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Abstract

Social connections are valuable for workers entering the labor market, both because
they might increase the likelihood of knowing about a job opening at a specific firm and
because they may increase the likelihood of being hired, conditional on knowing about
an opening. Using data from Israel and relying on identifying variation from the timing
of job movements of parents’ coworkers, I find that workers are three to four times more
likely to find employment in firms where their parents have professional connections
than in otherwise similar firms. I use the same variation to structurally estimate a
matching model of the labor market with search frictions, and find that connections
double the probability of meeting. The estimated value of one additional meeting with
a connected firm is 3.7% of the average wage, with around 1/3 of the increase coming
from the direct value of a connection. Connections matter for inequality; I find that
the wage gap between Arabs and Jews decreases by 12% when equalizing the groups’
connections, but increases by 56% when prohibiting the hiring of connected workers.
These seemingly opposing results are explained by the fact that Arabs have connections
to lower-paying firms but use their connections more extensively.
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1 Introduction

That some firms pay workers with similar skills differently is well documented (Abowd
et al. 1999; Mortensen 2003; Card et al. 2018). Much less is known about why some workers
find higher-paying jobs than comparable peers. As many, if not most, jobs are obtained
through social contacts (Topa 2011), a natural answer to this question concerns differences
in social networks. This article studies the role of social connections in explaining where
people find their first job. I focus on one particular mechanism: firms where workers have
connections through their parents.

This question has important implications for between-group inequality. Differences in
the quality of labor-market ties can partly explain pay gaps between groups. This paper
focuses on Israel, where there is a big pay gap between the two major ethnic groups, Jews
and Arabs. Using a matched employer-employee dataset linked to the Israeli population
registry, I show that Arabs have parental connections to lower-paying firms and I study the
importance of that mechanism in explaining the pay gap.

I distinguish strong and weak parental connections. Strong (direct) connections are
connections between employees and firms where their parents have worked. Weak (indirect)
connections are connections between employees and firms where their parents’ past coworkers
have worked. The first part of the paper studies the reduced-form relationship between
parental connections and first-job assignments as well as wages. I start with the impact of
connections on a worker’s first job.

To identify the effect of weak connections, I leverage the timing of both the formation
and destruction of links. In particular, I compare the likelihood of working in a firm where
the employee had active links in the labor-market entry year ("weak connections") with the
likelihood of working in a firm where the contact had left a short time before or afterwards
("phantom connections"). I show that firms with weak and phantom connections are similar
on a variety of characteristics such as sector and location.

I find that workers are 3.7 times more likely to find employment in firms with (real) weak
parental connection than in phantom connected firms. Workers’ probability of starting at a
particular firm discretely falls the year after the link is destroyed.

To check for the possibility that estimated effects reflect endogenous separations, I esti-
mate the effects using two exogenous causes of separation, coworkers’ deaths and retirements.
Specifically, I compare the probability of working at firms in which parents’ coworkers died
or retired after the labor-market entry year and firms in which contacts died or retired a few
years before.1 These estimates are similar in magnitude to the benchmark result, with odds

1See Azoulay et al. (2010) and Jager (2016) for early use of death for exogenous variation in networks.
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ratios of 2.6 and 3.9 for the "death" and "retirement" connections, respectively. Likewise, to
check the potential difference in employment trends between weak and phantom connections,
I perform a placebo test, assigning a worker’s connections to a random worker with similar
observable characteristics. I find no hiring differences between phantom and real connections
of a placebo worker.

I also study the heterogeneity of the effect as a function of the connections’ and workers’
characteristics. Connections are more effective if formed at smaller firms, for more extended
periods, and more recently. Notably, connections are also stronger if the child, parent, and
parent’s coworker share characteristics such as gender or ethnicity. Likewise, the effect is
stronger for males, Arabs, and less-educated workers.

I end the first part of the paper by studying the relationship between social connection
and salary. Weak connections are associated with 1.4 percent higher wages than phantom
connections. However, this analysis does not identify the causal effect of social connections
on wages since it ignores selection: without connections, a hired connected worker may
have counterfactually not received an offer at all instead of a different salary.2 The model
addresses this issue by jointly studying questions of matching and wage-setting.

In particular, I focus on two mechanisms through which social connections can be valu-
able. Firstly, they might alleviate search frictions by improving the information flow about
a job opening at a specific firm and potential job seekers. Secondly, conditional on that
mutual knowledge, they may increase the probability of a match between the job seeker and
the firm.

To study the importance of the two mechanisms, in the second part of the paper, I
build and estimate a two-sided matching model of the labor market with search frictions.
Matching takes place in two stages. In the first stage, workers and firms meet randomly,
and the probability of meeting can vary as a function of connections. In the second stage,
workers and firms that have met choose their optimal (stable) match, based on the utility
they obtain from the match, which also might be affected by social connections. To separately
identify the two mechanisms, I use two distinct types of information: where individuals end
up working, and how much they are paid.

I estimate the model using a simulation-based method that allows for rich and flexible
value functions. Finding the model’s equilibrium matches and wages is computationally
feasible due to the sparsity of the data resulting from the model’s first stage, which restricts
the set of potential matches. I estimate the parameters of the model using a novel update
mapping that "inverts" the information on the observed matches and wages into the meeting

2Unlike the matching question where the outcome (working or not) is observed for each worker-firm
combination, the outcome of the wage-setting question is only observed if the worker is hired by the firm.
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and value parameters, in the spirit of the BLP contraction mapping (Berry et al. 1995).3

The model estimates suggest that both the "search frictions" and "match value" mech-
anisms are important in explaining why parental connections increase the probability of
working in a firm. Weak connections increase the meeting probability by a factor of 2 and
the match utility by 2.8 percent.

To study the wage effects of connections using the model, I evaluate two sets of counter-
factuals. Both counterfactuals rely on the identifying assumption that the causal impact of
connections is the excess effect of real connections relative to phantom connections ("causal
connections"). In the first set of counterfactuals, I evaluate the wage-equivalent value of
meetings and connections. I find that the average value of one additional meeting with an
unconnected firm is 2.2% of new workers’ average wages. On the other hand, isolating only
the match quality mechanism by adding a causal weak connection to a random existing
meeting increases the wage by 1.5% the average wage. Combining the two mechanisms, the
value of a new meeting with causal weak connections is 3.7% of the average wage. 84%
of this effect can be attributed to workers moving to the new connected firm, whereas the
remaining 16% is due to improving workers’ choice set, without changing their job.

My model also allow me to evaluate the impact of parental connections on between-
group wage inequality. Specifically, in the second set of counterfactual exercises, I check
how much of the pay gap between Jews and Arabs in Israel is due to Jews having parental
connections to higher-paying firms. I find that, if Arabs and Jews had the same quantity and
quality of connections, the ethnic wage gap would decrease by 12% compared with the actual
gap. However, when prohibiting the hiring of connected workers, the ethnic pay gap would
increase by 56%. Two opposing forces are at play in these two scenarios. On the one hand,
Arabs have connections to lower-paying firms than Jews. Therefore, equalizing connections
provides Arabs with better connections, which reduces the pay gap. On the other hand,
Arabs rely more heavily on connections. Prohibiting the use of connections increases the
gap as it hurts Arabs more than Jews.

Existing literature studying parental connections finds that direct links (parent worked
at the firm) increase the child’s probability of working there; however, there is less evidence
for the impact of indirect parental connections (Corak and Piraino 2011; Kramarz and Skans
2014; Plug et al. 2018). The positive effect I find for the channel of parent’s past cowork-
ers network compared to other channels of indirect networks (e.g. parents of high-school
classmates or high-school classmates of one’s parents) is consistent with a literature showing
the importance of coworker networks for labor market outcomes (Granovetter 1973; Cingano

3To the best of my knowledge, this is the first use of a "BLP-style" update mapping that estimate two
sets of unobserved parameters using two sets of data points.
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and Rosolia 2012; Caldwell and Harmon 2018).4

Following the seminal study by Abowd et al. (1999), a large body of literature has
documented the importance of firms in determining the wage distribution (Card et al. 2013,
2018; Song et al. 2019; Bonhomme et al. 2019). Firms play a significant role in explaining
the pay gaps between different groups of workers, including males and females (Card et al.
2015), different racial groups (Gerard et al. 2018), and immigrants and natives (Arellano-
Bover and San 2020). However, most of this literature does not explore the role of social
connections in explaining why some workers find higher-paying jobs than others.5

The theoretical literature offers two main mechanisms for the importance of social con-
nections for matching workers and firms. Firstly, social connections might improve the
information flow about job opportunities and job seekers (Calvo-Armengol and Jackson
2004; Fontaine 2008). Secondly, connections might impact the value of the prospective
match, which may be due to an impact on the productivity of the match (Athey et al. 2000;
Bandiera et al. 2009), favoritism (Beaman and Magruder 2012; Dickinson et al. 2018), or to
reducing uncertainty about the productivity of the worker or the match (Montgomery 1991;
Dustmann et al. 2016; Bolte et al. 2020). In this paper, I build and estimate a matching
model that separately identifies these two mechanisms.6

Finally, this paper introduces search frictions into a two-sided matching model (Choo
and Siow 2006; Galichon and Salanié 2015; Chiappori and Salanié 2016). This extension
empowers the model to study labor markets, where search frictions are important (Mortensen
and Pissarides 1994; Postel–Vinay and Robin 2002).7

2 Data

I use matched employer-employee administrative records from Israel. These data span
1983-2015 and contain administrative information about the entire Israeli workforce collected

4I also find that the effect of connections decays over time, which explains why links formed a long time
ago are not useful.

5Two noteworthy exceptions are Schmutte (2015) and Eliason et al. (2019). This paper adds to their
contributions by studying how connections matter in an equilibrium model.

6Part of this literature also emphasizes the theoretical link between social connections and between-
group inequality (Calvo-Armengol and Jackson 2004; Bolte et al. 2020). I use estimates from my model to
empirically study this link in the context of the ethnic pay gap in Israel.

7The introduction of search frictions to the two-sided matching model also has computational benefits;
it enables simulating the model with large-scale data. See Agarwal (2015) for simulation-based estimation
of a non-transferable utility model of the market for medical residents. See Jaffe and Weber (2019) for an
earlier theoretical study introduces differential meeting rates into Choo and Siow (2006)’s matching model.
See Del Boca and Flinn (2014) for a matching model (of the marriage market) with restricted choice sets.
Finally, see Caldwell and Danieli (2018) for a recent study uses a two-sided matching model to derive a
sufficient statistic for studying the effect of outside options on wages.
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from tax records. The dataset includes person identifiers, firm identifiers, monthly indicators
for each firm in which a person worked, the yearly salary received from each employer in a
year, and the firms’ industry.

The employment tax records are merged with the Israeli Population Registry. This
dataset covers the full population of Israel. It includes demographic information: date of
birth, date of death (if any), sex, ethnic group, country of birth, and date of immigration
to Israel. Finally, starting in 2000, I observe yearly geocoded information on the city of
residence for each individual.

I also use data on higher-education enrollment of the individuals, collected by the National
Insurance Institute. Starting in 1996, I observe the higher-education institution and period
of enrollment of each individual in Israel.

2.1 Sample selection

I construct a panel dataset at the annual frequency. Following Kramarz and Skans (2014),
I assign each person-year observation the firm in which that person was employed during
February. I calculate the monthly salary by dividing the yearly salary in a firm by the
number of months worked there. If someone worked at more than one firm during February,
I assign him or her to the firm that paid a higher monthly salary. I exclude from the sample
worker-year observations with less than 25% of the national average monthly wage.8 The
period of the sample is 1991–2015. I construct a second dataset from this panel dataset,
keeping only firms with 5-500 workers per year. I use this data to build a parental network
over time.9

My analysis sample comprises Israelis who found their first stable job (see definition
below) between ages 22-27 in the years 2006-2015 in a 5-500 workers firm. I exclude workers
without any parent that worked in a 5-500 workers firm when they were 12-21 years old. I

8The minimum monthly salary in 2015 was 48.8% of the average salary in that year. This ratio fluctuated
between 40%-50% in 1990-2015. Therefore, I exclude workers who earn approximately 50% or less the
minimum wage, similarly to Kramarz and Skans (2014). See Appendix B for further details on the data
cleaning.

9Intuitively, the probability that a random pair of workers form social connections decreases in the firm’s
size. Below, I show that, indeed, the effect of having a parental connection in a firm on the probability of
working at that firm decreases when the firm’s size increases. Moreover, I show that the effect disappears
for firms with more than 400 workers. Therefore, assuming that a pair of workers in large firms have
social connections would increase the error in the measurement of connections, and could downward-bias
the estimates of the effect of connections. In 2006-2015, 392 unique firms in Israel employed more than
500 workers (0.2% of the firms). Those firms employ, on average, 37.6% of the labor force. Firms with 1-4
workers account for 70.2% of the firms in that period but employed 10.2% of the labor force. Firms with
5-500 workers, for which this paper studies the effect of social connections, account for 29.6% of the firms in
2006-2015, and employed 52.2% of the labor force (Table A1).
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further exclude immigrants and Ultraorthodox Jews from the sample.10

2.2 Definition of first stable job and labor-market entry year

This paper focuses on the employment and salary of young people when they enter the
labor market. Following Kramarz and Skans (2014), I define the first stable job as the
first job after higher-education graduation (if applicable) that lasts for at least four months
during a calendar year and produces total annual earnings corresponding to at least 150%
the national average monthly wage. Labor-market entry year is the year the new worker
finds her first job.11

2.3 Definition of parental connections

The focus of this study is on the professional network of parents. I study two types of
parental professional connections: weak and strong.

Weak connections are connections between workers and firms in which precisely one of
their parent’s past coworkers currently works. Specifically, a worker i is (weakly) connected
to a firm j if i’s parent and a worker k worked simultaneously at the same firm when i was
12-21 years old, and k worked at a firm j at i’s labor-market entry year. Both past and
current firms should be firms with 5-500 employees.

Strong connections between a worker i and a firm j satisfy at least one of the following
conditions: 1) i’s parent worked at a firm j when i was 12-21 years old, 2) more than one of
i’s parent’s past coworkers worked at a firm j between five years before and five years after
i’s labor market entry year.

10Usually, immigrants do not have parental connections in the labor market. See Arellano-Bover and
San (2020) for the role firms play in explaining the pay gaps between former Soviet Union immigrants
and natives in Israel. Ultraorthodox Jews in Israel have unique labor-market characteristics, such as low
(secular) education and employment rates, especially for males (Berman 2000; Fuchs and Epstein 2019).
Specific research is needed to study this group.

11I do not distinguish between the year the fresh graduate looks for her first job and the year she finds
her first job. Observing unemployment before starting the first job is difficult in administrative data as only
previously employed workers are eligible for unemployment benefits. Potentially, I could use the assignment
of workers at some fixed age, or a fixed number of years after graduation, and define people without a job
at that time as unemployed. I choose not to do this for two reasons. Firstly, it is challenging to disentangle
people who unsuccessfully looked for a job from people who did not look for a job based on employment
information alone. For example, many Israeli youths postpone the entry into the labor market because they
take a long backpacking trip following military service (Noy and Cohen 2005). Secondly, using the job at
a fixed age might bias the estimates of the effect of connections. For example, if the worker starts working
at the firm before that age and the contact left the firm right after she starts working there, I might define
that firm as a firm with phantom connections (see definition below) even though the worker had active
connections there when she joined the firm.
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Two components of these definitions are noteworthy. Firstly, to reduce the "endogeneity"
in measuring connections, I define the parent’s past firms and past coworkers using a fixed
period of time (the child is 12-21 years old). I do not include connections that formed at
the years between the child is 22 until the year she enters the labor market. Doing so will
mechanically increase the set of connections available for workers that enter the labor market
later.

Secondly, I assign worker-firm pairs with more than one past parental coworker to the
group of strong connections for three reasons. One, it allows me to use the single coworker’s
characteristics for the classification of the connections. For example, I later define weak and
phantom connections by the years the coworker worked at the firm. Likewise, the "death"
and "retirement" connections are based on coworker’s demographic characteristics. It is
less clear how to define those concepts when there is more than one contact in the firm.
Two, when many parental coworkers work at the same firm, it might be the case that this
firm is some continuation of the parent’s past firm, e.g., a firm that merged or acquired
the parent firm or merely the same firm with a different identifier. Grouping together firms
with many parental coworkers with the parents’ past firms eliminates weak connections
estimates’ upward bias. Three, keeping both weak and phantom connections with only one
contact makes them comparable, and therefore provides a more accurate estimate for the
main effect of interest, namely the effect of weak (indirect) connections. However, I also
check the robustness of the results for different definitions of connections (see Table A3).

2.4 Workers’ and Firms’ characteristics

The paper’s empirical analysis compares the firm assignment and wages of new workers
with similar observable characteristics. These characteristics include age, gender (male/fe-
male), education (no college/college), ethnicity (Jew/Arab), and district of residence.

Firms’ characteristics include the industry, location, and firm pay premium for each firm.
I use the 3-digit industry code of each firm (2011 Israeli classification). The firms’ locations
are determined by the median longitude and latitude of the workers’ city of residence. The
firm pay premiums are estimated using the AKM model (Abowd et al. 1999). These pre-
miums aim to capture the average differences in salary firms pay to similar workers.12 See
Appendix B for further information about the definitions of the variables.

12The firm premiums are not necessarily a proxy for the productivity of the firms but might capture
other factors that lead to differences in salary, such as differential rent sharing. See Card et al. (2018) for a
discussion of the AKM model and the critique of it. In this paper’s model, I use the AKM firm premiums
only to classify firms into bins. The model’s "pay premium" of each bin of firms is estimated within the
model and not based on the AKM premiums. This alleviates the potential bias of the AKM firm premiums,
such as the limited mobility bias or violation of the implied exogenous mobility assumption.
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2.5 Summary statistics

Table 1 shows sample sizes and sample means. The new workers’ sample—my main
analysis sample—includes 220,877 workers, of which 29% are Arabs, 43% are female, and
23% have some college education. The average age at first stable employment is 24, and the
average monthly salary is 5,836 NIS, which equivalent to 1,621 USD (2017 prices).

On average, Jews who enter the labor market earn more at the first job and work at better
firms (in terms of pay premiums) compared to Arabs. Additionally, Jews are connected to
higher-paying firms via both strong and weak connections. However, the share of workers
who find their first job in a connected firm is higher for Arabs than for Jews (Table 1).

Comparing males and females, males earn more at the first job but work at similar-paying
firms to females. Likewise, males are connected to firms with slightly lower rank (in terms
of pay premium) compared to females. Finally, the share of workers who find their first job
in a connected firm is higher for males than for females.

To better understand the distribution of connections, I group the firms into 5 bins using
the pay premiums. Figure 1 shows the number of weak and strong connections within each
bin of firms for different groups of workers. Panels A and B show that, on average, Jews
and Arabs have the same number of connections with firms at the lowest quintile of pay
premiums. However, Jews have more connections with higher-ranked firms than Arabs, and
the gap increases as the firm’s rank increases. Overall, the quality of connections (in terms
of the pay premium of the connected firms) is better for Jews than Arabs.

Females have a slightly higher number of weak and strong connections than males with
each of the firm types, except the lowest firm type, where both groups have a similar number
of connections (Figure 1, Panels C and D).13

3 Empirical framework

3.1 Identification strategy: comparing real and phantom con-

nections

The main question I want to answer in the first part of the paper is how much more likely
the average worker is to work in a connected firm than in an unconnected firm. However,
a simple comparison between connected and unconnected worker-firm pairs might attribute

13See appendix C for the correlation between the ethnicity and gender pay gaps on the one hand, and
firm fixed-effects and measures of the quality of connections on the other. Correlational evidence suggests
that, unlike the gender pay gap, most of the ethnic pay gap in Israel is explained by between-firm variation.
Likewise, weak and strong parental connections are correlated with higher wages; this correlation accounts
for about 20% of the ethnic pay gap.
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the effect of omitted variables to the estimated impact of connections. There might be
several reasons why a worker is more likely to work in a connected firm, even without the
impact of connections per se. For example, Galor and Tsiddon (1997) offer a theory claiming
that children tend to choose their parents’ occupation because of specific human capital
transmitted from parents to children. Suppose other workers working at the parent’s firm
also tend to have this particular human capital. In that case, the child’s probability of
working at a firm employing one of their parent’s previous coworkers might be high because
both have the same specific human capital. Another example is geographical proximity that
might be correlated with connections and impact the employment probability.

This paper addresses this potential endogeneity concern by comparing the probability of
working in a firm with an active social tie with a firm with "phantom" social connections.
Specifically, it compares the likelihood of working in a firm where the employee had active
links in the labor-market entry year with the likelihood of working in a firm where the contact
had left a short time before or afterwards. Comparing the treatment and the control group
indicates whether workers tend to work in firms with connections rather than in otherwise
similar firms.

Formally, a worker i has a phantom connection at a firm j if i’s parent and a worker k
worked simultaneously at the same firm when i was 12-21 years old, and k worked at a firm
j between five years before and five years after i’s labor market entry year, but not in that
year. Only firms with 5-500 employees are considered.

3.2 Econometric model: employment

What is a fresh graduate’s propensity to work at a firm with social ties relative to a
firm without social ties? To answer this question, I compare the probabilities that graduates
with similar observable characteristics work at a specific firm. Some of these graduates
are connected to the firm, and some are not. Workers’ groups include all combinations
of ethnicity, gender, education, age, year of first job, and district of residence of the new
workers.

Building on Kramarz and Skans (2014), the probability that worker i, belonging to group
x, starts working in firm j is

eixj = φxj +
∑

c=p,w,s

δc ·Dc
xj + εixj. (1)

eixj is an indicator variable taking the value one if individual i from group x starts
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working in firm j. φxj is a match-specific effect that captures the propensity that a worker
from a given group ends up working in a particular firm. Dp

ij, Dw
ij, and Ds

ij are indicator
variables capturing whether worker i has phantom, weak, or strong connections to firm j.
The parameters of interest that measure the effect of parental connections are δp, δw, and δs.
They are an estimate of how much more likely the average firm is to hire a new worker with
phantom/weak/strong connections than an unconnected worker from the same group.14

Direct estimation of equation 1 is computationally infeasible, as it required one obser-
vation per worker-firm pair, which amounts to more than ten billion observations. In order
to estimate equation 1, I apply the fixed-effects transformation, proposed by Kramarz and
Thesmar (2013) and Kramarz and Skans (2014).

Let Dij ≡ maxcD
c
ij, c ∈ {p, w, s} be a variable that indicates whether a worker i has any

type of connections in firm j. Firstly, I restrict the sample under study to cases in which
there is within group-firm variation in Dij. This restriction has no impact on the parameters
of interest, since the discarded observations are uninformative conditional on the fixed effects
(Kramarz and Skans 2014). I then aggregate the model by computing, for each group-firm
combination, the fraction of workers with connections in the firm who were hired by that
particular firm

RCON
xj =

∑
i∈x eixjDij∑
i∈xDij

= φxj +
∑

c=p,w,s

δc ·Dc
xj + εCONxj (2)

where Dc
xj =

∑
i∈xD

c
ij∑

i∈xDij
is the share of c-type connections for workers in group x who are

connected to firm j. Similarly

R−CONxj =

∑
i∈x eixj(1−Dij)∑
i∈x(1−Dij)

= φxj + ε−CONxj (3)

Taking the difference between the two ratios eliminates the firm-group fixed effects φxj

Rxj ≡ RCON
xj −R−CONxj =

∑
c=p,w,s

δc ·Dc
xj + εRxj. (4)

14Note that this specification is abstract from spillovers and equilibrium effects. For example, the prob-
ability of working at firm j might also depend on the probability of working at any other firm j′, which in
turn will depend on the connections to j′. The model in the second part of the paper explicitly addresses
these elements.
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The variable R is computed for each firm-group combination as the fraction of hirees in
the firm from the group having any type of connection to that firm minus the fraction of
hirees in the firm from the same group having no parental connection to that firm. The
right-hand side variables Dc

xj , c ∈ {p, w, s} capture the fraction of connected workers from
group x who have the specific connection type c to a firm j. The estimates of δc from
equation (4) measure the effect of the different types of parental connections.15

3.3 Event study: Employment probability by the time the links

are destroyed

My identification strategy exploits the time the contact of a new worker left her firm
relative to the labor-market entry year to compare the probabilities of new workers working
at firms with and without active connections in that year. To better investigate the timing
of the effect, I estimate the time-varying version of equation (1)

eixj = φxj +
∑
c=p,w

5∑
τ=−5

δc,τ ·Dc,τ
ij + δsDs

ij + εixj (5)

where Dc,τ
ij is a dummy variable which equals one if i has connections of type c at firm j,

and the last year i’s contact worked at firm j was τ years after i’s labor-market entry year.
All other variables are defined as before. Note that, for τ < 0, the contact left the firm before
time zero (the labor-market entry year), therefore Dw,τ<0

ij = 0 ∀i, j. Similarly, if i’s contact
left the firm at time zero, i cannot have phantom connections at that firm: Dp,τ=0

ij = 0 ∀i, j.
This specification compares the probability of worker i working at a firm in which her

contact left the firm just before entering the labor market, to the probability of working at a
firm in which the contact left the firm shortly after that time. If social connections increase
the probability of finding a job at a firm, there should be a non-continuous increase in the
estimated effect at time zero.

3.4 Correlation with salary and job tenure: Within-firm esti-

mates

To check the correlation between parental connections and wages, I compare similar
workers at the same firm, with and without connections to the firm. To account for factors

15Note that, by definition, Dp
xj +Dw

xj +Ds
xj = 1, which means that the independent variables in equation

(4) are collinear. However, the estimation of that equation is feasible because the regression is estimated
without an intercept.
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correlated with parental connections, I compare real and phantom connections. Specifically,
the (log) wage of new worker i equals

wi =
∑

c=p,w,s

δcDc
i,j(i) + φx(i) + ψj(i) + εi. (6)

where Dc
i,j(i) is an indicator variable capturing whether a worker i has connections of type

c at her first job, where the possible types of connections are phantom, weak, and strong.
φx(i) and ψj(i) are group and firm fixed effects, respectively. As before, the workers’ groups
include all combinations of ethnicity, gender, education, age, year of first job, and district of
residence of the new workers.

Note that this analysis does not identify the causal effect of social connections on wages
since it ignores selection. For example, without connections, a hired connected worker may
have counterfactually not received an offer at all instead of a different salary. Unlike the
matching question where the outcome (working or not) is observed for each worker-firm
combination, the outcome of the wage-setting question is only observed if the worker is hired
by the firm. The model addresses this issue by jointly studying questions of matching and
wage-setting.

I also check the relationship between parental connections and job tenure. To do so, I
run the same regression with the number of years at the first job as an outcome variable.

4 Regression results

4.1 Employment

This section estimates the probability that the worker finds her first stable job in a firm
where she has parental connections using equation (4). The connection effects (δc) capture
the excess probability of a new worker finding her first job at a c-connected firm compared
to a worker without any connections. I simultaneously estimate the effect for the three
types of parental connections defined above, namely phantom, weak and strong connections.
Comparing the impact of weak and strong connections, and phantom connections, allows me
to isolate the effect of connections from other factors that might be correlated with them.

Even after the fixed-effects transformation, limited computational resources prevent es-
timation of the model using all observations. Therefore, I take a 20 percent random sample
of the new workers in each iteration and run 100 such iterations. Using the distribution of
estimates obtained, I calculate the mean and 95 percent confidence intervals of the regression
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coefficients and the other statistics of interest.
Table 2 presents estimates of the coefficients in equation (4). Each column shows a sep-

arate estimate for a different population group based on ethnicity and gender. All estimates
of the effect of the three types of connections are positive and statistically significant, which
implies that new workers with any connections to a firm are more likely to work there than
workers with similar observable characteristics but no connections to the firm.

The regression results show that the effect is much more substantial for weak and strong
connections relative to phantom connections. Having weak (strong) connections at the firm
increases the probability of working there by 0.05 (0.49) percentage points relative to someone
with no connections. In contrast, phantom connections increase this probability only by 0.01
percentage points. To better understand the magnitude of the effect, I calculate the ratio
between the likelihood of working in weakly- or strongly-connected firms and phantom-
connected firms. The estimated probability of working in a weakly (strongly)-connected
firm is 3.7 (32.5) times higher than the probability of working in a phantom-connected firm
for the average new worker (Table 2, column 1).

Columns 2 and 3 of Table 2 report the estimated effects separately for Jews and Arabs,
the two main Israeli ethnic groups. The estimated impact of weak connections was stronger
for Arabs than for Jews; the probability of working in a weak-connected firm was 4.2 times
higher than a phantom-connected firm for Arabs, and 3.3 times for Jews. Similarly, the
effect of weak connections was stronger for males (4.4) than females (2.7) (Table 2, columns
4-5).

4.2 Event study

The estimates of the coefficients in equation (5) are plotted in Figure 2—the probability
of working in a firm as a function of the lag between the last year the potential contact worked
at the firm and the labor-market entry year. Negative lags represent phantom connections,
and non-negative lags represent weak connections.16

The probability that a new worker began work at a firm that her parental contact left
before she entered the labor market was higher by 0.005-0.012 percentage points than the
probability of another worker with similar observable characteristics but no connections at
all. The estimated effect increased to 0.040-0.057 percentage points when the contact left the

16The figure does not show the estimates for strong connections and phantom connections in which the
potential contact left the firm after time zero but did not work there at time zero (for example, she started to
work at the firm after that time). Table A4 reports all estimated coefficients of equation (5). The estimated
effect for strong connections is of a similar magnitude to that in the benchmark model presented in Table
2. The estimated effects for phantom connections with positive lag is significantly smaller than the parallel
effect for weak connections.
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firm after time zero. The discrete increase in the employment probability happens exactly
at time zero—the labor-market entry year, indicating that the existence of the contact at
the firm at that time accounts for the change in the probability of employment.

4.3 Balancing test

My identification strategy assumes that, without parental connections, there is no system-
atic difference between the probability of working in a firm with a weak (active) connection
and in a firm with a phantom (non-active) connection. I support this assumption in three
ways. Firstly, I show that firms with weak and phantom connections are similar on a variety
of characteristics such as sector and location. Secondly, I estimate the effects using two ex-
ogenous causes of separation, coworkers’ deaths and retirements, and show that the estimates
obtained are similar in magnitude to the benchmark result using all causes of separation.
Finally, I perform a placebo test, assigning a worker’s connections to a random worker with
similar observable characteristics, and find no hiring differences between phantom and real
connections of a placebo worker.

I start with the balancing test. As mentioned earlier, social connections between a worker
and a firm might be correlated with other similarity measures between the worker and the
firm. Two leading examples are the geographical distance between the worker and the firm
and the similarity between the firm and the firms in which the worker’s parents have worked.
Indeed, in what follows, I show that the distance between workers and firms is smaller if there
are parental connections between the worker and the firm. Likewise, the probability that the
firm is in the same industry as one of the parent’s firms is higher if there are connections.
In the first test of the identification strategy, I check whether there are also such differences
between phantom and real parental connections.

To do so, I re-estimate equation (1) with the distance/similarity measures as the outcome
variable. The first measure is the distance between the worker’s location at age 21 and the
firm’s location.17 Column 1 of Table A2 shows the estimated coefficients. As expected,
compared to firms with no connections, firms with all three types of social connections are
significantly closer to the workers’ locations. However, the estimates for phantom and weak
connections are virtually identical, with -0.369 and -0.368 log points.

The second measure is an indicator variable that equals one if the firm has the same
3-digit industry code as one of the parents’ previous firms. Once again, connected new
workers were more likely to have parents who worked in the same industry, compared to

17I do not use the worker’s location at the labor-market entry year to avoid the mechanical correlation
between the workers’ locations and the firm as a result of moving closer to the workplace.
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unconnected workers. This correlation, however, is similar to phantom and weak connections,
with estimates of 0.077 and 0.076 percentage points, respectively (Table A2, column 2).

4.4 Exogenous separation: Death and retirement of potential

contacts

This paper’s identification strategy exploits the timing of workers’ parents’ coworkers
employment relative to the workers’ labor market entry. I assume that other than the effect
of social connections at the time of the job search, there should be no systematic difference
in the probability of working in real- and phantom-connected firms. This assumption breaks
if the separation time is correlated with other factors, unrelated to social connections, that
affect employment decisions. For example, workers that leave a firm might deliver to their
contacts a negative opinion about the possibility of working at that firm. This mechanism
would decrease the probability of working at the firm only for workers whose contacts left
the firm before they started to work, not after. In this case, having phantom connections
at the firm would decrease the job seeker’s probability of working there compared to real
connections.

To further investigate this possibility, I estimate the effect of connections for two ex-
ogenous reasons for separations. The first specific separation cause is death. I classify the
separation cause as "death" if the contact died not more than one year after working at
the firm. I compare the probability of working at firms where the (dead) potential contact
worked at the firm before time zero to the probability of working at firms in which the
connection worked at the firm after that time and died immediately afterward.

The second separation cause is quitting the job precisely at retirement age. In Israel, the
statutory retirement age is 62 for females and 67 for males. At that age, workers are entitled
to leave their job and receive a pension. Figure A2 plots the distribution of workers’ ages
in the last year of employment for males and females. This figure shows that it is common
to leave the labor force at the retirement age. I compare workers that quit their firm at the
retirement age, before and after year zero.

For each special type of connection, I split the set of phantom and weak connections
into two subsets, each with connections belonging to the death/retirement group (i.e., the
contact died or left the job at the retirement age), and connections that do not belong to
that group. I then re-estimate equation (1) using the five types of connections (phantom-
death/retirement, phantom-other, weak-death/retirement, weak-other, and strong).

Table 3 reports the results of this exercise. Compared to fresh graduates without con-
nections to the firm, the probability of working at the firm with a contact that died while
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employed at the firm or immediately afterward is higher by 0.031 percentage points if the
last year the contact worked at the firm was before time zero and by 0.065 percentage points
if it was after time zero. The estimates for firms with other contacts, i.e., contacts who did
not die at the year after leaving the firm, are virtually identical to the baseline results (0.01,
0.05, and 0.49 for phantom, weak, and strong connections, receptively). The ratio between
the probability of working in a firm with weak connections compared to a firm with phantom
connections is 2.6 for "dead" connections and 3.7 for other connections (Table 3 column 1).
However, due to the small number of such cases, the estimated ratio for "dead" connections
is not significantly different from 1.

Similar results were obtained when using the statutory retirement age as a special case
of job separation. Once again, the estimates for firms with contacts who left the firm exactly
at their retirement age is higher for weak connections than phantom connections (0.01 and
0.03 percentage points, respectively). The ratio between weak and phantom connections
is 3.9 for connections in firms where the contacts that left the firm at the retirement age,
compared to 3.7 for other connections. I also estimate the effect by combining the death and
retirement causes of separation. The estimated ratio between weak and phantom connections
is 2.8, compared to 3.7 for other connections. These ratios are not statistically significantly
different from 1 (Table 3 columns 2 and 3).

Overall, the estimated effects of connections are quantitatively similar for contacts who
left the firm for "exogenous" reasons (death or retirement) and other contacts. The ratio
between the probability of working in a firm with weak connections and in a firm with
phantom connections is slightly smaller for "death" and somewhat larger for "retirement,"
compared to other connections. However, due to the relatively small number of connections
belonging to these types, the estimates of the special types of connections are much noisier.
These results suggest that the estimated effects of connections obtained from the benchmark
model (with all connections) are not a result of endogenous separation that differentially
impacts phantom and weak connections, but the effects of the connections themselves.

4.5 Placebo test: Assigning worker’s connections to another

worker

Another threat to the identification strategy is if firms with different types of connections
have different hiring trends. For example, one might think that firms with more phantom
connections with new workers tend to be on a downward trend in employment and are
therefore hiring fewer new workers regardless of the impact of connections.

To address this concern, I perform a placebo test and assign a worker’s connections to
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another worker in her group. If the employment probability gap between real- and phantom-
connected firms is mediated by other factors correlated with these types of connections,
the probability of a worker working in a firm that another member of the group has real
connections to should be higher than in a firm with phantom connections.

Table 4 reports the estimates of equation (1) assuming each worker has the set of connec-
tions of a random member of her group. None of the estimates are statistically significantly
different from zero. Moreover, there is no statistically significant difference between the es-
timated probability of working in a weak-connected firm relative to a phantom connected
firm. The event study estimates of equation (5) also showed no difference between phantom
and real connected firms (Figure 3).

4.6 Robustness check: changing the definitions of parental

connections

In the baseline specification, I combined firms with direct connections (parents’ past
firms) and firms where multiple of the parents’ past coworkers worked later, in the group
of "strong connections".18 The first column of Table A3 reports the baseline specification
again, where direct connections and multiple indirect connections (either real, phantom,
or any combination of them) are grouped. In the second column, I estimate a separate
coefficient for direct and multiple contacts. The coefficients of weak and phantom connections
are 0.012 and 0.053, almost identical to the benchmark model with estimates of 0.010 and
0.050, respectively. The ratio between the probability of working in a weakly connected firm
compared to a phantom connected firm is 3.4, compared to 3.7 in the benchmark model.
The estimated coefficients for direct and multiple contacts are 3.091 and 0.171; both are
significantly greater than the coefficient of weak connections. Comparing to the baseline
model, the effect of strong connections, which combined direct and multiple connections, is
0.487, lower than the estimate for direct connections alone and higher than that for multiple
connections alone.

In the third column of Table A3, I combine single and multiple phantom connections
into one group. Likewise, I combine single and multiple weak connections into one group.
If both phantom and weak connections work at one firm, I assign that firm to the group of
weak connections. The coefficients for phantom and weak connections are now 0.015 and
0.095, respectively, greater than the estimates from the benchmark model. The estimate for
the effect of direct connections is now 3.092. The weak-phantom ratio is 5, greater than the
ratio in the baseline model.

18See the discussion in section 2.3.
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Taken together, the results of this robustness check indicate that the estimated effects
using the baseline definition of parental connections can be seen as a lower bound for both
the effects of indirect and direct connections. The impact of multiple contacts in a firm on
the employment probability is stronger than the effect of a single indirect connections but
weaker than direct connections. When combining single and multiple indirect and phan-
tom connections in the same group, the effects of both weak (indirect) and strong (direct)
connections is larger.

4.7 Heterogeneity of the effect

Is the impact of parental connections on employment similar for workers who belong to
different groups? How do the characteristics of the connections themselves change the effect?
To check the heterogeneity of the effect, I re-estimate equation (1) with separate coefficients
for different groups of weak connections. Figure 4 shows the results. Below are the main
findings.

Past and current firms’ size. Connections that formed at smaller firms are more ef-
fective (Figure 4, Panel A). The effect disappears for firms with more than 400 workers. This
result is consistent with the intuitive view that the probability/intensity of the connections
between a random pair of workers is higher the smaller is the firm. Moreover, finding a job
in a connected firm is more likely in smaller firms (Panel F). This fact also can be explained
by a higher probability that the contact can impact the hiring decisions in smaller firms.

Parent’s and coworker’s salary rank. I check both the countrywide salary rank
and the rank within the firm. Panels B and D of Figure 4 show that, except for the very
low wage percentiles, the overall relationship is negative, indicating that workers from high-
income background use connections less. This result is correct both concerning the wage
rank of the parent and the coworker. On the contrary, the firm’s salary rank is positively
correlated with the effect (Figure 4, Panels C, and E).

Length of co-working and time since co-working. As expected, the effect is more
substantial the longer the parent and the contact worked together. The effect is weaker for
connections generated less recently (Figure 4, Panels H and I).

Gender. The effect is stronger for males than for females. This fact is true for the
gender of the worker, the parent, and the parent’s coworker (Figure 4, Panels J-I).

Ethnicity and education. The effect is stronger for Arabs than Jews and weaker for
more highly-educated workers (Panels M-O). This result is consistent with the findings above
that the effect is stronger for workers from a lower socio-economic background.

Similarity between the child, the parent, and the coworker. The effect is stronger
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if the parent, the worker, or the parent’s coworker are the same gender. Likewise, the effect is
stronger if the worker and the parent’s coworker are from the same ethnic group. Finally, the
smaller the wage gap between the parent and the coworker, the stronger the effect (Panels
G, P, Q, and R).

4.8 Correlation with salary and job tenure

So far, I found that parental connections in a firm increase a worker’s probability of
having her first job there. Next, I turn to check the relationships between parental links and
other labor-market outcomes of new workers. This subsection compares the wage and job
tenure of connected and unconnected workers working at the same firm.

The first column of Table 5 reports the estimates of equation (6) with log salary as
the outcome variable. The salary of workers with phantom connections is higher by 1.2
log points than observably similar workers at the same firm without connections. Likewise,
having real connections at the firm, either weak or strong, is correlated with a higher salary
than workers without connections. The coefficients are 2.6 and 8.2 log points for weak and
strong connections, receptively. Compared to phantom connections, weakly and strongly
connected workers’ salaries were higher by 1.4 and 7.1 log points.

The second column of Table 5 investigates whether workers with a connection at their first
firm stay at that firm for more extended periods than unconnected workers. The outcome
variable in column 2 is the number of years the worker stayed at her first firm. The first-
job duration of workers with phantom, weak, and strong connections is higher by 0.098,
0.187, and 0.441 years, respectively, compared to workers without connections. Compared
to phantom links, weak and strong connections are correlated with 0.089 and 0.343 more
years at their first firm.

Overall, this subsection shows that, on average, connected workers receive higher wages at
the firm and stay at the same firm for longer periods. Comparing worker-firm pairs with real
and phantom connections helps isolate the relationships between these outcomes and social
connections from other factors correlated with connections, such as geographical distance
and industrial similarity. However, because connections also impact the identity of the firms
the workers end up working at (and for which we observe the wage information), naive
wage regressions cannot identify the causal impact of connections on wages. The structural
model in the next section addresses this issue by jointly studying questions of matching
and wage-setting. The wage differentials between connected and unconnected workers are
translated into differences in the expected firm’s utility for different worker-firm matches.
Likewise, although not explicitly modeled, the correlation between parental connections and
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job duration is consistent with my finding of higher match utility the firms get from hiring
connected workers. I discuss these issues in more detail below.

5 A Matching Model of the Labor Market

In the second part of the study, I build and estimate a two-sided matching model of
the labor market. Typically, this literature assumes that each agent has perfect information
about all other agents in the economy (Choo and Siow 2006; Galichon and Salanié 2015;
Chiappori and Salanié 2016). Agents choose a pairwise stable match in which there is
no pair of unmatched workers and firms that strictly prefer each other. In my model, I
restrict the feasible choice set to consist of only pairs that have previously met. With this
assumption, I depart from the perfect information assumption by adding "search frictions"
into the matching model.

Specifically, matching takes place in two stages. In the first stage, workers and firms
meet randomly, and the probability of meeting depends on the observable characteristics of
the worker, the firm, and the connections between them. In the second stage, workers and
firms that have met choose their optimal (stable) match, based on the utility they obtain
from the match.

Using this conceptual framework, I separate the potential mechanisms of the effects of
connections on firm assignment and wages into two groups. The first mechanism is that
social connections reduce the job search frictions by improving the information flow about
open vacancies and potential candidates. The second mechanism is that connections directly
impact the value of the match. This effect might be due to a direct impact on the match
productivity, favoritism, or better information about the worker’s characteristics, or the
prospective match quality.

The purpose of the model is twofold. First, it allows the evaluation of counterfactuals
accounting for equilibrium effects. For example, generating new connections between a set
of workers and a set of firms might directly decrease the probability of other workers to work
in those firms or affect the structure of wages in the economy.

The second role of the model is to disentangle the two mechanisms described above. This
question is essential to predict the effectiveness of different policy measures. For example,
suppose connections are useful mainly because of they alleviate "search frictions". In that
case, one might think that policies that aim to create more job interviews between workers
from disadvantaged groups and high-paying firms can substitute social links.19 However, it

19An example of such policy is "The Rooney Rule," which requires NFL teams to interview at least one
minority candidate any time their head coaching position comes open (Solow et al. 2011).
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is less plausible to assume that such policies can generate additional value to the match.
Therefore, if the "match utility" is dominant, the effectiveness of such policies will be more
moderate.

5.1 Setup

Each worker i belongs to one observable group x ∈ X in a market t ∈ T . Likewise, each
firm j belongs to one observable group y ∈ Y in a market t ∈ T . There are Itx workers of
type x in market t, and Jty firms of type y in market t. In each market t, the overall number
of workers, It, and the overall number of firms, Jt are equal. Each firm/job belongs to a
specific year and can employ only one worker. Much like most of the matching literature, the
model is static. Each worker i and firm j are connected by exactly one type of connections
c = 0, 1, ..., C. In practice, I use the same three types of connections as above, namely
phantom, weak and strong connections. c = 0 denotes no connections.

The matching process takes place in two stages. In the first stage, workers and firms
randomly meet. Let mij be a binary variable equal to one if there is a meeting between
worker i and firm j, then

mij = 1 (ρij ≤ pij) (7)

where ρij is a draw from an i.i.d. standard uniform distribution, and pij is the meeting
probability based on the observable characteristics of i and j. Only workers and firms from
the same market can meet. Finally, denote mi = {j|m(i, j) = 1} and mj = {i|m(i, j) = 1}.

In the second stage, there is a matching process between all workers and firms in each
market, with the restriction that workers and firms that did not have a meeting at the first
stage cannot form a match. Following Choo and Siow (2006), I assume transferable utilities
(TU). The utility of a firm j which employs a worker i is

Vij = fij − wij (8)

where fij is the firm’s utility from the match, and wij is the wage the firm pays to the
worker. The utility of workers is simply the wage they get

Uij = wij. (9)
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5.2 Equilibrium

I follow the matching literature and use the pairwise stable matching for the definition
of equilibrium.

Definition 1 (equilibrium outcome). An equilibrium outcome (µ,w) consists of an
equilibrium matching µ(i, j) ∈ {0, 1} and an equilibrium wage w(i, j) ∈ R such that

1. Matching µ(i, j) is feasible

J∑
j=1

µ(i, j) ≤ 1 ,

I∑
i=1

µ(i, j) ≤ 1 , µ(i, j) = 1 =⇒ m(i, j) = 1 (10)

2. Matching µ(i, j) is optimal for workers and firms given wages w and meetings m

µ(i, j) = 1 =⇒ j ∈ argmaxj∈mi
Uij and i ∈ argmaxi∈mj

Vij (11)

5.3 Finding the equilibrium matching

Let πij = Uij+Vij be the joint surplus from a match between worker i and firm j. Shapley
and Shubik (1971) show that µ is an equilibrium matching if and only if it maximizes the
total joint surplus

µ ∈ argmaxµ
∑

µ(i,j)=1

πij

s.t. µ is feasible, i.e., equation (10) holds
(12)

This claim transforms the decentralized matching problem into a centralized assignment
problem. To find the equilibrium matching, we need to find the assignment that maximizes
the total surplus. The assignment problem can be solved by linear programming or auction
algorithms. In practice, I find the auction algorithm much faster for the problem at hand.
The description of the auction algorithm here follows Bertsekas (1998).

Definition 2 (the auction algorithm)

1. Start with an empty assignment S, a vector of initial payoffs ui, and some ε > 0
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2. Iterate on the two following phases

(a) Bidding Phase

Let J(S) be a nonempty subset of firms j that are unassigned under the assign-
ment S. For each firm j ∈ J(S)

i. Find a "best" worker ij having maximum value, i.e.,

ij = arg max
i∈m(j)

πij − ui (13)

and the corresponding value

vj = max
i∈m(j)

πij − ui (14)

and find the best value offered by workers other than ij

qj = max
i∈m(j),i 6=ij

πij − ui (15)

ii. Compute the "bid" of firm j for worker i given by

bij = uij + vj − qj + ε (16)

(b) Assignment Phase

For each worker i, let B(i) be the set of firms from which i received a bid. If B(i)

is non-empty, increase ui to the highest bid

ui = max
j∈B(i)

bij (17)

and assign i to the firm in B(i) attaining the maximum above

3. Terminate when all workers are assigned to firms

Bertsekas (1998) showed that if at least one feasible assignment exists, the auction algo-
rithm terminates with a feasible assignment within It · ε of being optimal, where It is the
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number of workers (and firms) in the market. Moreover, there exists a small enough ε such
that the auction algorithm terminates with the optimal assignment.

The auction algorithm’s practical performance is considerably improved by applying the
algorithm several times, starting with a large value of ε and successively reducing it up to
some final value ε̂ such that Itε̂ is deemed sufficiently small. Each application of the algorithm
provides good initial payoffs for the next application (Bertsekas 1998). In practice, I exploit
the data’s sparsity using the implementation of the auction algorithm proposed by Bernard
et al. (2016).

The proposed two-stage model offers a computational advantage over existing matching
models. If M is the average number of meetings per worker, then in each market, there are
about (M − 1)!It possible allocations, relative to It! in the unconstrained matching problem.
That means that the optimal allocation can be found for small enoughM , whereas it cannot
be found in standard matching models for large datasets. This computational advantage
allows the estimation of a matching model based on simulations, which allows a richer set of
specifications for the systematic and idiosyncratic utilities in the model.

5.4 Finding the equilibrium payoffs

Generally, if there exists a feasible matching, there exists a unique equilibrium matching
(Shapley and Shubik 1971).20 However, the equilibrium payoffs that support the equilibrium
matching are not unique. First, note that if w is an equilibrium wage schedule, so is w+ r.21

Therefore, one needs to normalize the location of wages in each market.22

Second, even after that normalization, the set of equilibrium payoffs is generically not a
singleton. Let ui be the the payoff of worker i in equilibrium. Demange and Gale (1985)
show that ui is a lattice. That is, there exist {

¯
ui, ūi}Ii=1 such that {ui|

¯
ui ≤ ui ≤ ūi}Ii=1 is the

set of equilibrium payoffs.
In words, the set of equilibrium payoffs is characterized by component-wise upper- and

lower- bound payoffs. The upper bound payoffs correspond to the workers’ preferred equilib-
rium, while the lower bound payoffs correspond to the firms’ preferred equilibrium (Bonnet
et al. 2018).

In a standard matching model, when every worker can be matched with every firm, the
20This is true under standard regular conditions. For example, if the joint surplus πij is coming from a

continuous distribution, then with probability one, the equilibrium matching is unique.
21I assume that I do not observe unmatched workers and firms ("singles") in the data. Therefore the

model does not include outside options that might restrict the payoff location. See Dupuy and Galichon
(2014) for the case that singles are observed.

22Formally, consider the set of meetings between workers and firms as a non-directed graph G. A market
is a connected subgraph of G.
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set of equilibrium payoffs shrinks to a singleton when the number of agents goes to infinity
(Gretsky et al. 1999). This result is not true in the current model, in which the meeting
requirement restricts the set of feasible matches. In this case, the set of equilibrium payoffs
shrinks to a singleton only when the number of meetings per worker goes infinity. In practice,
I simulate the model with a relatively small number of meetings per worker; therefore, the
set of equilibrium payoffs has a non-trivial range that has to be found.

Given the equilibrium matching, the bounds on the equilibrium payoffs can be found
using the Bellman-Ford algorithm (Ahyja et al. 1993; Bonnet et al. 2018). Let ui and vj

be the equilibrium payoffs for workers and firms, respectively, in a connected set G, with
the normalization u1 = 0. The firm-optimal equilibrium payoffs are the fixed point of the
mapping

ui = max(ui, max
j∈m(i)

(πij − vj)) , vj = min(vj, πi∗(j)j − ui∗(j)) , u1 = 0 (18)

where i∗(j) denotes the equilibrium match of firm j. The fixed point of this map can be
computed by iterating on (18) from the initial values {ui = −∞, u1 = 0; vj =∞}. Similarly,
the worker-optimal equilibrium payoffs can be computed by iterating on

vj = max(vj, max
i∈m(j)

(πij − ui)) , ui = min(ui, πij(i) − vj(i)) , u1 = 0 (19)

from the initial values {ui =∞, u1 = 0; vj = −∞}.

Definition 3 (Double-connected set). A double-connected set of nodes is a connected
set in which each node is connected to at least two other nodes.

Claim 1 (existence of finite wage bounds). Let G be the graph of meetings. Let
{G1, ..., GT} be the set of connected subgraphs of G. Assume that in each subgraph Gt,
the number of workers and firms is equal and normalize the first worker’s payoffs in each
subgraph to zero. Then, the finite upper- and lower- bounds {

¯
ui, ūi}Ii=1 are finite if and only

if all subgraphs are double connected.
Proof. Let Gt be a double connected set. Let {

¯
ui}Iti=1, {v̄j}

Jt
j=1 be the firm optimal

payoffs. Assume by contradiction that
¯
ui = −∞ for some i ∈ {2, ..., It}. Because Gt is

double connected, there exists a firm j 6= j∗(i) belonging to m(i). Let vj be an equilibrium
payoff of j. Because

¯
ui = −∞, there exist small enough uj such that uj < πij − vj. But

this contradicts the optimality of the match. The symmetric argument holds for the worker
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optimal payoffs.
Now, assume Gt is not double connected. WLOG, assume there exists a worker such

that |m(i′)| = 1|. Assume by contradiction that
¯
ui′ > −∞ is finite. Let {ui}Ii=1, {vj}Jj=1 be

equilibrium payoffs, and note that changing only the payoff of i′ to ui′ =
¯
ui′−1 still supports

the same equilibrium matching.

To avoid the pathological cases of nodes with less than two edges, I assign two extra
meetings for each worker and firm in each simulation, regardless of the meetings they draw
based on the parameters. Precisely, let i = 1, ..., It be the sequential number of workers and
firms in market t. I draw two random permutations of length It, Per1 and Per2, such that
Per1(i) 6= Per2(i) ∀i = 1, ..., It, and assume that worker i has meetings with firms Per1(i)
and Per2(i).23

To get a unique prediction of the equilibrium wages, I assume the payoffs are

ui = λ
¯
ui + (1− λ)ūi (20)

for some λ ∈ [0, 1]. In practice, I simply assume λ = 1/2.

5.5 Parametrization

I assume a flexible model in which the meeting and utility parameters are potentially
different for each combination of market t, worker group x, firm group y, and connection
type c. Specifically, the meeting probability between worker i and firm j depends on their
observable characteristics

pij = ptxyc. (21)

Likewise, the utility of a firm j is

log(fij) = b+ βtxcy + σ · ξij (22)

23As these extra meetings are orthogonal to the model’s parameters, there is no impact on the estimated
parameters. One obvious exception is the meeting parameters’ level, which needs to be increased by an
average of two meetings per worker. However, as explained below, that level is not identified in the current
model, and is normalized to a fixed level.
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where βtxcy is the systematic utility and depends on the observable characteristics of i
and j, and ξij is drawn from a standard normal distribution. σ is a parameter that needs
to be estimated. In line with the AKM literature that assumes the log wage is additive in
worker’s and firm’s effects, I assume a log-linear specification of the firm’s utilities, which
are closely related to the wages.

The meeting probability and the firm’s systematic utility depend on the year, worker
characteristics, firm characteristics, and connection characteristics. In the estimation, I
assume that each year is a separate job market and consider the new workers from my sample
who find their first job in that year and the jobs that have been found as the participants
of the matching game that year. As in the reduced-form part, the years are 2006-2015 (ten
years). To classify workers, I use three binary characteristics: ethnicity (Jew/Arab), gender
(male/female), and education (no college/some college or more). I classify workers into eight
groups based on all the possible combinations of these characteristics. Likewise, I classify
firms into five bins of AKM pay premium. There are four categories of connections between
a worker and a firm: no connections, phantom connections, weak connections, and strong
connections. Overall, there are 10× 8× 5× 4 = 1, 600 cells of observable characteristics.

5.6 Moments

There are three sets of parameters in the model that need to be estimated: the firm’s
systematic utilities βtxyc, the meeting probabilities ptxyc, and the idiosyncratic standard
deviation σ. To estimate them, I use three sets of moments obtained from the data. The
first is the number of matches in each (t, x, y, c) cell µtxyc. The second is the average wage in
each cell wtxyc. The last moment is the wage variance V arw. Denote the set of all moments
by h = (µtxyc, wtxyc, V arw).

In practice, I divide each firm into several one-worker firms (or jobs) each year according
to the number of new matches observed in the data. However, to determine the connection
type between a firm/job and a worker, I use the definitions from the first part of the paper.
Thus, if a firm hires multiple workers in one year and a worker i has connections of type c
to that firm, I assume that the worker has a connection of type c to each of the firms/jobs
belonging to the original firm. See Appendix D for further information on the calculation of
the moments.

Under the parametric assumptions described above, for a given parameter vector θ =

(β, p, σ) and a draw of the unobservables ζ = (ρ, ξ), a unique equilibrium matching µij(θ; ζ)

and wages wij(θ; ζ) exist and can be simulated:

1. Get the set of meetings mij
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2. Calculate the joint surplus πij

3. Find a feasible equilibrium matching that maximizes the total joint surplus using the
auction algorithm

4. Find the equilibrium wage bounds using the Bellman-Ford algorithm

Using the equilibrium outcome, I can compute the model analogous to the data moments
ĥ(θ; ζ) = (µ̂txyc(θ; ζ), ŵtxyc(θ; ζ), ˆV arw(θ; ζ)).

5.7 Identification

This section discusses, informally, some of the identification issues of the model. Assume
that ĥ(θ1, ζ) = h for some θ1 and ζ. Identification requires that ĥ(θ2, ζ) 6= h for every θ2 6= θ1.
Firstly, assume that p and σ are known and only β is unknown. This model is similar to
standard matching models, and data on matches alone is enough for the identification of β
(Galichon and Salanié 2015; Salanié 2015).

Secondly, assume that only σ is known. In this case, using the information on matches
only without wage data, we cannot separately identify the two underlying parameters of the
model, namely the meeting probabilities and the match utilities. A high number of matches
of a group of workers and firms could happen because the group’s meeting rate is high or
because the utility of those matches is high. However, the two parameters can be separately
identified using both matches and wage data. The reason for that is that the two sets of
moments, namely the groups’ number of matches and wages, react differently to changes in
the meeting rate and utility parameters. The group’s match value is important both for the
groups’ number of matches and wages. In contrast, the group’s meeting rate is important
much more for matches than for wages.

To see the intuition for that, consider a single worker i and assume that she draws M iid
wage offers from some distribution from firms in each of Y bins. Assume that the worker is
choosing to work at the firm offering the highest wage. Now, consider two interventions: 1)
Increasing the value of each draw of firms of type y by t percent. 2) Increasing the number
of draws from firms of that type by t percent. In the first intervention, the impact on both
the worker’s probability of working at a firm of type y and the expected wage is large. In
contrast, in the second innervation, only the impact on the probability of working at a firm
of type y is large, but the impact on the expected wage is moderate and goes to zero as MY

is getting large. The same intuition holds when considering equilibrium effects.
To check if the model predictions fit the intuitive arguments mentioned, I run 10,000

simulations. Each time, I change the value of only one parameter of one xyc group in each
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market t. Then, I compute the difference between the model’s moments with the new and
old parameters.

Figure 5 plots the distribution of the moment differences for the same txyc group of
workers and firms for which the parameter is changed. As expected, a positive shock to the
meeting probability and the group’s utility positively impact the number of matches for that
group predicted by the model (Panels A-B). Also, there is a positive change to the group’s
average wages, given a change in the utility parameter (Panel C). However, a change in the
meeting parameter has very little impact on wages (Panel D).

Table A5 reports the simulated elasticities between the moments and the model’s param-
eters. The first row shows the same group of workers and firms for which the parameter is
changed. The matches-utility, matches-meetings, and wages-utility elasticities are all posi-
tive and large, with estimated values of 3.51, 0.77, and 3.43. However, the wages-meetings
elasticity is only 0.015, which is of the same order of magnitude as the indirect effects re-
ported in the second row of Table A5. This small increase is due to a better choice set for
the workers.

Now, assume θ2 is identical to θ1 except for the meeting and utility parameters of one
txyc group. Assume by contradiction that ĥ(θ2, ζ) 6= h. If only one of the parameters is
different, then because of the monotonicity of µtxyc with respect to both ptxyc and βtxcy, we
have µ̂1

txyc 6= µ̂2
txyc. Next, assume WLOG that β2

txcy > β1
txcy. Because the number of matches

is increasing in β, it must be the case that p2txcy < p1txcy. But because the wages are (almost)
not impacted by p, this implies w2

txcy > w1
txcy.24

Thirdly, identification of σ comes, again, from the fact that we observe wages. If wages
are not observed, only the ratio between the match utility and the idiosyncratic utility is
identified using matches information. However, when wages are also observed, both the
scale of the match systematic value and the amount of unobserved heterogeneity necessary
to rationalize the data can be identified (Dupuy and Galichon 2015). I use the variance of
the wages to pin down σ.

Finally, the level of ptxyc is not identified together with the other parameters of the
model. In a standard matching model (without the meeting restriction), the unobserved
heterogeneity is the only source of imperfect sorting on observable characteristics. The
meeting restriction adds another channel for the imperfect sorting: even if some pairs want

24I did not show the identification in the case that the parameters of more than one txyc group are different.
The intuition is that the direct effect of changing the parameters of one txyc group on the matches and wages
of the same group is much stronger than the indirect effect of another group’s parameters, say txy′c′, on the
moments of txyc. Then, we need a larger change to the parameters of txy′c′ such that the indirect effect
is equal to the direct effect. But then the moments of txy′c′ are different from the true moments. This
argument can be extended to more than two groups. A formal proof of this argument is beyond the scope
of this paper.

30



to match if they knew each other, they cannot do so because of the information friction. But
these two channels cannot be separately identified based on the observed amount of sorting.
To see why, assume that we double the number of meetings per worker for all groups. That
would result in a better (observable) sorting. But that could also be done by decreasing the
amount of unobserved heterogeneity in the model. In the estimation, I normalize the first
cell in each market.25

In section 6.1, I support the informal identification arguments with Monte Carlo simula-
tion.

5.8 Estimation

A large number of parameters in the model do not allow estimation using indirect search
methods such as the method of simulated moments. To estimate the model, I use a BLP-
style mapping to "invert" the observed matches and wages into the parameters (Berry et
al. 1995). In each iteration, the algorithm updates the parameters based on the comparison
between the predicted and actual moments.

Starting with an initial guess (β0
txyc, p

0
txyc, σ

0, b0), the parameters are updated by the
mapping

βh+1
txyc = βhtxyc + η

[
log(µtxyc · wtxyc)− log(µ̂txyc(p

h, βh, σh, bh) · ŵtxyc(ph, βh, σh, bh))
]

(23)

ph+1
txyc = phtxyc + η

[
log(µtxyc)− log(µ̂txyc(p

h, βh, σh, bh))
]

(24)

σh+1 = σh + η
[
log(WithinV arw)− log( ˆWithinV arw(ph, βh, σh, bh))

]
(25)

bh+1 = bh + η
[
log(V arw)− log( ˆV arw(ph, βh, σh, bh))

]
(26)

where η > 0 is the update rate of the parameters. The variables µtxyc, wtxyc,WithinV arw,
and V arw are the observed number of matches by a txyc cell, the average wage in a cell,
the between-groups wage variance, and the overall wage variance, respectively. The same
variables with a "hat" are the corresponding moments predicted by the model for the pa-
rameters indicated in parentheses.26 Finally, βhtxyc, phtxyc, σh, and bh are the parameters in
iteration h.

25A key difference between the two sources of imperfect sorting is that the unobserved heterogeneity
impacts only the observed sorting, but the meeting impacts both the observed and unobserved sorting.
Therefore, better measures of unobserved heterogeneity might help to separately identify the two. For
example, this could be done by observing the workers and firms several times. I do not explore this in the
current research.

26To ease notation, I do not explicitly denote the dependency of the predicted moments on the idiosyncratic
shocks ζ, which are fixed within the estimation. See Appendix D for additional details on the estimation.
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To define the update equation, I use the insights about the relationships between the
parameters and the moments from the previous section. Starting with the match utility
parameter in equation (23), a higher utility of a specific group increases the share of matches
and the average wage of that group. Therefore, both the share of matches and the average
wage update this parameter. On the other hand, the meeting probability parameter posi-
tively impacts the share of matches but does not have a clear relationship with the average
wage within a cell. Hence, it is updated only by the share of matches (equation (24)).

Two additional parameters that need to be estimated are the idiosyncratic utility pa-
rameter σ and the utility constant b, which are updated by the within-group wage variance
WithinWageV ar and overall variance WageV ar (equations (25)-(26)). I add the utility
constant explicitly to the estimation process, and normalize the mean of βtxyc (weighted by
µtxyc) to zero. The reason is that a naive updating of the utility parameters does not take
into account the impact it has on the overall wage variation, which, in turn, could wrongly
impact the estimation of σ. Updating the utility parameter location such that the total wage
variance fits the actual wage variance and updating σ by the within-group wage variance
directs the updating of both the utility and σ in the right direction.

6 Model results

I estimate the model 100 times with different values of the shocks ζ. In the next two
sections, I present the average results (and their standard errors) across the model’s 100
estimations.

6.1 Model’s fit, Model’s precision, and Monte Carlo simulation

Panel A of Table 6 reports measures of the model’s fit to the data. The average difference
(in absolute values) between the model predictions and the data is 1.3 and 0.8 log points
for the matches share and average wage by a cell. The predicted wage variance and within-
group wage variance are also very close to their true values, with a deviation of 0.08 and 0.07
log points. Finally, the correlation between the predicted and observed moments is almost
perfect, with 1.000 for the share of matches and 0.008 for the average wage. Overall, Panel
A of Table 6 shows that the model fits the data very well, which means that the BLP-style
mapping successfully inverts the information on the moments into the parameters.27

27This result does not say in any way that the model performs well compared to other models. A large
number of parameters, which equals the number of moments, ensures that the model can fit almost any
data. This check aims to show that the algorithm successfully inverts the data, although I do not have
formal theoretical results to guarantee it.
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The precision of the estimates is also high. Panel B of table 6 compares the model
estimates between the 100 estimations of the model. The first row reports the average
correlation in the utility and meeting parameters across any possible pair within the 100
estimations. The average correlation is 0.980 for the utility parameter and 0.988 for the
meetings parameter. To check the precision of the unobserved heterogeneity, σ, and utility-
scale, b, I calculate the standard deviations of their estimates across the 100 simulations.
The standard deviations of log(σ) and b are 0.007 and 0.011, which are small compared to
their estimates (-1.069 and 9.174, receptively).

Finally, I investigate the identification of the model by Monte Carlo simulation. I generate
data using the model, using the average parameter values described above. Pretending that
the data generated by the model is the true data, I estimate the model’s parameters 100
times again with different values of the shocks ζ and compare the estimates to the "true"
parameters (the average over the 100 original estimates). The average correlation between
each set of Monte Carlo estimates and the "true" parameters is 0.972 and 0.985 for the utility
and meeting parameters, respectively (Table 6, Panel B, third row). The average estimated
unobserved heterogeneity and utility-scale are -1.076 and 9.186, which are also very close
to the "true" parameters, -1.069 and 9.174, respectively (Table 6, Panel B, fourth row).
Overall, the results of the Monte Carlo simulation suggests that the proposed estimation
procedure can identify the true parameters of the model.

6.2 Impact of parental connections

To summarize the model estimates, I run a regression on the model parameters with the
workers’, firms’, and connections’ characteristics as explanatory variables. Table 7 reports
the WLS estimates of the equation

θtxyc = b+ δc + γ1Arabx + γ2Femalex + γ3Collegex + ψy + εtxyc (27)

where each observation is weighted by the actual number of matches in the corresponding
txyc cell. θtxyc is the parameter of interest (either match utility or meeting probability), δc
is the connection-type effect, Arabx , Femalex, and Collegex are indicators equal to one if
the workers in group x are Arab, female, and college-educated, respectively, and ψy is the
firm-type effect.

Firstly, I study the contribution of the characteristics of connections, workers, and firms
to the utility parameters by estimating equation (27) with βtxyc as the outcome. The first
column of Table 7 shows that phantom connections only slightly affect the utility parameter
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(1.2 log points, not statistically significantly different from 0 at the 5 percent level). Weak
and strong connections increase the estimated utility by 4.1 and 15.8 log points, respectively.
Taking the difference between real and phantom connections as a measure of the effect of
connections, weak and strong connections increase the utility parameter by 2.8 and 14.6 log
points, respectively.

The differences in firm utility from connected and not connected hiring should necessarily
be interpreted as productivity differences. For example, the firm (or some workers at the
firm) might benefit from hiring connected workers because of pure favoritism (or nepotism).
Likewise, the firm’s utility from hiring a connected worker might be higher because of a lower
uncertainty about the productivity of the worker or the match. This, in turn, increases the
expected time the worker will stay at the firm and therefore reduce the expected hiring,
firing, or training costs. The last interpretation is consistent with the positive correlation
exists in the data between connections and tenure at the first job.28

The coefficients of the workers’ characteristics show the same sign as their sign in the wage
regressions, with estimates of -1.1, -7.0, and 7.7 for Arabs, females, and college-educated
workers, respectively. These coefficients represent the differences in firm-assignments and
wages between new workers not explained by social connections. Other factors, such as
differences in productivity, discrimination, and hours worked, might be the reason for these
differences. Finally, the estimated utility is monotonically increasing with the job type, as
expected.

Next, I estimate equation (27) with log(ptxyc) as an outcome. I find the effect of all
types of connections on meeting probability is positive and significant (Table 7, column
2). The average meeting probability for workers and firms with phantom connections is 7.1
times higher than worker-firm pairs with no connections. The effect is stronger for firms
with weak and strong connections, with an estimated 15.3 and 42.2 times higher meeting
probability than unconnected pairs. Comparing phantom and real connections, weak and
strong connections increase the meeting probability by factors of 2.1 and 5.9, respectively.

To further explore the model’s predictions about differences in meeting probabilities for
different worker groups, I run an additional regression, adding interactions between workers’
characteristics and connection characteristics. Figure 6 shows the estimated meeting proba-
bilities for each connection type by groups of ethnicity and gender. Panel A shows that the
meeting probability without any connections is higher for Jews than for Arabs. However, the
meeting probabilities are much higher for Arabs than for Jews for all types of connections.

28To separately estimate two or more of these sub-channels, a richer data is needed. For example, a
direct measure of firms’ profits enables isolating pure favoritism from the other channels. Likewise, dynamic
information on workers and firms (accompanied by a dynamic model) can help identify the information
uncertainty channel.
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The difference in log points between Arabs and Jews is greater for weak and strong connec-
tions relative to phantom connections, indicating that the effect of connections is stronger
for Arabs than for Jews.

6.3 Sensitivity of the results to the bargaining power param-

eter

I estimate the benchmark model assuming a workers’ bargaining power λ = 0.5. The
results are not sensitive to the value of that parameter. Figure A4 plots the difference
between the average estimated effects of weak connections and phantom connections on the
utility and meeting parameters for different workers’ bargaining power values. Starting with
the match utility parameter, the estimated effects of causal weak connections (the difference
between the effects of weak and phantom connections) are positive and vary between 2 and
5 log points for workers’ bargaining power between 0 and 0.9, compared to 2.8 log points in
the benchmark model.29 The only exception is the unrealistic scenario when workers have
perfect bargaining power. In this case, the estimated effect is very close to zero (Figure A4,
Panel A).

Likewise, the estimated causal effects of weak connections on the utility parameter are
not sensitive to the bargaining power parameter. The effects are between 60 and 80 log
points, compared to 76 log points in the benchmark results (Figure A4, Panel B).

7 Counterfactuals

7.1 Causal connections

To get the causal effect of connections (net of the impact of confounders), I exploit the
identification strategy from the first part of the paper and compare the estimated effects of
real and phantom connections for each combination of workers and firms in each market.
Precisely, the systematic match utility of a weak "causal" connection for workers of type x,
firms of type y, and year t is

βcausaltxy,weak = βtxy,none + βtxy,weak − βtxy,phantom. (28)

29Note that the value in the benchmark model is the average across 100 different estimations of the model
with λ = 0.5, whereas in Figure A4 every point represent the results of a single estimation. Therefore, the
value obtained in the single estimation for λ = 0.5 is not identical to the benchmark results.
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where βtxy,c is the estimated systematic utility of that txy group with connections of
type c ∈ {none, phantom,weak}. In other words, I consider the difference between the
estimates of the utility with weak and phantom connections as a measure of the excess effect
of connections on the utility net of confounders correlated with connections. Likewise, the
meeting probability of weak "causal" connection is

pcausaltxy,weak = ptxy,none · ptxy,real/ptxy,phantom (29)

where ptxy,c is the estimated meeting probability of that txy group with connections of
type c ∈ {none, phantom,weak}. The analogous definitions hold for strong connections.30

7.2 Value of connections and meetings

In this section, I use the model to estimate the value of connections and meetings. To
do so, I re-run the model with the estimated parameters and add a connection/meeting
for one random pair of a worker and a firm each year. I then compare the utility of the
affected workers with and without the additional connection/meeting. The utility difference
measures the value of a connection or a meeting—how much the average worker will pay for
one additional connection or meeting with a random firm.

I do this exercise in three ways. In first, I add a new random meeting without connections
between the worker and the firm. Second, I add a new meeting and assume that the worker
and firm are weakly connected. Finally, I add connections to an existing meeting. The last
exercise isolates the effect of the utility channel alone.

The first column of Table 8 reports the results of this exercise with 100,000 new meet-
ings/connections (1,000 for each of the 100 estimations of the model ). For convenience, I
report all results in terms of percentages of new workers’ average monthly wage. The aver-
age value of one additional meeting without the utility effect is 2.2 percent of new workers’
average monthly wage. Adding connections to a random existing meeting, the monthly wage
increases by 1.5 percent. By combining the two effects, assuming that the new meeting is
with a causal weak connected firm, the effect increases to 3.7 percent.

The model also allows decomposition of the effect into situations in which workers go
to work at the firm with the new meeting/connection (with a higher wage compared to the
benchmark case) and situations in which the identity of the matched firms do not change
but the workers’ wage increases due to the better choice set they have.

30Because the accuracy of the estimates of cells with no or a small number of matches is low, I censor the
extreme values of the parameters in the calculation. See Appendix D for the exact definitions.
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Adding a new meeting with a firm without the utility effect, in 4.0 percent of the cases
the worker is matched with that new firm. The average gains are 41.4 percent of the average
wage. In 6.4 percent of the cases, the new meeting does not lead to a new job but increases
the salary due to that worker’s better choice set. The average gains, in that case, are 7.9
percent of the average wage (Table 8, row 1).

If we add the utility effect of causal weak connections to existing meetings, in 4.0 percent
of the cases, the worker changes her job to a new connected job. The average gains are
20.3 percent of the average wage, so the expected gains are 0.8 percent. In 10.1 percent of
the cases, the wage changes without a job change, with expected gains of 6.4 percent of the
average wage (Table 8, row 2).

Finally, if we assume that the new meeting is accompanied by the utility of a causal weak
connection, the probability that the workers end up working at the new firm is 5.5 percent.
In this case, the average gains are 57 percent of the average wage, and the contribution of
this event to the total gains is 3.1 percent of the average wage. In 5.8 percent of the cases,
the wage changes without a job change. These events yield average gains of 9 percent of the
average wage (Table 8, row 3).

The decomposition of the contribution of events with and without job changes shows
that about 84 percent of the value of connections comes from a direct effect of the new
meeting/connection that leads to a better job with a better salary. However, an indirect
effect, namely the impact of the new meeting/connection on the salary through a better
choice set of the worker, makes a non-negligible contribution to the overall value.

Not all meetings/connections are equal. Figure 7 shows the expected effect by the job
type of the new meeting/connection. The results indicate that having a new meeting with
a high-ranked firm (i.e., a firm in the upper quintile of AKM firm premium) is much more
valuable than a meeting with a lower-ranked firm. This result is true in all scenarios (a
new meeting without the utility effect, an existing meeting with the utility effect, and a new
meeting with the utility effect).

7.3 Between-group pay gaps

How much of the pay gap between different groups in Israel is due to differences in social
capital? I use the structural model to answer that question in two ways. Firstly, I check
the predicted inequality if the different groups, Arabs and Jews or males and females, would
have similar quantities and qualities of connections. Secondly, I check the predicted pay gaps
given a policy that prohibits using different types of social connections.

I perform the first exercise by adding random connections to workers such that the number
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of weak and strong connections per worker with each firm type is equal between the groups.
For example, for the ethnicity characteristic, I compare the number of meetings per worker
for Jews and Arabs in the same year, with the same gender and education characteristics,
and with the same type of firm. Then, I add random connections of that type to the group
with fewer connections until the number of connections per worker is equal.

To see the importance of my identification strategy—evaluating the effects of connections
by comparing real and phantom connections—I check the model’s predictions with and with-
out that strategy. Without the identification strategy, the meeting and utility parameters
of a new connection are simply the parameters of real connections (either weak or strong)
of that txyc cell. With the identification strategy, I assume that the new connections have
only the excess impact of real connections relative to phantom connections, as defined above
(equation 28 and 29 and the analogous definition for strong connections).

Starting with the ethnic pay gap, the first row of Table 9 shows the results when the
share of connections with all firms is equal for Arabs and Jews. The benchmark gap in
monthly wage between Arabs and Jews is 502 NIS, or 8.4 percent of the average monthly
wage. Without the identification strategy, we wrongly attribute the impact of confounders,
which are correlated with connections, to the effect of connections themselves, and therefore
incorrectly concluding that parental connections explain an unrealistically large fraction of
the ethnic wage gap.

The gap estimates are much closer to the benchmark gap when correctly using the iden-
tification strategy. The estimated reduction in the ethnicity pay gap is now 5, 2, and 12
percent, given the meeting effect, utility effect, and both effects, respectively. The large
difference between the counterfactual results with and without the identification strategy
indicates the importance of using identification variation in structural estimation and inter-
ference. Without the identification strategy, we wrongly attribute the impact of confounders,
which are correlated with connections, to the effect of connections themselves; therefore, ob-
taining that parental connections explain a non-realistic large fraction of the ethnic wage
gap (Table 9, Panel A, first row).

In contrast to the ethnic pay gap, equalizing males’ and females’ parental connections
has no significant effect on the gender wage gap. Without the identification strategy, the
counterfactual gender pay gap is increasing by 2.3 percent. However, using the identification
strategy, the gap increases by 0.1 percent, and the change is not significantly different from
zero (Table 9, Panel A, second row).

Next, I check the counterfactual pay gaps under the assumption that hiring a worker
with real connections is forbidden. I check the effect of this policy for weak connections
only, for strong connections only, and for strong and weak connections together. Panel B of
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Table 9 shows that prohibiting the hiring of workers with connections, as some anti-nepotism
rules do, increases the predicted ethnic pay gap by 8 percent if only weak connections are
prohibited, 44 percent if only strong connections are prohibited, and 56 percent if both weak
and strong connections are prohibited. The gender pay gap declines by 4, 20, and 25 percent
respectively in these different scenarios.

The difference between the results of the two different scenarios can be explained by con-
sidering both the differences in the quality of connections and in the "return" to connections
of the different groups. For example, the model predicts that equalizing the connections
between Arabs and Jews reduces the ethnic pay gap, but prohibiting connections increases
it. The explanation for this comes from two opposing forces. On the one hand, Arabs have
worse connections in the labor market compared to Jews (Table 1 and Figure 1). On the
other hand, Arabs rely heavily on connections compared to Jews, as can be seen from the
higher effect of connections both in the reduced-form and structural estimates (Figures 4 and
6 4 ). Therefore, equalizing Arabs and Jews’ connections provides them better connections,
which reduces the pay gap. However, prohibiting the use of connections increases the gap as
it hurts Arabs more than Jews and, therefore, increases the gap. The results of the gender
gap are different. As there is no big difference between the parental connections of males and
females, equalizing the connections does not impact the gender gap. However, because the
return to connections is higher for males than females, prohibiting connections hurts males
more than females and reduces the gap.

8 Conclusion

In this paper, I study the role of parental social networks in shaping the distribution of
job assignments and the wages of new workers. To do so, I leverage the timing of between-job
moves of potential contacts relative to the labor-market entry year for exogenous variation
of the social networks. In the first part of the paper, I use regression analysis to estimate
the effect of strong and weak parental connections on job assignments. Then, I build and
estimate a matching model with search frictions where heterogeneous workers and firms
choose their best match given their choice set and the set of wages that clear the market. I
allow social connections to impact both the available choice sets and the match values.

In the reduced-form part, I find that workers are 3-4 times more likely to find employment
in firms where a past coworker of the parent currently works than in otherwise similar firms.
I show that the effect is more potent if the potential connections are formed in smaller firms
or more recently. I also find a positive correlation between the wage of new workers and
parental connections.
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A structural estimation of the model shows that parental connections increase the meeting
probability and the potential match value. Exploiting the same identification strategy, I find
that a weakly connected worker-firm pair is twice as likely to meet than a phantom-connected
pair. Likewise, the match value is higher by 2.8 percent for weakly versus phantom connected
pairs. Using the model estimates, I find that workers are willing to pay, on average, 3.7
percent of the average wage to get one additional meeting with a connected firm. I also find
that differences in parental network quality explains a large proportion of Israel’s ethnic pay
gap. Equalizing the quantity and quality of Arabs’ and Jews’ connections, the ethnic pay
gap decreases by 12 percent. However, because Arabs rely more than Jews on connected
hiring, prohibiting the hiring of connected workers increases the gap by 56 percent.

I make three methodological contributions. Firstly, I separately estimate the two major
impacts described in the literature of social connections on labor market outcomes: search
and match quality. Secondly, I contribute to the two-sided matching literature by intro-
ducing search frictions into this type of model. I exploit the assignment problem’s sparsity
implied by the search-frictions assumption, together with recent developments in assignment
problem algorithms, to simulate the model. Thus, I can perform a simulation-based esti-
mation of the model, which allows for potentially rich and flexible utility functions. To the
best of my knowledge, this is the first simulation-based estimation of a matching model with
large scale data. Thirdly, I suggest a novel "BLP-style" estimation procedure to estimate
two sets of unobserved choice characteristics with two sets of data points. In each iteration,
the parameters are updated one by one to the direction that best fits the data. This direct
updating procedure enables estimation of models with many parameters, even when simu-
lation of each model’s iteration is expensive. Taken together, the model proposed in this
paper can serve as a workhorse for studying various questions regarding the labor market.

My empirical results have nuanced consequences for policymakers. Policies to reduce
the inequality implied by differential parental networks include, for example, subsidies for
internships in good firms for graduates with fewer connections, or "Rooney Rule" policies
requiring interview of these candidates for open positions (Solow et al. 2011). The results
of the model also shed light on the expected outcomes of different policies. For instance, a
long-term internship is likely to impact not only the "search frictions" (e.g., the probability
for a job-interview at the firm), but also the "match value", through better information on
the workers and match quality. On the other hand, "Rooney Rule"-type policies are likely to
impact only the "search frictions" and therefore have a more moderate effect on inequality.
Finally, the model suggests that policies that entirely prohibit the use of connections might
have the opposite effect on inequality, as workers from lower socioeconomic backgrounds rely
more on social links in the labor market.
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The framework employed here can be readily ported to other datasets and problems,
and there is ample room for future research. Firstly, like most of the matching literature,
the model is static. Estimating a dynamic version of the model will enable study of how
connections matter over the life cycle and explicit modeling of the impact of referrals on the
firm’s uncertainty about worker quality. Additionally, observing the same workers several
times allows estimation of workers’ and firms’ fixed effects, which cannot be separately
identified in a static model. Secondly, having information on other labor market outcomes
could allow the estimation of additional unobserved parameters, such as the workers’ non-
wage match utility and differential workers’ bargaining power. Such data include direct
information on firms’ production or the meeting/interview process. Further unpacking the
black box of the matching between workers and firms is an essential step in crafting policies
to help reduce inequity in the labor market.
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Tables and Figures

Table 1: Summary statistics—new workers

All Ethnicity Gender

Jews Arabs Males Females

N. 220,806 157,023 63,783 126,233 94,573
Arabs 0.29 0.00 1.00 0.37 0.19
Females 0.43 0.49 0.28 0.00 1.00
College 0.23 0.25 0.16 0.15 0.33

First job
Age 24.00 24.22 23.48 23.82 24.25
Salary 5,839 6,053 5,312 6,223 5,325
Tenure 2.01 1.97 2.10 2.04 1.98
Firm rank 0.60 0.64 0.52 0.60 0.61
Connections

Weak 0.03 0.02 0.04 0.03 0.02
Strong 0.11 0.09 0.17 0.13 0.08

Age 30
Salary 8,939 9,373 7,317 9,806 7,832
Firm rank 0.68 0.70 0.58 0.67 0.68

Connections
Av. firm rank

Weak 0.64 0.66 0.58 0.63 0.65
Strong 0.61 0.64 0.54 0.60 0.62

N. firms
Weak 43.66 50.40 26.78 41.71 46.26
Strong 24.41 27.25 17.39 23.70 25.34

Notes: This table reports summary statistics for the sample of new workers. The first column reports
the average value of the variables for the entire sample, and the other columns report for sub-samples
separated according to ethnicity and gender. Firm rank is the rank of the firm-specific pay premium
estimated using an AKM model Abowd et al. (1999). "Connections" indicates whether the worker
has weak or strong connections at the first job. Av. firm rank of connections is the average firm
rank of firms with which the worker has weak and strong connections. N. firms is the number of
such firms.
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Table 2: Effects of parental connections on firm assignment

All Jews Arabs Males Females

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

Phantom connections 0.010 0.006 0.030 0.011 0.008
[0.009,0.011] [0.005,0.007] [0.025,0.032] [0.010,0.013] [0.006,0.010]

Weak connections 0.050 0.031 0.143 0.067 0.031
[0.047,0.054] [0.028,0.034] [0.131,0.156] [0.061,0.071] [0.027,0.036]

Strong connections 0.487 0.366 0.917 0.617 0.338
[0.472,0.501] [0.351,0.384] [0.878,0.956] [0.593,0.647] [0.320,0.354]

R0 (no connections) 0.005 0.005 0.006 0.005 0.006
[0.005,0.005] [0.005,0.005] [0.006,0.006] [0.005,0.005] [0.005,0.006]

Ratio weak-phantom 3.666 3.259 4.177 4.409 2.731
[3.316,4.081] [2.841,3.681] [3.651,4.803] [3.912,4.959] [2.262,3.303]

Ratio strong-phantom 32.52 33.99 25.91 38.37 25.37
[30.02,35.53] [30.65,37.8] [23.52,30.03] [34.83,43.67] [22.41,29.39]

Observations 21,166,443 16,837,526 4,328,917 15,319,313 5,847,130
N firms 149,729 144,186 117,746 145,939 134,555
N groups 2,959 1,658 1,301 1,548 1,411
N workers 220,684 157,009 63,675 170,872 49,812
N connections 40,827,833 33,261,814 7,566,019 31,664,340 9,163,493

Notes: This table reports the probability of working in a firm with different types of connections,
relative to working in a non-connected firm. The coefficients are the mean coefficients of phantom,
weak, and strong connections across 100 estimations of equation (4) using a 20 percent random
sample of workers each time. I construct the bounds of the 95 percent confidence intervals using the
2.5 and 97.5 percentiles of the coefficients’ distribution. R0 is the average probability of working
in a non-connected firm. "Ratio weak-phantom" is the estimated odds ratio between working
at a weakly-connected firm and working in a phantom-connected firm. "Ratio strong-phantom" is
defined similarly. The first column reports the results for the entire sample, while the other columns
report the results for a different sub-group of the new workers each time.

47



Table 3: Effects of parental connections on firm assignment: death and retirement of contacts

Employment

(1) (2) (3)

Special connections: Death Retirement Death or retirement

Phantom (D/R) 0.031 0.010 0.017
[0.004,0.068] [-0.008,0.032] [0.001,0.034]

Phantom (Other) 0.010 0.010 0.010
[0.009,0.011] [0.009,0.011] [0.009,0.011]

Weak (D/R) 0.065 0.032 0.041
[0.010,0.126] [0.003,0.066] [0.017,0.071]

Weak (Other) 0.050 0.051 0.051
[0.047,0.054] [0.047,0.055] [0.047,0.054]

Strong 0.487 0.487 0.487
[0.472,0.501] [0.472,0.501] [0.472,0.501]

R0 (no connections) 0.005 0.005 0.005
[0.005,0.005] [0.005,0.005] [0.005,0.005]

Ratio weak-phantom (D/R) 2.567 3.913 2.773
[0.386,7.746] [0.582,19.460] [0.748,6.533]

Ratio weak-phantom (Other) 3.679 3.680 3.691
[3.335,4.101] [3.339,4.099] [3.349,4.122]

N connections: phantom (D/R) 85,532 138,194 222,461
N connections: weak (D/R) 37,402 102,499 138,974

Notes: This table reports the probability of working in a firm with different types of connections,
relative to working in a non-connected firm. I divide phantom and weak connections into "D/R"
connections ("death", "retirement" or both, depending on the column) and "Other" connections.
"Death" connections are connections in which the contact died no more than one year after the
last year she worked at the firm. "Retirement" connections are connections in which the last year
the contact worked at the firm was at the mandatory retirement age (62 for females and 67 for
males). In the third column, I use either death or retirement connections. The coefficients are the
mean coefficients across 100 estimations of equation (4) with separate coefficients for "special" and
"other" phantom and weak connections and using a 20 percent random sample of workers each time.
I construct the bounds of the 95 percent confidence intervals using the 2.5 and 97.5 percentiles of the
coefficients’ distributions. R0 is the average probability of working in a non-connected firm. "Ratio
weak-phantom: D/R" is the estimated odds ratio between working at a special weakly-connected
firm and working in a special phantom-connected firm. "Ratio weak-phantom: Other" is defined
similarly.
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Table 4: Effect of weak parental connections on firm assignment, placebo test

All Jews Arabs Males Females

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

Phantom connections 0.000 0.000 0.000 0.000 0.000
[-0.001,0.001] [-0.001,0.001] [-0.002,0.003] [-0.001,0.001] [-0.001,0.001]

Weak connections 0.000 0.000 0.000 0.000 0.000
[-0.002,0.002] [-0.002,0.002] [-0.006,0.006] [-0.002,0.003] [-0.003,0.003]

Strong connections 0.000 0.000 0.001 0.000 0.000
[-0.006,0.007] [-0.005,0.005] [-0.021,0.021] [-0.006,0.008] [-0.008,0.010]

R0 (no connections) 0.007 0.006 0.011 0.008 0.007
[0.007,0.008] [0.006,0.007] [0.011,0.012] [0.007,0.008] [0.007,0.007]

Ratio weak-phantom 1.010 1.000 1.053 1.011 1.017
[0.755,1.384] [0.727,1.330] [0.397,1.645] [0.660,1.334] [0.631,1.524]

Ratio strong-phantom 1.047 1.029 1.107 1.065 1.036
[0.206,2.019] [0.189,1.805] [-0.938,3.233] [0.154,1.981] [-0.162,2.471]

Observations 21,166,443 16,837,526 4,328,917 15,319,313 5,847,130
N firms 149,729 144,186 117,746 145,939 134,555
N groups 2,959 1,658 1,301 1,548 1,411
N workers 220,684 157,009 63,675 170,872 49,812
N connections 40,827,833 33,261,814 7,566,019 31,664,340 9,163,493

Notes: This table shows placebo test results, assigning the worker’s connections to a random worker
in her group. The table reports the probability of working in a firm with different types of con-
nections, relative to working in a non-connected firm, based on the new (randomized) data. The
coefficients are the mean coefficients of phantom, weak, and strong connections across 100 estima-
tions of equation (4) using a 20 percent random sample of workers each time. I construct the bounds
of the 95 percent confidence intervals using the 2.5 and 97.5 percentiles of the coefficients’ distribu-
tions. R0 is the average probability of working in a non-connected firm. "Ratio weak-phantom" is
the estimated odds ratio between working at a weakly-connected firm and working in a phantom-
connected firm. "Ratio strong-phantom" is defined similarly. The first column reports the results
for the entire sample, while the other columns report the results for a different sub-group of the
new workers each time.
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Table 5: Correlation between parental connections at first job and salary and tenure

Log salary Job tenure

(1) (2)

Phantom connections 0.012 0.098
(0.004) (0.022)

Weak connections 0.026 0.187
(0.004) (0.025)

Strong connections 0.083 0.441
(0.003) (0.020)

Group FE Yes Yes
Firm FE Yes Yes
Observations 220,806 220,806
N firms 54,321 54,321
R2 (full model) 0.624 0.414
R2 (projected model) 0.006 0.007

Notes: This table reports the correlation between parental connections of different types and the
salary and tenure at the first job. The outcome variable in the first column is (log) monthly salary in
the first year of the first job. The outcome variable in the second column is the number of sequential
years the worker worked at the first job (truncated at 2015). The two specifications include group
and firm fixed effects. Groups are constructed using all combinations of the workers’ observable
characteristics (ethnicity, education, gender, year of first job, age, and district of residence). Robust
standard errors clustered by group and firm are reported in parentheses.
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Table 6: Model’s fit, Model’s precision, and Monte Carlo simulation

A. Model’s fit

Matches Av. wage Overall Within-group
(µtxyc) (wtxyc) wage variance wage variance

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

Abs. deviation 0.013 0.008 0.0008 0.0007
(0.0006) (0.0006) (0.0006) (0.0005)

Correlation 1.000 0.998
(0.00002) (0.0002)

B. Model’s precision and Monte Carlo simulation

Utility Meetings Unobserved Utility
(βtxyc) (ptxyc) heterogeneity (log(σ)) scale (b)

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

Estimates
Correlation 0.980 0.988

(0.001) (0.0006)
Value -1.069 9.174

(0.007) (0.011)
Monte Carlo
Correlation 0.972 0.985

(0.003) (0.0006)
Value -1.076 9.186

(0.006) (0.009)

Notes: This table reports measures of the model’s fit to the data (Panel A), the model’s precision, and
the results of Monte Carlo simulation (Panel B). The first row reports the average difference between the
predicted and true moments on a logarithmic scale (averaged over all txyc cells with weights equal to
the observed matches in each cell µtxyc in the first two columns). The second row of Panel A shows the
correlation between the true and predicted moments (with the same weights). Each statistic in Panel A
is calculated separately for each of the 100 estimations of the model, and the table reports the averages
across the 100 estimations (and their standard errors in parentheses). The first row of Panel B reports the
average correlation in the utility and meeting parameters across any possible pair within the 100 estimations
(and their standard errors in parentheses). The second row reports the average values (and standard errors)
of the unobserved heterogeneity /sigma, and utility-scale b parameters across the 100 simulations. The
last two rows report the results of Monte Carlo simulation, where I use the average parameter values as
the "true parameters" to generate data and estimate the model 100 times again with different idiosyncratic
shocks. The third row reports the average correlation in the utility and meeting parameters between the new
estimates and the "true parameters". The final row shows the average value of the other two parameters.
Standard errors across the 100 Monte Carlo estimations are reported in parentheses.
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Table 7: Projection of the model estimates on workers’, firms’, and connections’ characteristics

Firm’s utility (βtxyc) Meeting probability (Log(ptxyc))

(1) (2)

Constant 8.809 -6.900
(0.011) (0.015)

Phantom connections 0.012 1.964
(0.007) (0.039)

Weak connections 0.041 2.728
(0.008) (0.038)

Strong connections 0.158 3.742
(0.004) (0.019)

Arab -0.011 0.051
(0.002) (0.010)

Female -0.070 -0.009
(0.002) (0.010)

College 0.077 -0.066
(0.002) (0.011)

Job type: 2 0.120 -0.067
(0.005) (0.012)

Job type: 3 0.268 -0.028
(0.005) (0.012)

Job type: 4 0.459 -0.002
(0.006) (0.013)

Job type: 5 0.967 -0.093
(0.007) (0.021)

Weak - phantom 0.028 0.764
(0.010) (0.054)

Strong - phantom 0.146 1.779
(0.008) (0.042)

R2 0.907 0.831
(0.003) (0.005)

Notes: This table reports the results of regressing the utility and meeting parameters obtained from
the model on worker, firm, and connection characteristics. I estimate the regression using weighted
least squares, with weights equal to the actual number of matches of the txyc cell. "Weak (Strong)
- phantom" is the difference between the coefficients of weak (strong) and phantom connections.
Each regression is calculated separately for each of the 100 estimations of the model, and the table
reports the averages across the 100 estimations (and their standard errors in parentheses).

52



Table 8: Value of meetings and connections

Total expected gains Salary change with a job change Salary change without a job change

Probability Gains Expected gains Probability Gains Expected gains

(1) (2) (3) (4) (5) (6) (7)

New meeting, without utility effect 2.2 0.040 41.4 1.7 0.064 7.9 0.5
(0.417) (0.007) (6.543) (0.394) (0.008) (1.809) (0.135)

Existing meeting, with utility effect 1.5 0.040 20.3 0.8 0.101 6.4 0.7
(0.467) (0.007) (8.151) (0.373) (0.010) (2.974) (0.311)

New meeting, with utility effect 3.7 0.055 57.0 3.1 0.066 9.0 0.6
(0.819) (0.009) (9.323) (0.778) (0.008) (2.248) (0.153)

Notes: This table shows the impact of a new meeting or connection on the average worker’s expected value. Each row reports the average
change in the salary of workers in 5000 simulations of 3 different scenarios: 1) adding a meeting to a random worker and firm in each
market, assuming no connections between them, 2) choosing a random non-connected pair in each market and changing the systematic
match utility to reflect the utility of a causal weak connection, and 3) adding a random meeting with causal weak connections. The utility
of a causal weak connection is the excess utility of weak connections compared to phantom connections. The first column reports the total
expected gains. In the rest of the columns, I decompose that effect into two events. In columns (2)-(4), the new meeting or connection
impacts the identity of the firm the worker ends up working at (compared to the job before the change). In the last three columns, the
worker stays in the same position with and without the shock, but her salary changes due to a change in the available choice set. For each
event, I report the probability of this event to happen, the average gains, and the expected gains of this event (probability multiplied by
gains). Each statistic is calculated separately for each of the 100 estimations of the model, and the table reports the averages across the
100 estimations (and their standard errors in parentheses).
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Table 9: Counterfactual impacts of connections on between-group pay gaps

A. Equalizing number of connections per worker

Gap Without identification strategy With identification strategy

(% Average) Meetings effect Utility effect Both effects Meetings effect Utility effect Both effects

(1) (2) (3) (4) (5) (6) (7)

Ethicity gap -8.4 -59.5 -0.4 -67.6 -5.1 -1.1 -11.7
(0.351) (4.866) (0.168) (3.031) (0.679) (0.297) (1.638)

Gender gap -18.0 1.2 0.0 2.3 0.1 0.0 0.1
(0.290) (0.180) (0.034) (0.197) (0.066) (0.045) (0.093)

B. Prohibiting hiring of connected workers

Baseline Weak Strong Weak + strong

(% Average)

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

Ethnicity gap -8.4 8.9 44.3 56.4
(0.351) (0.982) (2.820) (3.347)

Gender gap -18.0 -4.0 -20.3 -25.3
(0.290) (0.320) (0.780) (0.798)

Notes: This table shows the contribution of parental connections to the ethnic and gender pay gaps in two scenarios. Panel A reports estimates from
equalizing the connections between the ethnic and gender group. Specifically, in the first row, I present the ethnic pay gap predicted by the model
assuming each group of Arabs and Jews (with similar gender and education characteristics) have the same number of weak and strong connections
per worker with every type of firm. The second row reports the analogous results for the gender gap. Column (1) reports the benchmark pay gap as
a share of the average wage. In columns (2)-(5), I estimate the counterfactual pay gaps under the assumption that new (causal) connections (either
weak or strong) have the same impact on the meeting rate and the match utility as a real connection of the same type in the same txyc cell. In
columns (6)-(8), I assume that the impact of a new (causal) connections on the meeting rate and the match’s utility is the excess impact of strong or
weak connections on these parameters compared to phantom connections. In columns (2) and (5), I shut down the utility effect of new connections
(assuming they are similar to the utility of that txyc group without connections) to examine the impact of the meeting rate alone. Similarly, in
columns (2) and (5), I shut down the meetings effect. In columns (4) and (7), I estimate the ethnic wage gap with both effects. Panel B reports
the estimated gaps from the scenario that hiring of connected workers is prohibited. Columns (2), (3), and (4) assume hiring of workers with weak,
strong, or either is banned, respectively. Each statistic is calculated separately for each of the 100 estimations of the model, and the table reports the
averages across the 100 estimations (and their standard errors in parentheses).
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Figure 1: Average connected firms per worker by worker characteristics, firm type, and
connection type
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B. Strong connections by ethnicity
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C. Weak connections by gender
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D. Strong connections by gender

Notes: This figure shows the average number of weakly and strongly connected firms per
worker by workers’ ethnicity, education, and gender, and by quintiles of the AKM firm
premium averaged over the years 2006-2015.
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Figure 2: Event-study plot of coefficients: Effect of weak parental connections on firm as-
signment
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Notes: This figure shows the probability of working in a firm as a function of the difference
between the last year the parent’s coworker worked at the firm and the worker’s labor-market
entry year, relative to working in a non-connected firm. The points are the mean coefficients
of phantom and weak connections across 100 estimations of equation (5) using a 20 percent
random sample of workers each time. I construct the bounds of the 95 percent confidence
intervals using the 2.5 and 97.5 percentiles of the coefficients’ distribution. The vertical line
between -1 and 0 indicates the change from worker-firm pairs with phantom connections to
pairs with weak connections.
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Figure 3: Event-study plot of coefficients: Effect of weak parental connections on firm as-
signment, placebo test

● ● ● ● ● ● ● ● ● ● ●0.00

0.02

0.04

0.06

0.08

−5 −4 −3 −2 −1  0  1  2  3  4  5
Last year parent's coworker worked at the firm relative to child's labor−market entry year

E
xc

es
s 

pr
ob

ab
ili

ty
 o

f w
or

ki
ng

 a
t t

he
 fi

rm

Notes: This figure reports the results of a placebo test, assigning the worker’s connections
to a random worker in her group. The figure shows the probability of working in a firm as
a function of the difference between the last year the parent’s coworker worked at the firm
and the worker’s labor-market entry year, relative to the probability of working in a non-
connected firm, based on the new (randomized) data. The points are the mean coefficients
of phantom and weak connections across 100 estimations of equation (5) using a 20 percent
random sample of workers each time. I construct the bounds of the 95 percent confidence
intervals using the 2.5 and 97.5 percentiles of the coefficients’ distribution. The vertical line
between -1 and 0 indicates the change from worker-firm pairs with phantom connections to
pairs with weak connections.
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Figure 5: Scatter plot: Changes in outcomes as a result of changes in parameters of the same
group of workers and firms
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Notes: This figure shows the relationships between the parameters of the model and the
predicted moments. I run 10,000 simulations of the model. Each time, I change the value
of only one parameter, either the match utility βtxyc or the meeting probability ptxyc, of one
xyc group in each market t by a random number between -1 and 1. Each graph’s y-axis is
the difference between the (log) number of matches and (log) average wage predicted by the
model with the new parameters and the moments predicted with the old parameters. The
x-axis is the size of the change to the parameters, β and log(p). The plots show only the
results of the moment changes in the txyc cells for which the parameter was changed.
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Figure 4: Effects of weak parental connections on firm assignment: Heterogeneity by char-
acteristics of the workers and the connections
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C. Parent's salary rank: firm
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D. Coworker's past salary rank: overall
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E. Coworker's past salary rank: firm
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F. Coworker's current firm size
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G. Parent−coworker rank difference: firm
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Notes: Each figure shows the probability of working in a firm with weak connections for different charac-
teristics of the workers and the connections, relative to the probability of working in a non-connected firm.
The points are the mean coefficients of weak connections across 100 estimations of equation (1) with sepa-
rate coefficients for different groups of weak connections, using a 20 percent random sample of workers each
time. I construct the bounds of the 95 percent confidence intervals using the 2.5 and 97.5 percentiles of that
distribution of coefficients.
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Figure 6: Model estimates: Average meeting probability by workers’ group and connection
type
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Notes: This figure shows the results of regressing the log of the meeting probabilities obtained
from the model on worker, firm, and connection characteristics, and the interactions between
worker and connection features. I estimate the regression using weighted least squares, with
weights equal to the actual number of matches of the txyc cell. Each point on the graph
is the meeting probability by ethnicity and connections type predicted by this regression.
Each regression is calculated separately for each of the 100 estimations of the model, and
the table reports the averages across the 100 estimations (and their standard errors).
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Figure 7: Value of a meeting by job type
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Notes: This figure shows the impact of a new meeting or connection on the average worker’s
expected value separated according to the type of firm with which the meeting/connection
is generated. Each line reports the average change in the salary of workers in a different
scenario using 5000 simulations: 1) adding a meeting to a random worker and firm in each
market, assuming no connections between them, 2) choosing a random non-connected pair
in each market and changing the systematic match utility to reflect the utility of a causal
weak connection, and 3) adding a random meeting with causal weak connections. The utility
of a causal weak connection is the excess utility of weak connections compared to phantom
connections.
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Appendices

A Appendix Tables and Figures

Table A1: Summary statistics—firms

1-4 5-500 501+

Firms 123,677 51,999 392
Workers 225,830 1,155,398 833,097
Av. firm size 1.83 22.23 2131.56
Share of firms 0.702 0.296 0.002
Share of workers 0.102 0.522 0.376

Notes: This table reports summary statistics for firms according to the number of workers in the
firm. The first row is the overall number of unique firms in 2006-2015 matched employee-employer
files. The second row is the total number of workers in each group of firms by year, averaged across
the years. The third row is the average number of workers in a firm by year, averaged across the
years. The fourth and fifth rows are the share of firms and the share of workers in each group of
firms by year, averaged across the years.
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Table A2: Balancing test: Correlation between parental connections and measures of proximity
between workers and firms

Log distance Parent’s industry

(1) (2)

Phantom connections -0.369 0.077
[-0.376,-0.362] [0.076,0.077]

Weak connections -0.368 0.076
[-0.375,-0.361] [0.075,0.076]

Strong connections -0.926 0.281
[-0.944,-0.909] [0.279,0.284]

R0 (no connections) 10.102 0.033
[10.090,10.117] [0.032,0.033]

Ratio weak-phantom 1.000 0.989
[1.000,1.001] [0.984,0.995]

Ratio strong-phantom 0.943 2.871
[0.942,0.944] [2.850,2.887]

Observations (firms x groups) 21,166,443 21,166,443
N firms 149,729 149,729
N groups 2,959 2,959
N workers 220,684 220,684

Notes: This table reports the (log) geographical distance from the firm and the probability that
a firm belongs to the same 3-digit industry of the worker’s parent for firms with different types of
connections, relative to non-connected firms. The coefficients are the mean coefficients of phantom,
weak, and strong connections across 100 estimations of equation (4) with the outcome variables
mentioned using a 20 percent random sample of workers each time. I construct the bounds of the
95 percent confidence intervals using the 2.5 and 97.5 percentiles of the coefficients’ distribution.
R0 is the average outcome variable’s value for a non-connected firm. "Ratio weak-phantom" is
the estimated odds ratio between the outcome variable’s value for a weakly-connected firm and
phantom-connected firm. "Ratio strong-phantom" is defined similarly.
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Table A3: Effects of parental connections on firm assignment: Robustness to the definition of
connection types

Employment

(1) (2) (3)

Phantom (single contact) 0.010 0.012
[0.009,0.011] [0.011,0.013]

Phantom (single + multiple contacts) 0.015
[0.014,0.016]

Weak (signle contact) 0.050 0.053
[0.047,0.054] [0.049,0.056]

Weak (single + multiple contacts) 0.095
[0.091,0.100]

Strong (direct + multiple contacts) 0.487
[0.472,0.501]

Direct 3.091 3.092
[2.977,3.206] [2.978,3.207]

Multiple contacts 0.171
[0.161,0.181]

R0 (no connections) 0.005 0.005 0.005
[0.005,0.005] [0.005,0.005] [0.005,0.005]

Observations (firms x groups) 21,166,443 21,166,443 21,166,443
N firms 149,729 149,729 149,729
N groups 2,959 2,959 2,959
N workers 220,684 220,684 220,684
N connections 40,827,833 40,827,833 40,827,833

Notes: This table reports the probability of working in a firm with different types of connections,
relative to working in a non-connected firm. The coefficients are the mean coefficients of the different
types of connections across 100 estimations of the equivalent of equation (4) using a 20 percent
random sample of workers each time. I construct the bounds of the 95 percent confidence intervals
using the 2.5 and 97.5 percentiles of the coefficients’ distributions. R0 is the average probability
of working in a non-connected firm. The first column repeats the baseline specification using three
types of connections: phantom connection with a single contact, indirect connection with a single
contact ("weak"), and either a direct connection or other types of connection with more than
one contact ("strong"). Column 2 estimates a separate coefficient for direct connections and for
phantom/indirect connections with multiple contacts. Column 3 combines phantom and indirect
connections with one or more contacts.
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Table A4: Event-study plot of coefficients: Effect of parental connections on firm assignment

Employment

Phantom connections Weak connections

-5 0.005 0 0.057
[0.002,0.009] [0.052,0.063]

-4 0.005 1 0.052
[0.003,0.008] [0.043,0.060]

-3 0.007 2 0.042
[0.004,0.009] [0.033,0.053]

-2 0.009 3 0.040
[0.006,0.013] [0.030,0.053]

-1 0.012 4 0.050
[0.008,0.015] [0.035,0.067]

1 0.026 5 0.040
[0.020,0.032] [0.032,0.048]

2 0.017 Strong connections
[0.013,0.022]

3 0.013 0.487
[0.009,0.017] [0.472,0.501]

4 0.009
[0.006,0.014]

5 0.008
[0.005,0.011]

Notes: This table reports the probability of working in a firm for a different types of connections
relative to working in a non-connected firm. Phantom and weak connections are divided according
to the difference between the last year the parent’s coworker worked at the firm and the child’s
labor-market entry year, The points are the mean coefficients across 100 estimations of equation (5)
using a 20 percent random sample of workers each time. I construct the bounds of the 95 percent
confidence intervals using the 2.5 and 97.5 percentiles of the coefficients’ distribution.
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Table A5: Moments-parameters elasticities

Matches-utility Matches-meetings Wages-utility Wages-meetings

dln(µ)/dβ dln(µ)/dln(p) dln(w)/dβ dln(w)/dln(p)

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

Same workers and firms 3.511 0.777 3.427 0.015
(0.078) (0.017) (0.325) (0.009)

Same workers, different firms -0.264 -0.033 0.001 0.014
(0.026) (0.003) (0.011) (0.001)

Different workers -0.008 0.000 -0.032 -0.002
(0.002) (0.000) (0.005) (0.000)

Notes: This table shows the elasticities between the parameters of the model and the predicted
moments. I run 10,000 simulations of the model. Each time, I change the value of only one
parameter, either the match utility βtxyc or the meeting probability ptxyc, of one xyc group in each
market t by a random number between -1 and 1. Each value in the table is the slope coefficient
obtained from regressing the changes in the moment on the parameter changes for different groups
of workers and firms. Assume a change in the txyc cell parameters. The first row reports the
elasticities of changes in the same txyc cells. The second row reports the elasticities for cells of the
type txy′c′ where either y′ 6= y or c′ 6= c (or both). The last row reports the elasticities for cells of
the type tx′y′c′ where x′ 6= x.
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Figure A1: Raw data: probability of working in a firm for phantom and weak connections
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Notes: This figure shows the raw probability of working in a firm as a function of the
difference between the last year the parent’s coworker worked at the firm and the worker’s
labor-market entry year. The vertical line between -1 and 0 indicates the change from
worker-firm pairs with phantom connections to pairs with weak connections.
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Figure A2: Age at last year of work by gender
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B. Females

Notes: This figure shows the frequency of the ages of workers when they last appear in the
employer-employee data between 2006-2014, separated by gender. Workers that worked in
2015—the final year in the dataset—are not included in this figure. I keep workers that were
between 50-80 in their last year of work.
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Figure A3: Scatter plot: Lower and upper wage bounds
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Notes: This figure shows the relationships between lower and upper wage bounds that
support the equilibrium matching. The black line shows the mean value of the wage upper
bounds for 100 bins of the lower bounds.
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Figure A4: Model estimates of causal weak connections for different values of worker’s bar-
gaining power
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A. Match utility
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B. Meeting probability

Notes: This figure shows the model’s estimated causal effects of weak connections for the
match utility and meeting probability parameters for different workers’ bargaining power
values. For each worker’s bargaining power value, I re-estimate the model and regress the
estimated match utility and log of meeting probability parameters on worker, firm, and con-
nection characteristics. I estimate the regression using weighted least squares, with weights
equal to the actual number of matches of the txyc cell. Each point on the graph shows the
difference between the coefficients of weak and phantom connections for different values of
worker bargaining power.
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B Data Appendix

This appendix provides additional details on the data preparation and definitions of the
variables.

Employment and wages: The data contains observations at the worker × firm ×
year level. For each observation, there are monthly employment indicators and total yearly
salaries. In each year, I: 1) drop observations with missing worker or firm identifiers, 2)
replace empty monthly indicators with zeros, 3) drop observations that are duplicate in
all variables, 4) for duplicate worker-firm observations, take the maximum of the monthly
indicators and the sum of the yearly earnings, 5) calculate the monthly salary by dividing
the yearly salary by the number of months worked at that firm, 6) keep only observations
with employment in February, 7) for each worker, keep the firm with the largest monthly
salary 8) keep workers aged 22-69, 9) drop observations with less than 25% of the yearly
average wage in the sample.

Education: "No college" workers are defined as workers without any period of enroll-
ment in higher education institutions. Workers with at least one year of admission to higher
education institutions (excluding religious schools) are defined as workers with "some college"
or simply with "college" education.

Ethnicity: Workers are classified into two categories, Arabs and Jews. Arabs include
Arab Muslims, Arab Christians, Druze, and Circassians. In the definition of Jews, I follow
the practice of the Israeli Central Bureau of Statistics to include "Jews and Others" together
and consider workers without ethnicity classification as Jews.31

Workers’ location: I measure the new worker’s residence location by the longitude and
latitude of the city she lived in age 21. I also use the worker’s district at age 21, one of seven
districts (North, Haifa, Tel-Aviv, Center, Jerusalem, South, and Judea and Samaria).

Natives: Individuals born in Israel and without information on the date of immigration.
Ultra-orthodox: I use the internal algorithm of the National Insurance Institute, which

uses information on the residency neighborhoods, educational institutions, and family links
to identify Ultra-orthodox individuals.

Industry: I clean the industry variable such that each firm has a unique industry. Using
the same employer-employee row file described above, with additional information on the
4-digit industry code of the firm in each observation, In each year, I: 1) drop observations
with missing worker, firm, or industry identifiers, 2) for each firm, keep the industry with

31According to the Israeli Central Bureau of Statistics definitions, "Others" refer to Non-Arab Christians,
members of other religions, and not classified (of Statistics 2019). The vast majority of the people in this
category are immigrants from the former Soviet Union who immigrated to Israel in the past three decades.
They are not Jews according to the Jewish law but are included in the Law of Return because of their
familial ties with Jew (Cohen and Susser 2009).
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the most occurrences. Now, if the number of firms in industry A in year t that changed their
industry in year t + 1 to B is greater than the number of firms that stay in industry A, I
assume the classification of that industry had changed and update backward industry A to
B. Finally, for each firm, I keep the latest industry. In practice, I use the implied 3-digit
industry code of each firm.

Firms’ location: Unfortunately, exact information on the location of the firms is miss-
ing. As a proxy, I calculate the median longitude and latitude of the residence of the workers.
I exclude new workers from the calculation of the firms’ locations.32

Firms’ pay premium: I estimate the following AKM model (Abowd et al. 1999)

wit = αi + ψJ(it) + Z ′itγ + εit (B1)

where αi is person fixed effect, ψJ(it) is firm fixed effect, Z ′it = are set of year fixed effects
and quartic polynomials age-restricted to be flat at age 40 (Card et al. 2018). I estimate the
model using workers ages 22-69. I exclude new workers, so their salary would not impact
the estimated firm premiums. To capture potential changes in a given firm’s premium over
the years, I estimate a separate regression each year. Precisely, firm premiums of firms at
year t are calculated using the full sample’s largest connected set in years [t− 4, t]. Finally,
I rank the estimated firm premiums within a year ("firm rank").

C The role of firms and social networks in earning inequality

In this appendix, I check the raw relationships observed in the data between the ethnicity
and gender pay gaps, and firms and measures of the quality of connections.

To get the raw ethnic and gender gaps, I estimate the regression

wi = γ1 · Arabi + γ2 · Femalei + φx(i) + εi (C1)

using all workers ages 25-65 in Israel in 2015. wi is the log wage of worker i, Arabi and
Femalei equal 1 if worker i is an Arab or female, respectively. φx(i) and ψj(i) are group
and firm fixed effects, respectively. The workers’ groups include all combinations of age,
education, and district of residence. Columns 1 and 2 of Table C1 report the OLS estimates
of equation C1 without and with the firm fixed effects, respectively.

32The data do not include an indicator for multi-branch firms. Therefore, I assign the same location for
all branches or plants of the same firm. This problem is alleviated by dropping firms with more than 500
workers from the sample.
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Starting with the ethnic pay gap, the overall gap between Jews and Arabs in 2015 is
25.3 log points. Controlling for firms, the ethnic pay gap is only 5.1 log points. Comparing
the estimates of the ethnic pay gap with and without firm fixed effects, about 80% of the
ethnic pay gap in Israel is explained by between-firm variation, and only 20% of the gap is
explained by within-firm variation.

The raw gender pay gap, without firm fixed effects, is 36.9 log point. Controlling for
the firms the workers work at, the gap decreases to 28.8 log point. Those results indicate
that, unlike the ethnic gap, most of the of the gender gap (78%) is explained by within-firm
variation.

Table C2, column 1, reports OLS estimates of equation C1 for the sample of new workers.
The raw first-job ethnic pay gap is smaller than the population-wide gap (7.7 log points).
Controlling for the identity of the firm in which the worker finds her first job, the gap is now
positive, where Arabs get 3.0 log points more than Jews (column 2).

Column 3 presents a re-estimate of equation C1, including measures of the quality of
weak and strong parental connections. The correlation between the average rank of weakly-
connected firms and log salary at the first job is positive and statistically significant. The
magnitude of the correlation is 1.17 log points per 10 percentile points in the average rank of
the connected firms. Interestingly, the magnitude of the correlation is higher for the quality
of weak connections than strong connections, with a correlation of 0.90 log points per 10
percentile points in the average rank of connected firms.

Comparing columns 1 and 3 of Table C2, the estimate of the raw ethnic pay gap de-
creases by about 20 percent when controlling for the measures of parental connections. This
result suggests correlational evidence for the importance of parental social connections in
the between-group inequality in Israel.

To further explore this, in column 4 of Table C2 I add firm fixed effects to the regression.
The coefficients of the correlation between parental connections and salary become very
close to zero. Moreover, a comparison between columns 2 and 4 reveals that the estimated
within-firm ethnic pay gap is virtually the same, with and without measures of parental
connections. Taken together, this suggests that parental social connections are important in
explaining the ethnic pay gap in the first job, and only through their impact on the identity
of the firm the young workers find for their first job.

To see if the patterns documented for the ethnic pay gap are exceptional, I conduct a
similar exercise for the gender pay gap. Table C2, columns 5-8, shows that the gender pay
gap patterns are different. Firstly, most of the gender pay gap is explained by within-firm
variation (columns 5-6). Secondly, including connections in the regression does not affect
the magnitude of the gender pay gap (columns 5 and 7).
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In summary, this section suggests that most of the ethnic pay gap in Israel is explained
by between-firm variation. Moreover, correlational evidence suggests that better-connected
workers find employment at better firms, and that variation in the quality of parental con-
nections explains about 20% of the ethnic pay gap.
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Table C1: Ethnicity and gender pay gaps: workers at ages 25-64, 2015

Log salary

(1) (2)

Arab -0.253 -0.051
(0.011) (0.006)

Female -0.369 -0.288
(0.006) (0.005)

Firm FE No Yes
Observations 2,256,441 2,256,441
N firms 188,808 188,808
R2 (full model) 0.211 0.591
R2 (projected model) 0.130 0.071

Notes: This table shows the OLS estimates of a wage regression using all workers at ages 25-64 in
2015. The outcome variable is the log of the average monthly wage in 2015. All columns include three
dummy variables indicate if the worker is Arab, female, or has some college education, respectively.
All columns also include a set of dummy variables for every combination of age, education, and
the residential district at age 21. Columns 2 also includes a full set of firm fixed effects. Robust
standard errors clustered by group (age-district) and firm are reported in parentheses.
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Table C2: Ethnicity and gender pay gaps: new workers

Log salary

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

Arab -0.077 0.030 -0.062 0.030
(0.004) (0.003) (0.004) (0.003)

Female -0.203 -0.134 -0.203 -0.134
(0.003) (0.002) (0.003) (0.002)

Weak con qualiy 0.117 -0.001
(0.010) (0.008)

Strong con qualiy 0.090 -0.014
(0.007) (0.006)

Firm FE No Yes No Yes
Observations 211,144 211,144 211,144 211,144
N firms 52,963 52,963 52,963 52,963
R2 (full model) 0.138 0.614 0.140 0.614
R2 (projected model) 0.080 0.047 0.083 0.047

Notes: This table shows the OLS estimates of a wage regression using the new-workers sample. The
outcome variable is the log of the average monthly wage at the first job. All columns include three
dummy variables indicate if the worker is Arab, female, or has some college education, respectively.
All columns also include a set of dummy variables for every combination of the year of the first job,
age at that year, education, and the residential district at age 21. Columns 2 and 4 also include a full
set of firm fixed effects. Finally, columns 3 and 4 include the average rank of the firm pay premiums
of the firms that the worker has weak and strong parental connections at. Robust standard errors
clustered by group (year-age-district) and firm are reported in parentheses.
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D Model Appendix

This appendix provides additional details on the model, its estimation, and the counter-
factual exercises.

Moments: Because of limited computational resources in the National Insurance In-
stitute’s research laboratory, I perform the estimation of the model outside the laboratory
using aggregate information at the level of a txyc cell. For each txyc cell, the information I
use is 1) the number of connections dtxyc, 2) the number of matches µtxyc, and 3) the average
wage wtxyc. I calculate the residuals of the wages controlling for groups of year by age and
then add the overall mean wage.

To ensure data security, the National Insurance Institute prevent export of any infor-
mation for groups of less than 10 individuals. Therefore, I do not use matches and wage
information on txyc cells with less than 10 matches. In the estimation, I treat these cells
as cells with no matches (see below how I deal with such cells). 27.3% of the cells have less
than 10 matches, corresponding to less than 1.5% of the workers (and jobs).

Drawing data: I estimate the benchmark model 100 times, each time with a different
draw of connections and shocks. Because I cannot use exact information on each worker and
firm’s connections, I randomly draw dtxyc connections of type c between workers of type x
and firms of type y at year t. Then, for each worker and firm, I draw random meeting shocks
ρij from a standard uniform distribution. Likewise, I draw utility shocks ξij from a standard
normal distribution.

For computational reasons, I keep the information on the shocks of unconnected pairs
only if ρij < pmax0 . This is equivalent to the assumption that the meeting probability of
unconnected pairs is always smaller than pmax0 . I use the value pmax0 = M ∗ T/I , with
M = 40, corresponding to an assumption that the average number of meetings per worker
with unconnected firms for each txy combination is smaller than 40.

As mentioned earlier, two extra meetings are added to each worker and firm regardless
of the model parameters. I do this by setting ρij = 0 for these pairs.

Normalization: As mentioned in the text, the location of the wages of each market
(year) is not determined by the model. I normalize the average wage in each year to the
observed mean wage (across all years). I also normalize the meeting probability of the first
xyc cell in each market to M ∗ T/I, with M = 20 meetings per worker on average.33

Empty cells: To allow the possibility of txyc cells with no matches, in the estimation
equations (23) and (24), I calculate log(z + 1) instead of log(z). Note that in equation (24),
the average wage of a cell wn is multiplied by the number of matches in the cell. Therefore,

33Using this normalization, I get an average of 25 meetings per worker (and per job), which is similar to
the number of applications per job in Banfi and Villena-Roldan (2019).
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there is no need to know the average wage of cells, only the total wage, which allows inclusion
of empty cells in the analysis.

Note that because the number of meetings in a cell is bounded below by zero, there is an
identification issue in estimating the parameters of empty cells. For example, assume that
the model predicts no matches for some txyc cell for a given set of parameters θ = (p, β, σ).
In this case, decreasing the meeting or utility parameter of this cell will also lead to the same
predicted moments. I address this problem in two ways. Firstly, when calculating aggregate
statistics and results, such as the average impact of connections on the meeting and utility
parameters, I weight each observation by the observed number of matches, which gives no
weight to empty cells. Secondly, in the counterfactual exercise, when I calculate the "causal"
connection parameters, I cut the top and bottom 1% of outliers, weighted by the number of
observations (see more details below).

Negative wages: In principle, the assignment problem can lead to negative values. In
practice, after normalizing the average wage in each year to the observed mean wage, I did
not get an average negative wage in any of the 100 simulation iterations. If this practical
problem does arise, one might use other functional forms instead of the log, such as the
Inverse Hyperbolic Sine.

Initial parameter values: To get initial values for the meeting probabilities, I estimate
the following equation

log(µtxyc/dtxyc) = a+ pc + εtxyc (D1)

where dtxyc is the share of x-type workers who are c-connected to y-type firms in year t
over all possible pairs of x-type workers and y-type firms in year t. Using the weighted least
squares estimates (WLS), with weights µtxyc, I calculate p0txyc = p̄0 · p̂c.34

Similarly, to get initial values for the utility parameters, I estimate the equation

log(wtxyc) = b+ φ1Arabx + φ2Educx + φ3Femalex + ψy + δc + εtxyc, (D2)

and use the WLS estimates to get the predicted values of each txyc cell. I also use the
estimated variance of the error term in that regression for an initial value of σ.

34The level of ptxyc is not identified together with σ and b. In the estimation, I normalize the first cell in
each year to a level p̄0 = M · T/I, where M is the average number of meetings per worker with that level of
meeting probability. I choose the valueM = 20, and use the same level for the meeting probabilities without
connections in the initial guess.
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Preliminary checks show that the initial values do not have a significant impact on the
estimated parameters. I do not systematically explore this direction.

Stopping rule: The algorithm stops when there is no new minimum (lower in εtol from
the previous minimum) in the mean squared error of one of the four variables inNtol iterations
in a row. I use εtol = 10−10 and Ntol = 50.

Update rate: In practice, I use η = 0.1. Using this value, all 100 simulations converged.
Once again, I do not systematically explore the conditions for convergence.

Causal connections: The utility parameters of causal connections are calculated as
the excess impact of real connections and compared to phantom connections (see equations
28-29). As mentioned above, the estimated accuracy is low for cells with a small number of
observations. To account for that, I calculate

βcausaltxy,weak/strong = βtxy,weak/strong + max
(
min

(
βtxy,none − βtxy,phantom, β99%

)
, β1%

)
(D3)

where β1% and β99% are the 1 and 99 percentiles of βtxy,none − βtxy,phantom , weighted by
µtxyc.

Likewise, the utility of a causal connection is

pcausaltxy,weak/strong = ptxy,weak/strong ·max
(
min

(
ptxy,none/ptxy,phantom, p

99%
)
, p1%

)
(D4)

where p1% and p99% are the 1 and 99 percentiles of ptxy,none/ptxy,phantom , weighted by
µtxyc.
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