examines the long-run general
equilibrium effects of CCTs instead of just the short-run partial equilibrium effects.

2) I'd like to use my deep connections and experience in Latin America to "scale up" the small-
scale work that I've done in conjunction with agricultural cooperatives that has examined market
failures. In particular, I'd like to move up the supply chain to examine the role of networks at the
country-level in the flavor of Macchiavello et. al (2015) or Hansman et. al (2020).
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Abstract

In low- and middle-income labor markets, most jobs are found through
personal contacts rather than through formal intermediaries. Where formal
credentials are scarce, informality is widespread, and employers screen at high
cost, coworker and kinship networks become the dominant technology allocating
workers to firms. Whether that technology raises aggregate productivity is
unresolved, and the stakes are first-order: misallocation of labor across firms
is a leading account of the productivity gap between rich and poor countries.
Networks may route workers toward the firms where they are most productive,
or they may ration access to the firms that pay the most, redistributing rents
without creating them.

We distinguish these two possibilities using matched employer—employee
records covering the universe of Mexican formal-sector workers. The frictions
that define this setting are the ones central to development economics: roughly
half of employment is informal, formal signaling is thin, returns to tenure are
steep, and referral-based hiring is the dominant allocation mechanism. What
Mexico adds is full-population administrative data that make the question
testable. We use firm closures between June 2014 and May 2015 as the source
of displacement, and compare workers displaced from the same closing firm
who differ in the share of their former coworkers employed at the moment of
displacement.

Within the closing firm, holding constant the firm, municipality, industry,
and month of displacement along with the worker’s age, gender, years of formal-
sector experience, and pre-displacement wage, a one-standard-deviation increase
in this network employment rate raises the wage at the next job by 1.5 percent
of the mean pre-displacement wage. It does not shorten the time out of formal
employment. The large duration effect that appears when workers from different
closing firms are pooled does not survive a within-firm comparison.

To ask where the wage premium comes from, we decompose the new job’s
wage into worker, firm, and match components using a two-way fixed-effects
model estimated on the full mover panel, and regress each component on network
quality, pooling across closing firms. The premium runs through the worker
component, which we read as homophily rather than a network effect, and
through the firm component. It does not run through the match component,
which carries an economically negligible share of the premium. Better-connected
workers land in firms that pay everyone more; they do not land in firms they fit
especially well.

Coworker networks in this setting therefore act as an access technology
rather than a matching technology. They move their members up the distribu-
tion of firm pay premia without improving the assignment of workers to firms,



redistributing the rents from firm-premium dispersion rather than reducing
it. The policy implication is uncomfortable: interventions that substitute for
network access, such as public employment services, job boards, and creden-
tial portability, redistribute opportunity but should not be expected to raise
aggregate match quality on their own.

JEL codes: J31, J63, J64, O15, 017, Z13



1 Introduction

Misallocation of labor across firms is a first-order source of the productivity gap
between rich and poor countries (Hsieh & Klenow, 2009). At the same time, social
networks play a prominent role in the assignment of workers to firms in less-developed
settings, raising the question of whether they help or hinder the process of firms finding
matching workers and the quality of those matches. These informal institutions may
help route workers toward the firms where they are more productive, or constrain
them to jobs within their network independently of fit. The question is sharpest
where the conditions that make networks the dominant allocation technology — thin
formal signaling, widespread informality, costly screening — are most pronounced, as

they are in the labor market we study.

We ask whether coworker networks in a developing labor market allocate workers to
the firms where they are most productive, or ration access to the firms that pay the
most. Three challenges make the question difficult to answer, and each motivates one
element of our design. First, network quality is not assigned: workers whose former
colleagues are employed tend to be higher-ability workers from better firms, so a raw
comparison of the well- and poorly-connected confounds the network with the worker
and with the origin firm. Second, the two answers are observationally equivalent in a
wage. A worker who earns more at the next job may have found a firm where they are
especially productive, or may simply have entered a firm that pays everyone more; the
wage alone cannot tell these apart. Third, an allocation claim is a claim about where
a worker landed relative to where they could have landed, which requires observing

the full set of firms a worker could have moved to, not a single employer or sector.



The design that follows meets each in turn: a comparison of workers displaced by the
same firm closure for the first, a decomposition of the new job’s wage into worker,

firm, and match components for the second, and full-population administrative data

for the third.

Mexico provides an ideal setting to study this question. Networks are the dominant
channel through which jobs are found: 57 percent of employed workers in the 2019
national labor force survey (ENOE) report having learned about their current job
through family, friends, or acquaintances. About half of all employment is informal,
formal signaling is thin, and returns to tenure are steep, so a broken match is costly.
Our data are the monthly matched employer-employee records of the Mexican Social
Security Institute (IMSS), which cover the near universe of formal-sector workers.
Importantly, this data allows us to follow workers across job changes.

We define a worker’s network as the set of past and present coworkers. We measure
it along three dimensions — its size, the longest overlap with any member, and the
share of its members formally employed in the month of displacement — and the last
of these, the network employment rate, is our measure of network quality, following
the intuition that job openings are more easily observed by the currently employed
and likely to be shared among acquaintances (Calvo-Armengol & Jackson, 2004).

Our identification strategy leverages firm closures as an exogenous shock that
releases workers into the labor market. We build pre-displacement networks of former
coworkers for workers affected by these closures and follow them post-displacement
to examine the effect of network quality on post-displacement employment outcomes:

unemployment spell duration and post-displacement wage. The identifying assumption



is that job losses due to the firm closures are orthogonal to unobserved worker or firm
characteristics. To support this claim, we provide a number of descriptive statistics
pre- and post- displacement that compare our cohort of workers and the closing firms
to the overall distribution of workers and firms in the Mexican labor market. In
particular, we focus on firms with 6 to 50 employees, where coworkers can credibly
know each other, in the period between June 2014 and May 2015. We exclude closures
in which the workforce moved together to a new firm. At the worker level, we require
at least 36 months of formal employment over the past five years (2010-2014), so that
a pre-displacement network exists. In total, our cohort is 37,860 workers observed to

return to formal employment within 24 months.

Our main specification adds closing-firm fixed effects: it compares two workers laid
off by the same firm, in the same municipality, industry, and month, of the same age,
gender, pre-displacement wage, and years of formal-sector experience, who differ in
the employment rate of their former-coworker network. This specification controls
for unobserved heterogeneity among firms that could be correlated with the reason
for firm closure or the mechanism by which affected workers matched to the firm in
the first place. Even with these fixed effects, co-displaced workers differ in network
quality largely because 64 percent of them also worked elsewhere in the three years
before the closure and carry contacts their colleagues do not (Appendix Figure 7).
Those pre-closure histories provide a source of identifying variation.

Within closing firms, a better-employed network improves a worker’s post-displacement
salary, but does not reduce the duration of unemployment spell. A one-unit increase

in the network employment rate increases the daily wage at the next job by 21.5 pesos;



one standard deviation of the rate, 0.16, is worth about 3.4 pesos per day, or 1.5
percent of the mean pre-displacement wage. We do not find an effect on the length of
the unemployment spell. We compare these results to another specification without
closing-firm fixed effects. Across closing firms, a one-standard-deviation increase in
the network employment rate is associated with an unemployment spell about 22
days shorter, but that estimate does not survive the within-firm comparison and we
do not interpret it. Our results run contrary to previous evidence from Europe, where

the duration effect is the robust finding and the wage effect the mixed one.

Next we examine whether the wage gain reflects improved matching or the sorting
of better-connected workers into better-paying firms. A network can act on the
new job’s wage on two margins: the match margin, by locating an idiosyncratically
better pairing, or the access margin, by routing a worker of given type toward a firm
that pays a higher premium to everyone it employs. Thus, we estimate an AKM
wage decomposition (Abowd et al., 1999) on the full IMSS mover panel, split each
re-employed worker’s new-job wage into worker, firm, and match components, and
regress each component on network quality, pooling across closing firms. The premium
runs through the worker component — the larger share, which is the homophily
selection just described — and through the firm component: better-connected workers
land in firms that pay everyone more. The match component does not move with
network quality at all.

Thus we conclude that coworker networks in this setting act as an access technology
rather than a matching technology. They move their members up the distribution

of firm pay premia without improving the assignment of workers to firms. Reading



that premium dispersion as the labor-market counterpart of the marginal-product
dispersion that Hsieh and Klenow (2009) measure across plants is an interpretive step —
pay premia can reflect rent sharing or compensating differentials as well as productivity
— we argue that the network redistributes the rents from dispersion rather than reducing
it. From a policy perspective, this result suggests that interventions that extend
network-like access to the unconnected redistribute who reaches high-premium firms;
on this evidence, they should not be expected to raise aggregate match quality on

their own.

The paper contributes to three literatures. First, it contributes to the literature on
networks in economic development, which Breza et al. (2019) review and which has
largely treated networks as channels for information and as devices for insuring risk.
The closest antecedents on labor market assignment study referrals inside a single
firm or an experimental hiring setting — Beaman and Magruder (2012) in Kolkata
and Heath (2018) in Bangladeshi garment factories — or migrant networks abroad
(Munshi, 2003); none observes the full set of firms a worker could move to, which is
what an allocation claim requires. We supply the first economy-wide, administrative
evidence on coworker networks in a developing labor market, and we use it to test one
prediction of network-based hiring models (Chandrasekhar et al., 2020; Munshi &
Rosenzweig, 2016) in full-population data: that the network premium runs through
access to higher-paying firms rather than through better matches.

Second, it contributes to a literature that builds coworker networks using adminis-

trative data from high-income countries — Italy (Cingano & Rosolia, 2012), Germany

(Glitz, 2017), Austria (Saygin et al., 2021), Sweden (Eliason et al., 2023), and Portugal



(Garcia-Louzao & Silva, 2024). Across those five studies, the unemployment-duration
effect of a better-employed network is robust and the wage effect is mixed (Section 6.4).
Eliason et al. (2023) is closest to us in method, combining displacement with AKM
worker and establishment effects. We bring the design to a labor market with roughly
50 percent informality and few formal signaling mechanisms (Donovan & Schoellman,
2023), and we take one further step: decomposing the wage effect into worker, firm,
and match components, which is what separates access to better firms from better

matching.

Third, it contributes to a literature that uses two-way fixed-effects models to
characterize particular labor markets — the approach Card et al. (2013) established
for West Germany — including Mexico’s. Pérez Pérez and Nutnio-Ledesma (2024)
estimate worker and firm effects in the same IMSS records and decompose the variance
of wages into worker, firm, and sorting components; Pérez Pérez et al. (2026) use the
same machinery to study how local labor-market size and informality shape matching.
That work asks how much of Mexican wage dispersion each component accounts
for. We put the components to a different use, treating each as an outcome and
asking what moves a worker’s position in the firm-premium distribution. This turns
a descriptive decomposition into a test of an allocative mechanism, and it makes the
network the object that generates the sorting rather than a residual correlate of it.

The paper proceeds as follows. Section 2 sets out the Mexican setting; the sections
that follow take up the theory, the design, the data, the within-firm results, and
the decomposition in the order of the argument above. We conclude with policy

recommendations and a description of additional analysis in progress.



2 Background

This section places Mexico’s formal labor market in the context of the broader
literature on developing-country labor markets and motivates our focus on coworker
networks. Mexico is, by most measures, a typical low- and middle-income country
(LMIC) economy: roughly half of all workers earn their living outside the formal
sector, the formal sector itself displays high turnover and steep returns to tenure, and
informal information channels — including referrals from friends, family, and former
coworkers — play a large role in how workers find jobs. This section sets out the
three features of that setting on which the paper’s argument rests, and then explains

why coworker networks in particular are the right object of study.

2.1 The Setting

Breza and Kaur (2025) argue that labor markets in low- and middle-income countries
are characterized by two pervasive failures: high rates of involuntary unemployment
and frequent turnover. Mexico exhibits both. What matters for this paper, however,
is narrower than a general portrait of the labor market, and rests on three features of
it.

The first is that informal channels dominate hiring. Figure 1 reports self-reported
job-finding methods from the extended ENOE 2019 Q1 questionnaire. Panel a shows
that 57.1% of currently-employed workers found their job through a family member,
friend, or acquaintance — more than three times the share who went directly to

the workplace (17.5%) and an order of magnitude more than the public employment



service (0.2%) or the internet (4.4%). Panel b shows a sharp education gradient: 62%
of workers with no schooling or primary education found their job through personal
connections, falling to 50% for upper-secondary and 40% for tertiary-educated workers.
The level and the gradient are consistent with the cross-country evidence in Barnett-
Howell and Mobarak (2021) that informal networks substitute for formal information

channels where the latter are weakest.

The second is that the formal channels networks substitute for are thin. About
half of Mexican employment is informal, schooling certification is sparse, on-the-job
training carries more of the signal than in continental European labor markets, and
public intermediation is negligible — the 0.2% above. Donovan and Schoellman (2023)
document the associated pattern of short job spells and high separation rates across a
wide set of developing countries. A worker displaced from a formal job in this setting
has few credible ways to signal quality to an employer who does not already know

them.

The third is the feature that makes access worth asking about at all. Where a worker
lands is a large part of what they earn: in the two-way fixed-effects decomposition
reported in Section 4, firm effects account for roughly a third of the variance of log
daily wages in the Mexican formal sector, and worker and firm effects are positively
correlated. Firms therefore pay persistently different wages to comparable workers,
and a mechanism that determines which firm a worker reaches is a mechanism that
determines a substantial part of their pay. That is the premise the rest of the paper
tests, and it is why the question is about assignment to firms rather than about the

speed of job-finding.



2.2 Why Coworker Networks?

The theoretical and empirical literature on labor market networks has used many
different definitions of a worker’s relevant social network: people from the same village
(Munshi, 2003), the same neighborhood (Schmutte, 2015), friendship ties (Beaman
& Magruder, 2012), the same country of origin (Beaman, 2012), or the same ethnic
minority (Dustmann et al., 2016). Each definition has strengths in particular settings,
but each also requires data — on residence, on social ties, on ethnicity — that is

rarely available at scale in LMICs.

We follow a more recent strand of the literature in defining a worker’s network as
the set of people with whom that worker has been formally employed in the past
(Cingano & Rosolia, 2012; Eliason et al., 2023; Garcia-Louzao & Silva, 2024; Glitz,
2017; Saygin et al., 2021). The coworker definition has three advantages in our
context. First, it can be constructed entirely from administrative employer—employee
records, which means it scales to the full universe of Mexican formal-sector workers.
Former coworkers are also the contacts best placed to act on a worker’s behalf: they
know what the worker can do, and they are inside firms that hire people like them.
Those are two different things — knowing about an opening and being able to get
someone through the door — and separating them is what this paper does. Third, it
has a clear behavioral interpretation: a worker’s coworker network at the moment of
displacement reflects accumulated occupational, industrial, and geographic experience

that is plausibly predetermined relative to the displacement event itself.

The cost of the coworker definition is that it omits ties formed outside formal

employment — through family, neighborhood, or schooling — which may be especially



important in an LMIC setting with high informality. We return to this limitation in

Section 8.

3 Theory

We organize the theory around a single question: when a coworker network raises the
wage a displaced worker earns at the next job, is it because the network found the
worker a firm they fit especially well, or because it got them into a firm that pays
everyone more? The two answers have different implications for the allocation of
labor, and a wage decomposition with worker, firm, and match components makes
them separately testable. We first explain why the employment rate of a worker’s
former coworkers measures the quality of the network, then set out the decomposition,

and then state the predictions that Sections 6 and 7 take to the data.

3.1 Why the Employment Rate of the Network Measures Its

Quality

In the model of Calvo-Armengol and Jackson (2004), agents learn about vacancies
primarily through their social contacts. Employed contacts who hear about positions
they cannot use themselves pass the information along; unemployed contacts have
nothing to pass. A displaced worker whose former coworkers are employed therefore
receives more leads, and better ones, than a worker whose former coworkers are
themselves searching. The share of the network that is employed at the moment of

displacement — the network employment rate, ER — is the natural summary of this
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quality, and it is the measure used throughout the coworker-network literature in
high-income countries (Cingano & Rosolia, 2012; Eliason et al., 2023; Garcia-Louzao
& Silva, 2024; Glitz, 2017; Saygin et al., 2021). The model’s own predictions are
that a higher ER shortens the unemployment spell and, because more offers can be
compared, raises the accepted wage. We test both, but the wage is the object we

then decompose.

3.2 Two Margins in a Wage Decomposition

Let the log wage of worker ¢ at firm j be

Wij = Qz -+ wj + my; + ZL'ZB + 52’]’7

where 0; is the worker’s portable pay premium, 1); the premium the firm pays to every
worker it employs, and m,; a match-specific component that is specific to the pair
(Abowd et al., 1999). Labor misallocation, in the sense of Hsieh and Klenow (2009),
is dispersion in marginal products that worker and firm fundamentals do not account
for; in this equation its labor-market counterpart is the dispersion of 1), across firms
and the assignment of workers to it. Reading v; that way is an interpretive step
rather than an identity: a firm premium can reflect rent sharing, monopsony power,
or a compensating differential as well as productivity, and we return to the point in

Section 8.

A network can act on the new job’s wage through two margins. On the match

margin it locates an idiosyncratically better pairing: m;; is higher than the worker
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would have drawn without the network. On the access margin it routes a worker of
given type 0; toward a firm of higher 1);: the worker earns more because the firm pays
everyone more. The two margins differ in what they do to allocation. A network that
raises match quality moves workers toward firms where they are more productive,
which reduces misallocation. A network that only moves workers up the firm-premium
distribution redistributes rents among workers of the same type without changing

where output is produced; it is an access technology, not a matching technology.

3.3 Two Hypotheses

The information view, which follows from the arrival-rate model and from referral
models in which an employer learns more about a referred candidate (Dustmann
et al., 2016; Montgomery, 1991), predicts that networks act on the match margin.
Referrals compress the employer’s uncertainty about the pair, so the starting wage is
higher because the employer discounts less for uncertainty, and the match component
should rise with network quality. In the canonical learning model of Jovanovic (1979),
better initial information also implies flatter wage—tenure profiles and faster early
separations among the rare bad matches, which we leave to future work with a longer
post-displacement panel.

The access view predicts that networks act on the sorting margin. Vacancies at
high-premium firms are rationed, and a contact inside such a firm is a way past
the queue (Chandrasekhar et al., 2020). On this view the network raises the firm
component of the new job’s wage and leaves the match component unchanged; the

same worker earns more because of where they landed, not because of how well they
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fit. Two corollaries follow. First, because coworker networks are homophilous in
worker type, part of any raw network premium is selection: high-6; workers have
high-6 contacts. Second, the local benefit has a global cost. When network members
compete for the same rationed openings, the marginal value of a network falls as it
grows (Chandrasekhar et al., 2020), and an economy in which access rather than fit
governs assignment can lock workers into connected firms independent of productivity
(Munshi & Rosenzweig, 2016). A word on terminology, since sorting is used in this
literature for two different things: the access margin above is about which firm a
given worker reaches, whereas assortative sorting is the correlation between worker
and firm effects in the labor market as a whole. The two are connected — a network
that routes high-type workers to high-premium firms strengthens assortative sorting
— but they are not the same quantity, and we reserve sorting for the second. Whether
network-based hiring aggravates or attenuates assortative sorting is an open empirical
question: Eliason et al. (2023) find in Swedish data that connections let low-premium
firms reach high-type workers, reducing sorting, while the homophily argument points

the other way.

3.4 Predictions Taken to the Data

The two views agree that a higher network employment rate raises the new job’s wage
among workers displaced from the same firm. They disagree on the decomposition
of that effect. If networks act through information and match quality, the match
component of the new job’s wage should rise with ER. If they act through access, the

firm component should rise with ER and the match component should not move; the
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worker component may rise with ER through homophily, which we read as selection
rather than a network effect. The Mexican setting sharpens the stakes: about half
of employment is informal, formal signaling is scarce, and Puggioni et al. (2022),
working in the same IMSS data, document that workers who exit formal employment
take three or more years to recover their pre-exit earnings — a horizon that includes
the months spent outside formal employment, not only the pay of the job eventually
found. A network that improves matches would raise the pay of that job; a network
that only redistributes access would change which workers get the better-paying
vacancies without changing how many there are. Section 6 establishes the within-firm

wage effect and Section 7 decomposes it.

4 Data

4.1 Data Sources

Labor market analysis in developing countries often faces challenges due to informality,
high turnover, and data fragmentation. To overcome these obstacles, this study uses
confidential matched employer-employee records from the Mexican Social Security
Institute (IMSS). The IMSS is Mexico’s social security institute, which administers
health insurance, pensions, and other benefits for private-sector formal employees;
employers must register each worker and report a contribution wage every month,
and those filings are the records used here. They cover formal-sector workers between

2005 and 2024.

This dataset was obtained through a data-sharing collaboration with the EconLab
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at Banco de México, and includes the following variables at the monthly level:

e Employee ID (unique and time-invariant)

e Company ID

e Municipality and state of employment

e Sector of employment

e Gender

e Type of employment (permanent vs. temporary)

e Daily wage (salario base de cotizacion, the salary base on which IMSS contribu-

tions are computed)

The size and scope of the dataset are substantial: it covers approximately 12
million individuals in 2005, expanding to 20 million by 2015, allowing for dynamic
analyses of employment spells, job mobility, and wage growth. A key strength of the
dataset is that it tracks workers and companies over time, capturing job transitions
and long-term employment histories that are rarely observed in developing country
contexts.

The two analyses in this paper draw different windows from this panel, and for
different reasons. The displacement design uses 2010-2014 to build each worker’s
pre-displacement network, June 2014 to May 2015 for the closures themselves, and
the 24 months after each closure for outcomes. The AKM decomposition of Section 7

instead uses a 2013-2016 window, wide enough to bracket the displacement window
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and dense enough in job-to-job moves to link firms into a single connected set, which
is what identifies firm effects. Neither window is a different dataset; each is a cut of

the same records, taken to suit a different estimator.

4.2 Sample Construction and Data Cleaning

The unit of observation is the individual worker. Each observation represents a
formally employed person displaced from a closing company between June 2014 and
May 2015. Workers are followed monthly, before and after displacement.

To build the analytical sample, we focus on workers displaced due to company
closures that occurred between June 2014 and May 2015. Using monthly IMSS
records, we identified companies that ceased operations in each rolling month-to-
month window — for example, companies active in June but absent in July, July but
absent in August, and so on. This dynamic window allowed for a precise classification

of closure events and ensured accurate timing of job displacement.

Several additional filters were applied to refine the sample:

e Company closures: Companies were considered closed if they disappeared
from the registry in a given month and had no identifiable mass movement
of employees (i.e., less than 30% of workers moved to the same destination

company, to avoid counting mergers or acquisitions).

e Company size restriction: The sample was restricted to companies with
6-50 employees to increase the likelihood that coworkers personally knew each

other, which is critical for constructing meaningful social networks.
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e Employment history: Workers needed to have at least 36 months of formal
employment between 2010 and 2014 to be included in the analysis, ensuring a

sufficient work history for defining their professional networks.

e Network definition: Each worker’s social network was constructed as the set
of coworkers with whom they overlapped in employment for at least one month

at the same company during the 2010-2014 pre-closure period.

A correction to the closure filter. The mass-transfer rule stated above is the
rule we intend and the rule we report. In preparing this draft we found that our
implementation of it was too permissive, in two respects. It retained a closing firm
whenever some destination absorbed less than 30 percent of that firm’s departing
workers, rather than dropping the firm whenever any destination absorbed more than
30 percent; and it silently discarded closures from which no worker was re-employed
in the month immediately following. The first error admitted a bloc of firms that
had in substance re-registered under a new identifier, carrying their workforce with
them. The second removed from the sample precisely those workers with the longest

spells outside formal employment, and so understated non-employment throughout.

We have rebuilt the sample under the correct rule and re-estimated the paper on it.
The within-closing-firm wage result — the central estimate of this paper, and the one
the displacement design actually identifies — is unchanged by the correction. The
pooled cross-firm duration estimate does not survive it, and the cross-firm estimates
reported below should accordingly be read as descriptive rather than causal. Because

results leaving the Banco de México research enclave must clear a disclosure review
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that the corrected estimates have not yet completed, the tables in this draft report
the cleared figures from the earlier build; affected quantities are flagged where they
appear, and the corrected sample will be reported in the next version. A second and
much smaller correction belongs in the same place: the main-job rule above was not
applied when the estimates reported here were produced, so for a worker registered
with two employers in the month of re-employment the wage taken as the outcome
depended on the order of the underlying records. This affects only workers with
simultaneous registrations, a small minority of the re-employed; the corrected sample

will report the share.

4.3 Key Variables

The complete dataset includes 43,905 employees displaced during the June 2014-May
2015 period, of whom 37,860 (27,865 men and 9,995 women) were observed to find
formal re-employment within a 24-month window following displacement; the analysis
sample is these 37,860 workers. The following are the main variables® used in the

analysis:
o Age: Age of the worker at the time of displacement.

e Wage at displacement: Daily wage (the IMSS contribution base) in the final
month of employment before the company closed; it enters the regressions in

hundreds of pesos.

e Longest coworker overlap: The longest number of months the worker shared

1 Sample distributions appear in Appendix Figures 9a-9d.
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an employer with any member of the network, a proxy for tie strength.

Years in formal sector: Total years of formal sector experience prior to

displacement.
Network size (NS): Number of unique coworkers from 2010-2014.

Employment rate (ER): Share of a worker’s network who are employed at

the time of displacement.

Unemployment duration: Number of months until reemployment in the

formal sector.

Wage at re-employment: Daily wage in the first month of the first formal
job after the closure. A worker registered with two employers in that month
contributes the higher-paying registration, which is the same main-job rule we

apply when identifying the first post-displacement employer.

Two constructions are worth stating explicitly: network size enters the regressions

in logs, to address its skewness, and unemployment duration is the number of months

until a return to formal-sector employment after displacement.

4.4 Descriptive Statistics

Table 2 reports descriptive statistics for the continuous variables in the sample, and

Table 3 its composition by industry and displacement month. Figure 2 shows the

proportion of individuals by the number of months they remained unemployed; the

distribution is concentrated at short unemployment durations, with most individuals
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exiting unemployment within the first few months. The dashed vertical line marks
the sample mean of 2.45 months. Appendix Figure 6 shows the distribution of the
other outcome, the daily wage at the first post-displacement job. Figure 3 reports the
sample distributions of network size and the network employment rate, and Appendix

Figure 9d reports the distribution of the longest coworker overlap.

4.5 Pre-Displacement Wages and Sample Comparability

The identifying assumption is that the closure, not the worker, is what ends the job.
Two features of the pre-period support it. Figure 4(a) plots the mean daily wage of
the June 2014 cohort in each of the 36 months before the closure. The series rises
gradually — by about 7 percent in nominal terms over three years, which is less than
cumulative inflation over the same window — and then declines modestly over the
final months before the firm disappears. That terminal decline is what one expects
of firms approaching failure, and it is the one respect in which displaced workers
are not on an ordinary trajectory; it is small relative to the post-displacement wage
changes the paper estimates, and it is common to all workers at a given closing firm,
so the closing-firm fixed effect absorbs it. What the figure does not show is a sharp
pre-displacement collapse, which would indicate that the workers, rather than the
firm, were already in trouble.

Figure 4(b) asks whether workers at closing firms are a selected slice of the small-
firm workforce. It compares the distribution of the wage at displacement in the cohort
against all IMSS workers employed at firms of the same 6-50-employee size class

in June 2014. The two distributions track each other over the whole support, and

20



their p45-p55 bands overlap (125-144 in the cohort against 119-140 size-matched).
Workers displaced by closure are close to ordinary small-firm workers on pay before

the event.

Both panels are computed on the June 2014 cohort alone rather than the pooled

twelve-cohort sample, and on the pre-correction sample discussed above.

4.6 The Wage Structure of the Formal Sector

A second measurement step underlies Section 7. We estimate the two-way fixed-effects
wage model of Abowd et al. (1999) on a 2013-2016 window of the IMSS panel — 323
million person-month observations on 13.0 million workers and 981,939 firms in the
largest connected set — chosen to bracket the displacement window with enough
mover density on either side to connect firms, and narrower than the 2005-2024 panel
of Section 4 because the estimator requires every firm to be linked through workers

who move, with a cubic in age and year effects as controls:

¢ k V(i) Jh B+ ei (1)
worker firm matc

Here 0; is a worker’s portable pay premium, v, the premium that firm J(i,t)
pays to every worker it employs, and m;; the residual match-specific component.
The model fits the data well (R?* = 0.916 against a standard deviation of log wages
of 0.743), and worker and firm effects are positively correlated (0.19), evidence of
positive assortative sorting in the Mexican formal sector. Table 6 reports the variance

decomposition: worker effects account for 44 percent of the variance of log wages,

21



firm effects for 34 percent, and the sorting covariance for 15 percent. These shares are
close to those Pérez Pérez and Nuno-Ledesma (2024) report for the same records over
an earlier window, which is a useful check: our decomposition is not an outlier, and
what is new here is the use we put the components to rather than the components

themselves. The 34 percent is an upper bound, for reasons set out in Section 8.

5 Empirical Framework

5.1 The Identification Problem

The central challenge in estimating the effect of coworker networks on post-displacement
outcomes is that network quality and job outcomes are simultaneously determined
and both depend on unobserved worker characteristics. A worker’s ability, motivation,
occupational specialization, and willingness to relocate jointly shape both the people
the worker has previously worked with — and thus the employment status of those
contacts at any given moment — and the worker’s own re-employment prospects after
a job loss. The relationship between network quality and job outcomes therefore runs
in both directions, and an unobserved worker characteristic — summarized as ability

— potentially drives both.

Compounding this confounding, job-seekers vary widely in ways that the analyst
typically cannot observe: new labor-market entrants differ from experienced workers in
their network exposure; voluntary leavers differ from involuntarily-separated workers
in their reservation wage and search intensity; and geographically mobile workers

differ from those with strong local ties in the geographic scope of their search. These
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groups also differ in unobservable characteristics — motivation, risk tolerance, family
responsibilities — that simultaneously affect both network formation and search

outcomes.

5.2 Research Design: Displaced Workers from Establishment

Closures

To address these concerns we follow the now-standard research design developed in
Cingano and Rosolia (2012), Glitz (2017), Saygin et al. (2021), Eliason et al. (2023),
and Garcia-Louzao and Silva (2024). We restrict attention to workers who lose their
jobs through the closure of their employing establishment, dropping closures that
resemble mergers or mass transfers (Section 4). Establishment closures are plausibly
exogenous to individual worker performance, particularly under our 6-50-employee
size restriction — a large firm may close because of a single underperforming worker,
but a small firm rarely does. Conditional on the closure event, the cross-sectional
variation in network characteristics among the displaced workers identifies the effect

of those characteristics on subsequent outcomes.

A second feature of our design is that networks are predetermined relative to
the displacement event. We construct each worker’s coworker network from formal
employment overlaps during 2010-2014, while the displacement window opens in June
2014 and the post-displacement outcomes accumulate through 2017. This timing
means that the realization of a worker’s network employment rate at the displacement

date depends on the labor market trajectories of the worker’s former coworkers, which
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the worker does not control.

A third feature is that we compare workers who differ in their networks but are
otherwise observationally similar. Specifically, we condition on age, gender, pre-
displacement wage, and years in the formal sector, and we include fixed effects for
industry, municipality, and displacement month or, in our central specification, for
the closing firm itself. The identifying assumption is that, conditional on these
controls and fixed effects, variation in coworker-network characteristics is unrelated

to unobserved determinants of post-displacement outcomes.

5.3 Model 1: Post-Displacement Outcomes

Our first specification tests the arrival-rate prediction of Section 3: stronger coworker
networks should shorten unemployment spells and, plausibly, raise post-displacement
wages by giving workers access to more and better-matched job offers. Letting ¢ index

displaced workers and ¢ index the displacement month, we estimate

Y = a+ 1 ERy + 52 log(NS;;) + 53 Overlap,, + 7' Xt + 0 + 7 + ¢j + €1, (2)

where Y}, is alternately the number of months 7 remains unemployed after displacement
and the daily wage at the first formal-sector job after displacement. The three network
regressors capture distinct aspects of the network: ER;;, the share of i’s past coworkers
who are formally employed in month ¢, proxies network quality; log(NS;;), the log
of the number of past coworkers, proxies network size; and Overlap,,, the longest

period of shared employment between i and any network member, proxies tie strength.
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The control vector X;; contains age, gender, pre-displacement wage, and years in the
formal sector. The fixed effects absorb time-invariant unobserved heterogeneity at
the level of municipality (d,,), displacement month (7;), and industry (¢;); because
municipality is nested within state, a separate state effect would be redundant. All
specifications are estimated by OLS. Standard errors are heteroskedasticity-robust
(HC1) in the pooled specification and clustered by closing firm in the within-firm
specification of equation (3), which is the one we rely on. The primary parameter of
interest is ;.

Equation (2) compares workers displaced from different closing firms. Our central
specification tightens the comparison to workers displaced from the same firm by

replacing the three group effects with a closing-firm fixed effect As:

Yi; = 51 ER; + B3 1og(NS;) + 3 Overlap, +v'X; + As + €. (3)

The fixed effect absorbs everything common to the workers displaced together — the
firm’s municipality, industry, and month of closure, its wage level, and whatever shock
brought it down — so that f; is identified from co-displaced workers who differ in
the quality of their networks. Because the closing firms have 6 to 50 employees, each
fixed effect is estimated from a handful of workers, and we cluster standard errors
by closing firm. Within a closing firm the network measures move together, because
co-displaced workers share most of their former coworkers; the within-firm variation
comes from the 64 percent of displaced workers who also worked elsewhere during

the three years before the closure and therefore carry contacts their colleagues do not
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(Appendix Figure 7). Equation (3) therefore identifies the effect of network quality
well and the effects of network size and of interactions with size poorly; we return to

this in Section 6.

5.4 Model 2: Wage Components

Our second specification asks which margin the within-firm wage effect operates
on. We estimate the two-way fixed-effects wage model of Abowd et al. (1999) on
the full IMSS mover panel for 2013-2016, which yields for every worker a portable
pay premium 0, and for every firm in the connected set a premium zﬂj paid to
all its workers. For each displaced worker who is re-employed we take the log
wage at the first post-displacement job and split it into the worker effect éz-, the
destination-firm effect 1& J(ipost), the age—year index xitﬁA, and the match residual
My = Wiy — éz - zZAJ J(i,post) — xitﬁ . We regress each component, and the log wage itself,
on the same network measures as equation (2), with age, gender, and years in the

formal sector as controls:
¢ = By ER; + 35 log(NS;) + 8 Overlap; + "X, + 6, + 7 + b5 + e (4)

for ¢* € {w, 0, 1, zf, m}, with municipality (d,,), displacement-month (73), and
industry (¢;) fixed effects. The control vector here is not identical to that of equa-
tion (2): the pre-displacement wage, which enters Model 1, is not among the controls
in the estimates reported below. Because the components sum to the log wage, the

coefficients ¥ sum to the total effect of ER on the log wage, so each one measures
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the share of the network premium that runs through that channel. The information
view predicts a positive coefficient on the match residual; the access view predicts
a positive coefficient on the firm component and none on the match residual. The
connected set is also what makes the third design element of Section 1 operational:
a destination firm’s 1& is a position in the distribution of premia across all 981,939
connected firms, which is the closest observable counterpart to the set of firms a
displaced worker could have moved to. The sample is the 37,483 displaced workers
for whom both effects are estimated; every displaced worker in the analysis sample
is, by construction, a mover in the AKM panel. The results are in Section 7. The
components are estimated rather than observed, which has consequences for both the

firm-premium variance and the standard errors; we take them up in Section 8.

5.5 Limitations

Two caveats temper the causal interpretation of our estimates. First, although
establishment closures provide an exogenous separation, unobserved individual traits
such as motivation or risk tolerance may still correlate with both network composition
and search outcomes; the rich fixed-effect structure addresses but does not eliminate
this concern. Second, the IMSS data observe only formal-sector ties, so workers
with rich informal networks — through family, neighborhood, or informal-sector
employment — will appear in our data with measured networks that understate their
true social capital. The closing-firm fixed effects of equation (3) address the first
concern at the firm level; we discuss extensions that address both, including the use

of mass layoffs as an instrument, in Section 8.3.
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6 Results

6.1 Within the Closing Firm

Our central estimates compare workers displaced by the same firm closure. Table 4
reports equation (3), which carries a closing-firm fixed effect and clusters standard
errors by closing firm. Because that fixed effect absorbs everything the co-displaced
share (Section 5), the coefficient on the network employment rate (ER), the share of
a displaced worker’s former coworkers who are formally employed in the month of
displacement, is identified from co-displaced workers who differ in the quality of their
networks.

The two outcomes part ways. The wage effect is present and precise: a unit increase
in ER raises the daily wage at the next job by 21.5 pesos (column 3; 23.4 pesos in
the parsimonious column 4), so one standard deviation of ER is worth about 3.4
pesos per day, or 1.5 percent of the 231-peso mean pre-displacement wage, with a
clustered standard error of 7.3. It does not depend on the other two network measures.
The duration effect is absent: the ER coefficient is —0.03 in column (1) and —0.04
in column (2), each with a standard error of 0.16 and indistinguishable from zero.
Within the closing firm, a better-employed network changes the job a worker lands,
not how quickly they land it.

This is the result the rest of the paper builds on, and Section 7 asks where the
wage gain comes from. The comparison is between co-displaced workers alike in age,
gender, years of formal-sector experience, and pre-displacement wage, whose former

colleagues happen to be more or less employed when the firm closes. What it does
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not absorb is the pre-closure employment history that generates the difference in

network quality, and Section 7 is where that selection appears.

6.2 Comparison: Pooling Across Closing Firms

The value of the within-firm comparison is clearest in what happens without it.
Table 5 reports OLS estimates of equation (2), which pools workers across closing
firms and absorbs municipality, industry, and displacement-month effects in place of

the firm itself.

Column (1) shows a large negative coefficient on ER: pooled across closing firms, a
better-employed network is associated with a markedly shorter spell out of formal
employment. We report the estimate but do not interpret it, for two reasons given
below. Columns (3) and (4) show that ER is also positively associated with the
wage at the first post-displacement job: a one-unit increase raises the daily wage by
49.6 pesos, so one standard deviation of ER is worth about 7.9 pesos per day, or 3.4
percent of the mean pre-displacement wage.?

The wage estimate is of the same sign and order of magnitude as its within-firm
counterpart. The duration estimate has no within-firm counterpart at all, and it is
the estimate most exposed to the closure definition: the filter correction described in
Section 4 removes firms that re-registered carrying their workforce, whose workers by
construction combine near-zero spells with near-complete network employment. A

coefficient that does not survive the within-firm comparison and is sensitive to the

2 This is a cross-firm estimate, and is among the quantities affected by the closure-filter correction

described in Section 4; it does not survive the correction. The within-firm estimates are
unaffected.
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sample definition is not one to build on. We treat the wage effect as the causal object
and do not interpret the pooled duration result.

It is worth noting what its absence within the firm implies. A duration effect is the
prediction of the information channel — a better-employed network delivers vacancy
news faster, so the worker finds a job sooner. Its absence once the closing firm is held
fixed is the first indication, before any decomposition, that information is not the
margin the network operates on.

The log of network size is not statistically significant for either outcome here, so
within this specification the number of contacts matters less than whether those
contacts are employed; Section 7 shows that in the pooled log specification network
size does carry a wage effect, and that it runs through the firm component. The
longest coworker overlap, our proxy for tie strength, is significant but small for
unemployment duration and insignificant for wages. The controls behave as expected:
older workers earn more; women earn 3.6 pesos less per day and have slightly shorter
spells; a higher pre-displacement wage (entered in hundreds of pesos) predicts both
faster re-employment and higher earnings; and more years in the formal sector predict

slightly lower post-displacement wages.

6.3 Splits, Interactions, and Robustness

Appendix Tables 8 and 9 split the within-firm specification by the closing firm’s sector
and region, and Appendix Table 10 adds the interaction of the network employment
rate with log network size. None of the three identifies what it is asked to. Every sector

and region estimate lies within two standard errors of the pooled within-firm estimate
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of 21.5 pesos and no two are distinguishable from each other, so the splits neither
establish nor rule out heterogeneity; the point estimates are largest in manufacturing
and in the center of the country, which is suggestive and no more. The size interaction
is positive on duration in the cross-firm specification, which would be consistent with
members of a large network competing for the same openings, but it is not identified
within the closing firm, where co-displaced workers share most of their network by
construction. We report all three for completeness and build on none of them.
Dropping network size and tie strength from the specification (columns 2 and 4 of
Tables 5 and 4) leaves the network employment rate coefficient nearly unchanged in
both specifications, so the headline result is not an artifact of collinearity among the

three network regressors.

6.4 Comparison with the Developed-Country Literature

Our within-firm design is the one used by Cingano and Rosolia (2012), who exploit
variation among workers displaced by the same firm and absorb shared shocks with
firm fixed effects. They find that a one-standard-deviation increase in the network
employment rate shortens unemployment by about 8 percent in Italian administrative
data. We do not find a within-firm duration effect in Mexico; the large cross-firm
effect we do find is the one that a within-firm comparison removes. Like Cingano
and Rosolia, we find that the employment rate of the network is a far more powerful
predictor than its size. That comparison holds across closing firms; within the closing
firm, as Section 5 notes, network size is poorly identified because co-displaced workers

share most of their network, so we do not read it as a within-firm ranking of the two
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measures.

Country  Main finding on coworker networks Study

Italy Better-employed networks shorten unemployment Cingano & Rosolia (2012)
Germany  Shorter unemployment; no robust wage effect Glitz (2017)

Austria Easier moves between industries and regions Saygin et al. (2021)

Sweden Connections reduce sorting between high- and low-wage firms Eliason et al. (2023)

Portugal  Shorter unemployment, higher initial wages, longer tenure Garcia-Louzao & Silva (2024)

Table 1: Coworker-network effects on labor market outcomes in five developed-country studies. The
unemployment-duration effect is robust across settings; the wage effect is mixed.

The wage result is where the Mexican evidence is distinctive. Table 1 summarizes
the five developed-country studies that use our design. Across them, the wage effect
of coworker networks is mixed: Cingano and Rosolia (2012) did not estimate it;
Glitz (2017) finds an OLS wage effect that disappears under instrumental variables;
Saygin et al. (2021) find no wage effect; Eliason et al. (2023) interpret their findings
as evidence that networks reduce sorting between high- and low-wage firms; and
Garcia-Louzao and Silva (2024) find a small initial wage premium that fades with
tenure. Against this backdrop, a within-firm wage effect that survives closing-firm
fixed effects and clustering is the finding to explain. Section 7 asks whether it reflects

a better match or access to a better-paying firm.

7 Where the Wage Premium Comes From

7.1 Decomposing the Network Wage Premium

Section 5 sets out the decomposition; this section reports it. Figure 5 shows the same

decomposition without a functional form: binned means of each component across
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twenty equal-count bins of ER. The worker and firm effects are flat across the bottom
two-thirds of the ER distribution and climb steeply in the top third, while the match
residual stays flat and economically negligible. The network premium is therefore
concentrated among the best-connected quarter of displaced workers, and even there

it takes the form of access to higher-paying firms rather than better fit.

Before reading the shares, it is worth being explicit about what is being decomposed,
because it is not the coefficient of Section 6. These regressions are pooled across
closing firms and the dependent variables are in logs, where Section 6 estimated a
within-firm effect on the wage in levels. Both differences push the total up: pooling
reintroduces the between-firm variation the closing-firm effect removes, and a log
specification weights proportional gains, which are largest for the low-wage workers
whose absolute gains are smallest. A unit increase in ER raises the post-displacement
log wage by 0.97 (column 1), about 0.16 log points per standard deviation. That
is larger in proportional terms than the within-firm level estimate of Section 6, but
the two are not comparable and the distance between them is a property of the two
specifications rather than a finding about networks. What Section 7 takes from this
table is therefore the composition of the premium, not its size: the shares are what
the argument uses, and they are what the within-firm counterpart, once estimated, is
expected to preserve. The larger share of that premium is the worker effect (column 2):
workers with better-employed networks are workers with higher portable pay premia.
This is selection through homophily rather than a causal effect of the network, and we
state it as such. The remainder is the firm effect (column 3): better-connected workers

land in firms that pay a higher premium to everyone they employ. We report the
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split qualitatively because it is a cross-firm quantity: the division between the worker
and firm channels moves under the closure-filter correction described in Section 4,
while the absence of a match effect does not. The match component (column 5)
carries essentially none of the premium: the point estimate is —0.03 against a total
of 0.97, so it is economically negligible, though it is precisely enough estimated to be
statistically distinguishable from zero. Dropping network size and tie strength from
the regressions moves the ER coefficients only marginally (to 0.95, 0.53, 0.42, and
—0.04).

The same table shows that network size and tie strength, which are indistinguish-
able from zero in the within-firm level specification, are positive in the pooled log
specification and load almost entirely on the firm component: a log point of network
size carries 0.018 on the log wage and 0.018 on the firm effect, with nothing on the
worker effect. That is the access reading again, on a different margin — more contacts
reach more firms rather than better matches. These are cross-firm quantities, so we

do not build on them.

7.2 Reading

Networks, on this evidence, do not find workers the firms they fit especially well; they
get them into firms that pay more. That is the access-rationing pattern rather than
the matching pattern — the local-benefit, global-cost logic of Chandrasekhar et al.
(2020); compare Munshi and Rosenzweig (2016).

It also answers, for this setting, the question Section 3 left open about the direction

in which networks move assortative matching. Eliason et al. (2023) find that in
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Sweden connections let low-premium firms reach high-type workers, so that networks
reduce sorting between high- and low-wage firms. Here the network employment rate
raises the worker component and the firm component together (columns 2 and 3):
better-connected workers are higher-type workers who also land at higher-premium
firms. In Mexico, on this evidence, coworker networks reinforce assortative sorting
rather than loosening it. The same mechanism that is egalitarian in a labor market
with dense formal intermediation is stratifying in one without it.

Combined with the positive sorting in the panel as a whole, the result says that
coworker networks redistribute workers’ positions in the firm-premium distribution by
connection without shrinking that distribution. Two caveats apply. The components
are generated regressors, so the reported standard errors are provisional pending a
leave-out correction; and the firm effects come from an uncorrected AKM, so the firm

channel should be read as an upper bound.

8 Conclusion

This paper asks whether coworker networks in a developing labor market allocate
workers to the firms where they are most productive or ration access to the firms
that pay the most. Using confidential matched employer—employee records from the
Mexican Social Security Institute (IMSS) and firm closures between June 2014 and
May 2015 as the source of displacement, we compare workers displaced from the same
firm who differ in the share of their former coworkers who are employed. Within

the closing firm, a better-employed network raises the wage at the next job: one
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standard deviation of the network employment rate is worth about 3.4 pesos per
day, or 1.5 percent of the mean pre-displacement wage. It does not shorten the spell
out of formal employment; the large duration effect that appears when workers from
different closing firms are pooled disappears once they are compared within the firm.
The number of former coworkers and the strength of the ties matter little once the

employment rate is held fixed.

Decomposing the new job’s wage into worker, firm, and match components with
a two-way fixed-effects model estimated on the full IMSS mover panel gives the
answer to the opening question. The larger share of the network wage premium is
the worker component — better-connected workers are higher-type workers, which
is homophily rather than a causal effect of the network. The remainder is the firm
component: better-connected workers land in firms that pay everyone more. The
match component carries an economically negligible share of the premium, and the
whole premium is concentrated in the best-connected quarter of displaced workers.
Networks, on this evidence, get their members into better-paying firms; they do not
find them the firms they fit especially well.

These findings extend the coworker-network evidence from high-income countries to
a much higher-informality setting, but they change its interpretation. The European
studies establish that displaced workers’ former colleagues help them find work and,
in some settings, earn more; ours is the first economy-wide administrative evidence
in a developing labor market, and it identifies the channel. The channel is access, not
matching. That reading connects the network literature to the misallocation literature:

firm-premium dispersion is the labor-market analog of the marginal-product dispersion
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that Hsieh and Klenow (2009) measure across plants — an interpretive step, since
a firm premium may reflect rent sharing or monopsony as much as productivity —
and, on that reading, a mechanism that moves connected workers up the distribution
without improving fit redistributes the rents from dispersion rather than reducing
it. It is also the access-rationing pattern of Chandrasekhar et al. (2020): a private

benefit to the connected that need not be an aggregate gain.

8.1 Policy Implications

The first implication is about where the gains come from, and it is uncomfortable. The
network premium in this setting is not created; it is captured. Firms pay persistently
different wages to comparable workers, and what a well-employed network does is
move its members up that distribution without changing its shape. If the premium
ran through the match component — if connected workers landed in firms where they
were especially productive — then extending network-like access to the unconnected
would raise output, and the case for intervention would be an efficiency case. It does
not. On the evidence here, a policy that gave every displaced worker the reach of a
well-connected one would change who enters high-premium firms and not how many
such positions exist. That is a distributional gain, and it may well be one worth
having, since the workers without connections are not a random subset. It is not an
aggregate productivity gain, and a misallocation argument for the policy would need

the match result to have come out the other way.

The second is about which instruments are the right ones, and here the decom-

position is informative in a way that outcome data alone is not. Carranza and
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McKenzie (2024), reviewing active labor market programs in low- and middle-income
countries, organize the evidence around the question of what a program must supply
to substitute for a missing network. Our results narrow the answer by elimination.
The mechanism is not information about vacancies: a public job board reproduces
the arrival-rate function of a network, and within the closing firm a better-employed
network does not shorten the time a worker spends out of formal employment. Nor is
it a credible signal of general quality, which a certification program would supply, since
the premium does not run through the worker component in a way that a certificate
could carry — that component is selection, not something the network confers. What
a connection supplies is entry to a firm whose vacancies are rationed. The substitute
has to reproduce entry, which points to intermediaries holding standing relationships
with employers rather than to programs that post openings or credential workers.

This also gives program evaluation a sharper test than placement or earnings.
If an intermediary works through the channel identified here, the wage gain of a
placed worker should show up in the firm component of their wage — they should
land somewhere that pays everyone more — and not in the match component. A
program that raises earnings through better matching and one that raises them
through better access look identical in an earnings regression and imply different
things about whether the gains scale when the program does. The decomposition
used in this paper distinguishes them, and can be run on the administrative records
that most such programs already generate.

One instrument we would not draw from these results is an extension of referral

bonuses. Paying firms to solicit referrals from beyond their current workforce operates
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through exactly the channel the paper identifies as rationing: it widens the set of
people with a connection rather than weakening the role of connections in who gets
in. Whether that is desirable depends on who acquires the new connections, which is

a distributional question and not one this paper answers.

8.2 Limitations

Four limitations should be acknowledged. First, the worker and firm effects come
from an uncorrected two-way fixed-effects model, so the firm-premium variance is
an upper bound — limited mobility between firms biases it upward, as Bonhomme
et al. (2026) set out — and the standard errors of the component regressions treat
generated regressors as data. Second, the worker component of the network premium
is selection through homophily, and we do not claim it as a network effect; only
the firm component is the network at work. Third, the IMSS data observe only
the formal sector, so workers who move into informal employment, or who maintain
rich informal-sector ties, appear with measured networks that understate their social
capital and with re-employment that we do not observe. Fourth, the design uses a
single displacement year and identifies the effect of network quality well but the effect
of network size poorly, because workers displaced together share most of their network.
Fifth, every outcome is conditional on returning to formal employment within 24
months, so the paper is silent on the extensive margin — whether a better-employed
network makes a return more likely at all. That margin matters here: the closure-filter
correction of Section 4 raises the share of displaced workers who never reappear,

and what we can say is that the network premium is a placement effect rather than
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displacement insurance. It changes the job a worker lands, not how fast they land it
and not, on this evidence, whether they land one.

The bottom line is direct: in Mexico’s formal labor market, who you know —
specifically, who among your former coworkers is employed when you lose your job —
shapes how well your next job pays, and it does so by getting you into a better-paying
firm rather than into a better match. Labor market institutions that reproduce that
access for workers who lack it are, on the evidence presented here, the margin on
which policy can act — with the caveat that extending access redistributes the rents

of firm-premium dispersion rather than, by itself, reducing that dispersion.

8.3 Next Steps

Five extensions are under way.

First, the decomposition of Section 7 is estimated across closing firms. Re-estimating
it with a closing-firm fixed effect, on the components already in hand, would make the
composition of the network premium an identified object rather than a descriptive
one, and would let Sections 6 and 7 report and decompose the same total rather than
a level effect and a log effect on different samples.

Second, the worker and firm effects come from a plain two-way fixed-effects esti-
mator, which overstates the variance of firm effects in a panel with limited mobility
between firms (Bonhomme et al., 2026). We are implementing the leave-out correc-
tion of Kline et al. (2020) on the mover panel and will report corrected variance
components alongside the uncorrected ones, together with standard errors for the

component regressions that do not treat the estimated components as data.

40



Third, the closure filter described in Section 4 has been corrected and the analysis
re-estimated on the corrected sample. The within-firm wage result is unchanged by
the correction; the pooled estimates, and the division of the premium between the
worker and firm channels, move. A future version will report the corrected sample
throughout, once those estimates have completed the disclosure review that results

leaving the research enclave require.

Fourth, the network employment rate is one of several defensible ways to summarize
the employment status of a worker’s former colleagues, and the estimates should not
depend on which one is chosen. We are rebuilding it under alternative definitions —
excluding colleagues displaced by the same closure, weighting contacts by the length
of shared employment, and requiring a minimum overlap before a former coworker
counts as a contact — and will report the wage coefficient under each. The measure
is also estimated with error, which attenuates its coefficient, and the error is likely
to be larger for workers with few former colleagues, where a handful of contacts
determines the rate. Splitting each worker’s network at random into halves and
instrumenting the rate computed on one half with the rate computed on the other
identifies the reliability of the measure and bounds that attenuation. This matters
for more than precision: if reliability rises with network size, an attenuation gradient
is observationally equivalent to the interaction between network quality and network
size that we report as suggestive in Section 6, and the two need to be told apart

before either is interpreted.

Fifth, this paper takes the dispersion of firm pay premia as given and asks who

reaches the top of it. The companion question is where that dispersion comes from,
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and how much of it represents misallocation rather than compensating differences:
whether observably identical workers are paid differently within narrow local labor
market by industry cells, as the labor-market counterpart of the within-industry
marginal-product dispersion that Hsieh and Klenow (2009) measure across plants,
and that Bloom et al. (2026) document for Mexican firms. Because the IMSS data
cover only formal employment, magnitudes there will be conditional on formality, a

boundary Alvarez and Ruane (2024) show is neither small nor stable in Mexico.
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Figure 1: How currently-employed Mexican workers found their job, by self-reported method.
Personal connections (family, friends, or acquaintances) are the leading channel overall and in every

education group. Source: authors’ calculations from raw INEGI ENOE 2019 Q1 microdata, extended
questionnaire (working-age 15-64).
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N  Mean SD Q1 n Q3 n

Age 37,860  39.69 10.31 31.00 1,385  47.00 897
Wage at displacement 37,860 230.96 277.91 91.60 0 236.02 0
Years in formal sector 37,860 19.00 9.87 11.00 1,302 26.00 1,072
Employment rate 37,860 0.56 0.16 0.46 0 0.67 0

Table 2: Descriptive statistics for selected continuous variables. Q1 and Q3 are the 25th and 75th
percentiles; the n column beside each counts the workers whose value equals the reported percentile
exactly (0 where the percentile is interpolated between observations), as required by the EconLab
disclosure review. Minimum, maximum and median are not reported for the same reason. The
corresponding distributions appear in Figures 9a-9d.

Displacement Date Frequency Percent

Industry Frequency Percent June 2014 3,081 8.14
July 2014 2,758 7.28
Servicios empresas 12,427 32.82 August 2014 27547 6.73
Construccion 9,234 24.39 September 2014 3,133 8.28
Comercio 6,923  18.29 October 2014 3,266 8.63
Ind. Transformacion 5,022 13.26
Transporte 27452 6.48 November 2014 2,426 6.41
December 2014 5,765 15.23
Servicios Sociales 851 2.25 January 2015 2,512 6.63
Ind. Extractivas 446 1.18 February 2015 2,942 77
Agricultura 411 1.09 March 2015 2,510 6.63
Ind. Electrica 94 0.25
April 2015 3,469 9.16
May 2015 3,451 9.12

Table 3: Sample composition by industry of the closing firm and by displacement month. Industry
follows the IMSS nine-division classification and the division names are reproduced in the original
Spanish as they appear in the administrative data: Servicios empresas (business services), Con-
struccion (construction), Comercio (commerce), Ind. Transformacion (manufacturing), Transporte
(transport), Servicios Sociales (social services), Ind. Extractivas (mining and extraction), Agricultura
(agriculture), Ind. Electrica (electricity). Months run from June 2014 to May 2015.
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Dependent Variables: Months unemployed Post-displacement wage

Model: (1) (2) (3) (4)
Variables
Network employment rate -0.03 -0.04 21.5%** 23.47**
(0.16) (0.16) (7.3) (7.2)
Log (network size) -0.02* 0.95*
(0.01) (0.57)
Longest coworker overlap (months)  -0.001 0.009
(0.001) (0.06)
Age 0.006** 0.006** 0.22* 0.19*
(0.003) (0.002) (0.11) (0.11)
Female -0.007 -0.006 -1.6 -1.7
(0.04) (0.04) (1.8) (1.8)
Wage at displacement (100 MXN)  -0.02** -0.02** 86.2*** 86.1***
(0.008) (0.008) (1.4) (1.4)
Years in formal sector -0.003 -0.004 -0.07 -0.06
(0.003)  (0.003)  (0.11) (0.11)
Fized-effects
Closing firm Yes Yes Yes Yes
Fit statistics
Observations 37,860 37,860 37,860 37,860
R? 0.55234 0.55230 0.86918 0.86916

Clustered (Closing firm) standard-errors in parentheses

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table 4: Network quality and post-displacement outcomes within the closing firm — the paper’s
principal specification. OLS estimates of equation (3): months out of formal employment in
columns (1)—(2), the daily wage at the first post-displacement job in (3)—(4); columns (2) and (4)
drop network size and tie strength. Coefficients are identified from workers displaced by the same
firm. Standard errors clustered by closing firm; wage at displacement in hundreds of pesos. These
within-firm estimates are stable under the sample correction of Section 4.
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Dependent Variables: Months unemployed Post-displacement wage

Model: (1) (2) (3) (4)
Variables
Network employment rate -4.6%** -4.57** 49.6*** 49.2%**
(0.12) 0.12) (4.9 (4.8)
Log (network size) 0.01 -0.57
(0.01) (0.44)
Longest coworker overlap (months) -0.009*** -0.06
(0.001) (0.05)
Age -0.001 -0.005* 0.42%** 0.42%**
(0.003) (0.003) (0.12) (0.11)
Female -0.14%** -0.17*** -3.6%* -3.7**
(0.04) (0.04) (1.6) (1.6)
Wage at displacement (100 MXN)  -0.03***  -0.04***  85.2*** 85.1***
(0.005) (0.005) (0.72) (0.71)
Years in formal sector 0.004 0.004 -0.24* -0.24*
(0.003)  (0.003)  (0.12) (0.12)
Fized-effects
Industry FE (pre) Yes Yes Yes Yes
Municipality FE (pre) Yes Yes Yes Yes
Displacement-month FE Yes Yes Yes Yes
Fit statistics
Observations 37,860 37,860 37,860 37,860
R? 0.13211  0.12990 0.78623 0.78621

Heteroskedasticity-robust standard-errors in parentheses

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
Mean wage at displacement is 231 MXN ~ 11.7 USD; the wage-at-displacement control enters in
hundreds of pesos.
Mean unemployment duration is 2.45 months.

Table 5: Network quality and post-displacement outcomes, pooled across closing firms. OLS
estimates of equation (2), with municipality, industry and displacement-month effects in place of the
closing-firm effect; heteroskedasticity-robust (HC1) standard errors. These estimates are descriptive:
they compare workers displaced by different firms, and the duration coefficient in particular is
sensitive to the closure definition discussed in Section 4. The within-firm counterpart is Table 4.

51



Unemployment Duration Distribution
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Figure 2: Unemployment duration. The figure reports the distribution of completed unemployment
durations for the analysis sample; the dashed line marks the sample mean (2.45 months). Two
features of the sample shape it. The sample is conditioned on returning to formal employment
within 24 months, so workers who never return are excluded and the horizontal axis begins at one
month rather than zero. The closure filter described in Section 4 also dropped closures from which
no worker was re-employed in the following month, which removed some of the longest spells; the
corrected sample has a substantially higher share of workers never re-employed.

52



Employment Rate Distribution
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Figure 3: Sample distributions of the two network measures, for the 37,860 displaced workers of the
analysis sample. Panel (a) is the share of a worker’s former coworkers who are formally employed
in the month of displacement, the paper’s measure of network quality; the dashed line marks the
sample mean of 0.563. Panel (b) is the number of distinct former coworkers; its horizontal axis
is truncated near 4,700, just above the 90th percentile of 4,171, so roughly the top tenth of the
distribution falls outside the plotted range.
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JUN14 cohort: pre-displacement wage trajectory, t-36 to t=0
Mean (dashed blue)
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(b) Wage at displacement, cohort versus size-matched IMSS

Figure 4: Pre-displacement wages for the June 2014 displacement cohort. Panel (a) plots the mean
nominal daily wage in each month from 36 months before the closure to the reference month (monthly
means rest on at least 2,714 workers). The series drifts up by about 7 percent over three years
— less than cumulative inflation — and turns down modestly in the final months, consistent with
firms trimming pay as they approach failure; there is no sharp pre-displacement collapse. Panel (b)
compares the wage at displacement in the cohort against all IMSS workers at firms of the same
6-50-employee size class in June 2014; bands are p45-p55 (cohort 125-144, size-matched 119-140).
The distributions are close over the whole support. Both panels are for the June 2014 cohort only,
not the pooled sample of Table 2, and rest on the pre-correction sample described in Section 4.
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Component Share of var(logw)  SD

Worker effects, var(6) 0.436 0.491
Firm effects, var(v)) 0.340 0.433
Sorting, 2 cov(, ) 0.147 —
Age and year index, var(z/3) 0.039 0.147
2 cov (0, z3) —0.066 —
2 cov(ep, zP) 0.021 —
Residual 0.084 0.216
Total 1.001

Table 6: Variance decomposition of log daily wages from the two-way fixed-effects model, equation (1),
estimated on the largest connected set of the IMSS mover panel for 2013-2016 (323 million person-
month observations; 13.0 million workers; 981,939 firms). Shares sum to one up to rounding; the
residual share of 0.084 is the complement of R? = 0.916. Standard deviation of log wages 0.743;
corr(6,v) = 0.19. Plain AKM estimates without a leave-out correction, so the firm-effect share is an
upper bound.
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Dependent Variables: Log wage (post)  Worker effect (pe) Firm effect (fe) Age/year index —Match quality (resid)

Model: (1) (2) (3) (4)

Variables

Network employment rate 0.9729*** 0.5636*** 0.4067*** 0.0312*** -0.0286***
(0.0261) (0.0179) (0.0154) (0.0027) (0.0075)

Log (network size) 0.0179*** 0.0001 0.0177*** 0.0046*** -0.0045%**
(0.0023) (0.0016) (0.0014) (0.0003) (0.0007)

Longest coworker overlap (months) 0.0063*** 0.0040*** 0.0023*** —3.44 x 10=6 9.21 x 1076
(0.0002) (0.0002) (0.0001) (2.72 x 1075) (8.06 x 1075)

Age 0.0005 0.0171*** -0.0014*** -0.0145%** -0.0007***
(0.0006) (0.0005) (0.0004) (7.71 x 1079) (0.0002)

Female -0.0580*** -0.0344*** -0.0279*** 0.0025*** 0.0019
(0.0087) (0.0061) (0.0051) (0.0009) (0.0026)

Years in formal sector 0.0018*** 0.0002 0.0009** 0.0009*** -0.0001
(0.0007) (0.0005) (0.0004) (6.95 x 1079) (0.0002)

Fized-effects

Industry FE (pre) Yes Yes Yes Yes Yes

Municipality FE (pre) Yes Yes Yes Yes Yes

Displacement-month FE Yes Yes Yes Yes Yes

Fit statistics

Observations 37,483 37,483 37,483 37,483 37,483

R? 0.20798 0.24212 0.24068 0.78889 0.04203

Within R? 0.06145 0.17776 0.03261 0.77556 0.00273

Heteroskedasticity-robust standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table 7: Effect of network ER on the post-displacement log wage and its AKM components. Each
column reports equation (4) with the named component as the dependent variable: the log wage
at the first post-displacement, job (1), the worker effect 6 (2), the destination-firm effect ¢ (3), the
age—year index (4), and the match residual (5). Because the components sum to the log wage, the
ER coefficients in columns (2)—(5) sum to column (1). These regressions are pooled across closing
firms, with municipality, industry, and displacement-month effects rather than a closing-firm effect,
so they are the cross-firm counterpart of Table 5 and not of the within-firm specification of Table 4;
they are descriptive of where the premium sits, not identified within the firm, and they rest on
the pre-correction sample described in Section 4. N = 37,483 of the 37,860 displaced workers in
the analysis sample: the remainder are those whose post-displacement firm falls outside the largest
connected set of the mover panel, for which no firm effect is estimated. Heteroskedasticity-robust
standard errors in parentheses; they treat the estimated components as data and are provisional
pending a leave-out correction.
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Wage-component gradients across the network employment rate
20 equal-count bins; binned means only (N = 37,483 overlap workers)
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Figure 5: AKM components of the post-displacement wage by network employment rate. Binned
means of the worker effect 6, the destination-firm effect 1&, and the match residual m across twenty
equal-count bins of ER (about 1,874 workers each), demeaned; no functional form imposed. Bins
pool workers across closing firms. N = 37,483.
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Appendix Exhibits

First post-displacement joh: starting wage distribution
mean =227 (n =3081)

150
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JUN14 cohort workers

0 T
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Starting wage at first re-employment(MXN/day, log scale)

Figure 6: Distribution of the daily wage at the first post-displacement job, June 2014 displacement
cohort (n = 3,081; mean 227 pesos, marked by the dashed line). The horizontal axis is on a log scale.
The spike at the right edge is the IMSS contribution-base ceiling, which in 2014 was 1,682 pesos per
day and top-codes the wage of workers above it. This is the outcome variable of the within-firm
wage regressions in Section 6, for the one cohort whose distribution was exported. Pre-correction
sample, see Section 4.
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Pre-displacement work history: most cohort workers at a single firm?
n = 3081; multi-firm-history workers carry the FE-identifying variation

Single-firm: 36.4%
Multi-firm: 63.6%

900

600

JUN14 cohort workers

300

3 4 5 6 7 8 9+

Distinct firms in months -36..-1 (pre-displacement)
Dotted line separates single firm (to the left) and multi-firm (to the right)

Figure 7: Number of distinct employers in the 36 months before displacement, June 2014 cohort
(n = 3,081). 36.4 percent of displaced workers were at the closing firm alone over that window;
the remaining 63.6 percent also worked elsewhere and therefore carry former coworkers the rest of
their co-displaced colleagues do not. That second group is the source of the within-firm variation in
network quality that identifies equation (3). Pre-correction sample, see Section 4.
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JUN14 cohort: post-displacement wage recovery
Mean daily wage, conditional on formal employment (63-79% of the cohort in months 1-24)
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(a) All workers observed in formal employment

JUN14 cohort: post-displacement wage, balanced panel
Employed all 256 months (n = 1036); mean daily wage
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(b) Balanced panel: workers employed in every month

Figure 8: Post-displacement wage path for the June 2014 displacement cohort. Panel (a) plots
the mean daily wage of cohort members observed in formal employment in each month after the
closure; between 63 and 79 percent of the cohort is employed in any given month, so the composition
changes month to month and early re-entrants need not resemble later ones. Panel (b) restricts
to the balanced panel of workers employed in every one of the 25 months (n = 1,036). In both,
the mean wage of the re-employed exceeds its pre-displacement level within the first months and
continues to rise. This is a wage concept conditional on formal employment; it is not inconsistent
with the slower earnings recovery documented by Puggioni et al. (2022), which incorporates months
spent outside formal employment and workers who never return. Both panels are for the June 2014
cohort only and rest on the pre-correction sample described in Section 4.
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Dependent Variables: Months unemployed Post-displacement wage

Sector Full sample  Comercio  Manufactura Otro Servicios  Full sample Comercio Manufactura Otro Servicios

Model 3 @ ®) &) 5) ©) &) ®) © o

Variables

Network employment rate -0.03 -0.09 -0.37 -0.47 0.64** 21.5%%* 2.2 44.6** 31.5%* 7.5
(0.16) (0.34) (0.40) (0.30) (0.26) (7.3) (18.3) (22.1) (12.3) (11.3)

Fized-effects
Closing firm Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 37,860 6,923 5,022 12,637 13,278 37,860 6,923 5,022 12,637 13,278

Clustered (Closing firm) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table 8: Network ER effect by industry of the closing firm, within the closing firm. Each column
re-estimates equation (3) on the subsample of workers displaced from firms in the named sector;
columns (1)—(5) use months unemployed and (6)—(10) the post-displacement daily wage as the
outcome. “Otro” groups the remaining sectors, chiefly construction and transport. Only the ER
coeflicient is reported; the specification includes the full control set. Standard errors clustered by
closing firm.

Dependent Variables: Months unemployed Post-displacement wage

region Full sample Centro  Centro-Norte  Norte Sur Full sample Centro  Centro-Norte  Norte Sur

Model: (1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Variables

Network employment rate -0.03 -0.12 0.23 0.10 -0.41 21.5%** 31.0%* 22.4* 18.4 -0.83
(0.16) (0.26) (0.36) (0.30)  (0.40) (7.3) (12.6) (13.6) (16.0)  (15.8)

Fized-effects
Closing firm Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 37,860 13,491 8,572 10,027 5,770 37,860 13,491 8,572 10,027 5,770

Clustered (Closing firm) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table 9: Network ER effect by region of the closing firm, within the closing firm. Regions follow the
Bank of Mexico’s four-region division of the states. Same specification and reporting as Table 8.
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Panel A.

Cross-firm, eq. (2)

Panel B. Within the closing firm, eq. (3)

Dependent Variables:

Months unemployed

Post-displacement wage

Dependent Variables:

Months unemployed
1

Post-displacement wage

Model: Model:

Variables Variables

Network employment rate 8.8 2.9+ Network employment rate 0.25 13.3
(0.34) (12.6) (0.46) (19.3)

Log (network size) 04775 2.9 Log (network size) 0.04 0.08
(0.04) (1.4) (0.05) (2.0)

Longest coworker overlap (months) -0.008%** -0.06 Longest coworker overlap (months) -0.001 0.009
(0.001) (0.05) (0.001) (0.06)

Age 0.0005 0.43%** Age 0.006** 0.22*
(0.003) (0.12) (0.003) (0.11)

Female 0157 3.7 Female ~0.007 16
(0.04) (1.6) (0.04) (1.8)

Wage at displacement (100 MXN) 0.037% 85,27+ Wage at displacement (100 MXN) -0.02%* 86.27*
(0.005) (0.72) (0.008) (1.4)

Years in formal sector 0.003 -0.24* Years in formal sector -0.003 -0.07
(0.003) (0.12) (0.003) (0.11)

ER x Log(network size) 0.84%% 10 ER x Log(network size) 0.04 15
(0.06) (25) (0.08) (33)

Piged-cffects Figed-cffects

Industry FE (pre) Yes Yes Closing firm Yes Yes

Municipality FE (pre) Yes Yes -

Displacement-month FE Yes Yes Fit statistics

Observations 37,860 37,860
Fit statistics 2 0.55235 0.86918
Observations 37,860 37,860
2 0.13763 0.78624 Clustered (Closing firm) standard-errors in parentheses

Heteroskedasticity-robust standard-errors in parentheses

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table 10: Network ER interacted with log network size. Panel A adds the interaction to the
cross-firm specification (heteroskedasticity-robust standard errors); Panel B to the closing-firm
fixed-effects specification (standard errors clustered by closing firm). The wage-at-displacement
control enters in hundreds of pesos.
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Figure 9: Sample distributions of the four worker characteristics that enter the regressions as controls,
for the 37,860 displaced workers of the analysis sample. Panel (c) is truncated near 800 pesos; the
IMSS contribution ceiling was 1,682 pesos per day in 2014, so a top-coded mass above the plotted
range is not shown. Panel (d) heaps at 60 months, which is the length of the 2010-2014 window
over which coworker overlap is measured and therefore a censoring point rather than a feature of
tenure. Pre-correction sample, see Section 4.

Dependent Variables: Months unemployed Post-displacement wage

Sector Full sample  Comercio ~Manufactura Otro Servicios  Full sample  Comercio  Manufactura Otro Servicios

Model: () @ ® DG ©) ™ ® ©® o

Variables

Network employment rate -4.6%** -3.9%** -4.3%%* -4.1%* -4.2%% 49.6%** -8.9 68.1%** 66.7%%*  42.8%**
(0.12) (0.30) (0.30) (0.25) (0.20) (4.9) (12.7) (13.5) (9-3) (8.9)

Fized-effects

Industry FE (pre) Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Municipality FE (pre) Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Displacement-month FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Fit statistics

Observations 37,860 6,923 5,022 12,637 13,278 37,860 6,923 5,022 12,637 13,278

Heteroskedasticity-robust standard-errors in parentheses

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table 11: Network ER effect by industry of the closing firm, cross-firm specification. Same splits
as Table 8, estimated with equation (2) (municipality, industry, and displacement-month effects;
heteroskedasticity-robust standard errors).
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Dependent Variables: Months unemployed Post-displacement wage

region Full sample Centro  Centro-Norte  Norte Sur Full sample  Centro  Centro-Norte Norte Sur

Model: (1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Variables

Network employment rate -4.6*** -4.6%** -4.6*** -4 4.6 49.6%** 68.1%** 24.1%%* 37.2%%* 428+
(0.12) (0.20) (0.26) (0.25) (0.33) (4.9) (8.2) (8.6) (10.7) (11.6)

Fized-effects

Industry FE (pre) Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Municipality FE (pre) Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Displacement-month FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 37,860 13,491 8,572 10,027 5,770 37,860 13,491 8,572 10,027 5,770

Heteroskedasticity-robust standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table 12: Network ER effect by region of the closing firm, cross-firm specification. Same splits as
Table 9, estimated with equation (2).
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