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Abstract

The aim of this paper is to provide new insights on the contribution of referrals to the
overall employment of workers, their commuting, residence, and employment
locations by linking the urban and social space. Using the well-known fact that
workers rely on their social contacts to find jobs, I develop a model in which workers
face a tradeoff between searching for employment outside their neighborhood of
residence driven by the strength of their social network and the commuting cost. The
model incorporates three key facts from the data: dual search methods (direct vs.
indirect), network congestion, and spatial mismatch. The model is extended to
capture first-order features of cities and to simulate the effect of shutting down job
referrals. Results suggest that networks may suffer from congestion effects, reducing
workers employability, particularly for immigrants, but allow workers to find better
matches. Overall, in the absence of job referral networks, unemployment, wages,
welfare, and output fall. However, in the case of immigrants, removing search
through the network increases welfare. The results suggest that referrals allow
workers to find jobs closer to where they live, avoiding the wage cost of commuting.
Shutting down referrals increases the frequency of commuting, especially for ethnic
groups.

Keywords: social networks; job search; urban structure; immigration.



1. Introduction

Both workers and firms report extensive use of referral networks in the job
search, with over half of jobs acquired using social contacts. However, locations in
which workers report using personal contacts to find jobs more intensively are also
those with higher unemployment rates (see Figure 1). This fact seems at odds with
standard theories of how referrals work in the labor market which have usually
abstracted from the spatial structure of job information networks. For instance, the
leading descriptions of the mechanism through which referrals operate in the labor
market, either through a reduction of search frictions by having workers share
information about job opportunities or as a screening device for the firm by
transmitting information about the quality of workers, generally predict positive
effects of referrals in terms of increasing the probability of being hired.

The aim of this paper is twofold. First, I model the interdependency between
the urban and the social space as part of the job search process, attempting to build
bridges between the search and matching literature and the urban spatial
equilibrium literature. The model incorporates three key ingredients from observed
facts in the literature:! (i) workers can find jobs through two distinct channels: by
directly learning about the job opening or through information received from a social
contact (indirect channel); (ii) search through the network is characterized by a non-
monotonic relationship between the job matching rate and the network size, making
clear the tradeoff between information diffusion and congestion forces that is seen in
larger networks; (iii) distance to jobs has a negative impact on workers’ search
outcomes, thus, linking the urban structure (i.e., the housing market) and the labor
market. Second, I develop a quantitative implementation of the stylized model and
provide new insights on the contribution of referrals to the overall employment of

workers, their commuting, residence, and employment locations.

1 These facts are presented in an accompanying paper (Mesa-Guerra, 2023).



Figure 1: Referrals and Unemployment in Space

(a) Employed workers (b) Job Seekers
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Notes: The Figure shows the spatial relationship between the use of referrals to find jobs and
unemployment across neighborhoods (Zonal Planning Units—UPZ) in Bogot4. Referral-use measures the
share of employed (or unemployed) workers who report having found (or are searching for) their current
job through friends, family, or acquaintances. Source: 2021 EMB.

There have been some attempts linking the urban and social space to
understand the effect of social interactions in workers’ labor market outcomes. The
first to my knowledge to model the link between labor and housing markets is Selod
& Zenou (2006). Although there is no explicit description of the mechanisms behind
the social network, they define the rate at which workers gather information about
jobs as function of local social connections and embed this in a linear city model to
explain urban segregation based on racial preferences. More recently, Zenou (2015)
provides an explanation for the mismatch between workers residential location and
labor outcomes using a monocentric city model—in the spirit of the Alonso-Muth-
Mills model.

Following these early contributions, in the first part of the paper, I embed
social interactions in a tractable general equilibrium framework of an urban labor

market. The basic structure of the model introduces an urban structure to a Markov



process of job search. In the model, both the social and geographical spaces are key
determinants of workers’ labor market outcomes. The main takeaway from the
stylized model is that commuting may be efficient for some workers because of search
frictions and spatial mismatch (i.e., increasing distance from suitable employment
opportunities). Workers face a tradeoff between searching outside their neighborhood
of residence given by the strength of their social network and the commuting cost.
Thus, workers will only search outside their neighborhood if their job finding
probability compensate the commuting cost.

The second part of the paper presents a quantitative version of the stylized
model. The model is extended to capture first-order features of the data while
retaining tractability. First, it allows for numerous discrete locations that differ in
residential amenities, resulting in more complex spatial interactions. Second,
workers choose optimal housing consumption and have idiosyncratic preferences for
residential locations which determines the distribution of the labor force. Third, it
allows workers to search for jobs anywhere around the city. As in standard urban
models, congestion forces are driven by an inelastic supply of land (or housing space)
and commuting costs that are increasing in travel time.

Using the tractability of model, I derive closed-form expressions for several key
moments that are calibrated to exactly replicate the observed data. Among these are
the fraction of workers living in each location and the fraction of currently employed
workers commuting to other locations within the city. To the best of my knowledge,
some of these expressions are new to the literature. In particular, the probability of
commuting between residential and workplace locations matches the ratio of job
finding probabilities for a given residential location. The quantitative model is then
used to estimate the extent to which referrals drive workers’ employment and urban
mobility patterns. I simulate the effect of shutting down job referrals and increasing
search efficiency through formal channels. This attempts to isolate the effects of
geographic proximity from information diffusion that is valuable for forming good
matches in the labor market. Results are presented for the total population and for a

sample of immigrant workers.



I find that referrals networks may suffer from congestion effects driven by
spatial mismatch, reducing workers employability, particularly for immigrants, but
allow workers to find better matches. For instance, when the network 1s absent, the
unemployment rate drops 0.1 percentage points for the complete sample and 0.9
percentage points when only looking at immigrants. These effects are consistent with
workers having to expand their job search range within the city and having their
outside option drop, which captures the value of unemployment. Unpacking the
aggregate effects, neighborhoods where referrals are used more intensively gain the
most when workers are not allowed to search for jobs using their social contacts.

In addition, simulation results indicate that around 0.2% of the observed wage
of all employed and 2.6% of wages of immigrant workers can be attributed to the use
of referrals, holding constant search efficiency through other channels. These results
are lower to recent findings in the literature do not seem to be explained by a lack of
job offers. Also, shutting down referrals increases the frequency of commuting,
especially for immigrants. Simulating an increase of a standard deviation in the
measure of direct access to job information increases commuting substantially for
both groups.

Overall, referrals account for 1.5% of workers’ welfare, 1.4% of the expected
utility of unemployment, and 3.3% of output in the city. However, in the case of
Immigrants, once we remove search through the network, welfare increases by 5.5%
with both the expected utility of search and output decreasing by 1.2% and 0.6%,
respectively.

Related literature. This paper contributes to the large literature studying the
effect of job referrals on labor market outcomes.2 One central challenge that has
proven difficult is distinguishing endogenous social interactions from sorting into

neighborhoods or social groups.3 Agents may choose who to be friends with, or where

2 Comprehensive reviews of the literature can be found in Ioannides & Loury (2004), Beaman (2016),
and Topa (2019).

3 The influential work of Manski (1993) discusses the problem of separately identifying correlated and
contextual effects (sharing the same sources of information or individual characteristics) from
endogenous social effects in empirical analysis.



to live, based on their expectation of the social interaction effect that we are trying to
estimate. Since both workers and referrals are not randomly assigned, estimates on
the effect of referrals are likely to suffer from bias resulting from individual sorting
on unobservable attributes. To address this concern some studies have relied on
exogenous variation in the use of referrals from experimental settings (Beaman &
Magruder, 2012; Pallais & Sands, 2016), random (or quasi-random) assignment of
workers to neighborhoods (e.g., Damm, 2014), or have used novel empirical strategies
that focus on very local interactions, e.g., at the block-level (Bayer et al., 2008;
Hellerstein et al., 2011; Schmutte, 2015). My contribution is to estimate the effect of
referrals through the lens of a model. By modelling the interdependency between
urban and social space, I will account for the sorting of immigrants within
neighborhoods.

The paper also complements the theoretical literature that has modeled
referrals as an information exchange mechanism in which potential employees
inform each other about job opportunities, reducing search frictions (Holzer, 1988;
Topa, 2001; Calvo-Armengol, 2004; Calvo-Armengol & Zenou, 2005).4 In particular,
referral networks may play a role in increasing the arrival rate of job offers,
1mproving the type of offers received, or the rate at which employers and jobseekers
are matched. I contribute to this literature by focusing on the geographical or spatial
dimension of networks and understanding how they are influenced by aggregate
market conditions.> Now, this paper is closely related to recent work by Lester et al.
(2021) who studies the effect of referrals on labor market outcomes through the lens
of a model, combining observed information on workers’ job search methods. Their
model adopts a flexible approach to modelling referrals that lets the data dictate the

relationship between job search methods and rate at which a worker meets a firm. In

4 An alternative way of how information can be exchanged within networks is by using referrals as a
screening device for the firm—i.e., transmit information about the quality of workers, as in
Montgomery (1991), Simon & Warner (1992), Galenianos (2013), and Dustmann et al. (2016).

5 Calvé-Armengol (2004) and Galeotti & Merlino (2014) are two examples in the literature that analyze
the influence of labor market conditions in the use and effectiveness of social networks in the job search
process.



contrast to his paper, I derive a specific micro-founded expression for the matching
function following Calvo-Armengol & Zenou (2005) and embed this in an urban
structure. This is needed to account for complex spatial interactions that mediate
through commuting patterns.

The paper also adds to the broader literature on the role played by social
networks in supporting new labor market entrants in their new locations,
particularly as it concerns to immigrants or rural-urban migration. For a broad
overview of this literature, I refer the reader to the surveys by Munshi (2014, 2020).
While large empirical evidence supports the fact that social networks affect the
spatial mobility of workers and their employment prospects, little is known about
their contribution to aggregate outcomes. Two recent studies have structurally
estimated the role of networks in determining migration decisions (Munshi &
Rosenzweig, 2016) and the growth of businesses (Dai et al., 2019). The contribution
of the paper to this literature is to estimate the aggregate contribution of networks
to labor market outcomes and urban patterns, and understand the differences
observed in the data in the use of referrals across groups.

Lastly, this paper contributes to the rapidly growing literature in urban
economics that closely maps models of internal city structure to the data. These
models are part of a larger literature on quantitative trade and spatial models (Eaton
& Kortum, 2002; Redding & Rossi-Hansberg, 2017). My starting point is the seminal
paper by Ahlfeldt et al. (2015). In contrast to the earlier theoretical contributions by
Fujita & Ogawa (1982) and Lucas & Rossi-Hansberg (2002) using linear and
symmetrical circular city models, respectively, Ahlfeldt et al. allow for numerous
discrete locations that can differ in their productivity, amenities, transportation
infrastructure, and supply of residential and commercial land.

This paper builds on the recent work introducing frictional labor markets into a
quantitative spatial framework (Kline and Moretti, 2013; Fournier, 2021; Bilal,
2023). Perhaps most closely related is the work by Fournier (2021), which embeds a
job search framework a la Diamond (1981) and Mortensen & Pissarides (1994) in an

urban quantitative model to study the spatial mismatch hypothesis. However, the



focus of that paper is more on the impact of spatial mismatch and place-based policies,
while my focus is more on the distinct effects of referrals. This paper also departs
from the literature by deriving an aggregate matching function that fails to exhibit
constant returns to scale, consistent with a large body of empirical work.

The remainder of the paper is structured as follows. Section 2 describes a simple
version of the model, using only two locations. Section 3 lays out the quantitative
implementation of the model and describes de structural estimation. Section 4

computes counterfactuals. Section 5 concludes.

2. The Model

The simple model presented here introduces an urban structure to a Markov
process of job search. While parsimonious, this framework intends to capture some
important factors that explain a worker’s residential and workplace location within
the city such as the presence of referral networks, commuting costs, consumption and
productive amenities, and individual preferences. This will allow us to understand
the conditions under which workers search for employment (and work) across
locations.

For ease of exposition, the model is presented in different building blocks. In
Section 2.1, I start by assuming workers’ residential location is fixed. In Section 2.2,
I introduce job referrals. Finally, Section 2.3 allows workers to choose their

residential location.
2.1. Fixed residential location and no referrals
The first part of the model bears similarity with Coulson et al. (2001). For the
moment, the model abstracts from worker’s preferences over tradable goods, optimal

housing demand and supply, and consumption amenities.

2.1.1. Setup



Consider a city comprised of two neighborhoods, 1 and 2. The city is populated
by a measure N of workers, each of whom inelastically supplies a unit of labor.
Workers are either employed or unemployed and only search for jobs when
unemployed. Assume workers residential neighborhood is predetermined and cannot
move (e.g., workers may be randomly assigned to neighborhoods) but workers are free
to search for jobs and work in either of the two neighborhoods. In addition to their
initial residential assignment, workers differ according to their relative “ability” to
find a job outside their neighborhood of residence, indexed by s € S =[0,1]. For
instance, this could reflect differences in the number of direct contacts that provide
information about employment opportunities. All agents are infinitely lived and
discount the future at the common rate p > 0.

Before proceeding, let me introduce some notation. Let Lj (Ujk) denote the
number of workers living in j who are employed (search for work) in neighborhood k.
Let Ng; = Nj; + Nj; denote the residential population at neighborhood j and N =
Ny + Ny denote the labor supply at workplace k, where N, = Lj; + Uj,. The number
of employed and unemployed workers living in j is Lg; = Lj; + Lj; and Ug; = Uj; + Uj,,
respectively. The number of employed and unemployed workers working or searching

for a job in k is Lgy = Ly + Ly, and Ug, = Uy + Uy, respectively.
2.1.2. Timing

Time is discrete and continues forever. At the beginning of each period, there
is a number of employed and unemployed workers and firms post V;, vacancies. I refer
to v, = Vi /Ng, as the job arrival or vacancy rate and assume V), < Ng. In each period
some workers find jobs, and some do not. The individual hiring probability of an

unemployed worker with search ability s is denoted by A;, (s, Ugk, Vi) = A (s). If an

unemployed worker finds a job, he starts working at the beginning of the following



period.b At the end of the period, jobs dissolve with probability &, which determines
the employment level at the start of the next period. Job separation is taken only to
depend on the general state of the economy and hence is treated as exogenous to each
location.

I will often omit the time subscript and focus on the steady state of this

dynamic model.

2.1.3. Workers

The indirect utility of worker i living in neighborhood j and commuting to

neighborhood k (either to work or search for a job) is:

Vijk = Wik — dji, 1)

where wj;, is the wage rate and dj; is the cost of commuting to work or search for a
job between residence j and workplace k. Let wy, = b > 0 denote the income equivalent
of the utility flow that a worker obtains when unemployed. This is assumed to be
derived from home production and is common across locations. Commuting costs are

assumed to be symmetric and non-commuters do not incur in commuting costs such

that dlz = d21 and dll = d22 = 0.

2.1.4. Firms

Consider a firm as a unit of production that can be filled by a worker. For our
purposes it does not make a difference if one interprets each firm as a single “job”
which hires one worker or if each firm can hire as many workers as it likes. Firms
may enter freely into each location but to find a worker a firm needs to post a vacancy

which involves a fixed cost g. Coordination failures or partial information about jobs

6 This has the practical implication of separating search outcomes in the current period with the payoff
of being employed.
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results 1n a “frictional” labor market, i.e., firms and workers do not meet

instantaneously.
2.1.5. Equilibrium

DEFINITION 1. A spatial equilibrium consists of a wage (wj,) and vacancies

posted (V) in each location, the number of workers commuting to each workplace

(Nik), the number of unemployed workers living in a given neighborhood who search
for work in each workplace (Uy,), and a critical search value (5), such that the labor

market and commuting equilibrium is solved for.

The labor market equilibrium requires solving for: (i) the wage and labor
market tightness in each location and (ii) the steady-state labor market equilibrium.
I first start by solving the labor market equilibrium and then proceed to solve for the
commuting equilibrium in order to derive the distribution of workers in each

neighborhood.
2.1.6. Wage determination and labor market tightness

Denote respectively by J ]Fk and JY the intertemporal profit of a filled job and an

open vacancy at the beginning of period t, and before vacancies are posted. Note that

]fk 1s the value of a vacancy posted in location k and filled by a worker from location
j. Define the expected or average probability of finding a job for an unemployed

worker searching in workplace k as 1, =Y j fs Ajx(s) ds. Then Ugr A, determines the
number of matches per unit of time in workplace k, and we can define f(6;%,s) =

Uek 7. as the probability for a firm of filling a vacancy in workplace k.7 Note that
Vi

Ugk/V 1s the inverse of the traditional definition for labor market tightness (6;).

7 Note that since a vacancy 1is filled by exactly one worker, in equilibrium, the number of vacancies
filled must be equal to the number of unemployed workers who find a job.
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The Bellman equations are given by:

2a
]]I':k,t =Yk — Wi T 1+o [(1 - 5)]]'Fk,t+1 + 5]1‘</,t+1] (22)
p
ft(GEl,S) 1 —ft(Gil,S) (2b)
vV _ _ F 14
Jet =—9 1+p Jjkt+1 1+p Jr,t+1-

A job already filled at the beginning of period t and before vacancies are posted
has a payoff (yk — ij) but the worker-firm match can be kept with probability (1 — &)
at the end of the period or can be destroyed with probability §, which implies Eq. (2a).
On the other hand, a firm opening a vacancy at the beginning of period t incurs in
cost ¢ which may be filled with probability f(8;',s) or remain unfilled with
complementary probability, which implies Eq. (2b).

At steady state, Jfp . = Jice1 = Jik Jie = Jiesr = Jx - Following the literature, I
assume that firms post vacancies up to a point where they yield zero profit, J{ =0
(free-entry condition). From Eqgs. (2a), (2b), and the free-entry condition, we can get

an expression for the labor demand curve at workplace location k (in the U, V plane):

e~ Eylw] g k=1,2. ®
p + 6 f(ek 'S)

Note that in contrast to the standard expression in the search and matching
literature (Pissarides, 2000), in this expression the job-filling rate depends on the
relative “ability” of workers to find a job outside their neighborhood.

I now turn to the dynamic problem of workers. Denote by ]]Ek and ]ﬁ( the
intertemporal utilities of an employed and unemployed worker, respectively. The

Bellman equations are given by:
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1 4a
Jier = Wik — dje + 1+, [(1 = &) fersr + 6T rsa] (12)

1 4b
]ﬁc,t =b- djk + m [Ajk,t(s) ]]Ek,t+1 + (1 - Ajk,t(s))]ﬁc,tﬂ]- (4b)

The first two terms on the right-hand-side of Eq. (4a) and Eq. (4b) represents
workers’ flow value when employed or unemployed, respectively. The last term in Eq.
(4a) reflects the expected lifetime value if an employed worker were to lose his job
with probability §. Similarly, in Eq. (4b), an unemployed worker living in
neighborhood j and searching for work may find a job in neighborhood k with
probability A (s). If he finds a job, he obtains a positive income stream equal to the
difference between the expected value of becoming employed in neighborhood k and
his current expected lifetime utility.

At steady state, ]jEk,t :]]Ek,t+1 :]]Eka ]ﬁc,t :]ﬁc,tﬂ :]ﬁc, and Aj. = Ajx. The

worker surplus is then given by:

1+p
p+ 8+ A (s)

]]Ek _]]l;( = (ij — b) k=1,2. (5)

The worker accepts any wage such that ]fk > ]ﬁc (i.e., when wy > b). The firm

accepts any wage such that ]fk >JY.

ASSUMPTION 1. Firms and workers bargain over the wage using a
generalized Nash-bargaining process, where workers have bargaining power f €

[0,1]:

B 1-B
wj, = Arg max(]]Ek _]ﬁc) (];Fk _]X) k=1,2. (6)
ij

Using Eqs. (2a) and (4a), the first-order condition satisfies:
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A=PUf —Jfk) =BUk—JK) k=12 (7)

Using the free-entry condition, Egs. (2a), (2b) and (5), and observing the
definition for f(6;',s), we have the wage-setting condition:

() Vi (®)

Wix =B (J’k t+g 7. UEk) + (1 = p)b.

In search-matching models, Eq. (8) is taken to be the labor supply curve which
1s upward-sloping. Since in equilibrium V,, and Ug, depend on the search ability of

workers, as does 4, the wage itself depends on s.
2.1.7. Steady-state labor market equilibrium
In steady state, flows in and out employment must be equal such that:
/Tijjk = 5(Njk - Ujk)' 9
where )_ij = fs Ajk(s) ds. This can be rewritten as:

é

U' =—_N ,
Jk 6_{_/1].’( Jk (10)

and job seekers in each workplace location Ug (residential location Ug;) 1s given by

summing Eq. (10) across residential locations j (workplace locations k). A steady-state
labor market equilibrium (Uh’ik(s),V,;" (s),wj*k(s)) 1s given by the intersection of the

labor demand and supply curves (Egs. (3) and (8)) and satisfying Eq. (10).
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2.1.8. Commuting equilibrium

ASSUMPTION 2. The individual job finding probability is A.(s), where

A;i(s) = (1 — s)A(Ugk, V) and A (s) = sA(Ugy, Vi) for s€ S, j =1,2, and j # k, where

A(Ugk, Vi) 2 0, A'(Ugy) > 0, N'(Vy) > 0, Ulim A(Ugk, Vi) = Vi, and Vlim A(Ugk, Vi) = Ug.
Ek—®© )

Without loss of generality and for ease of exposition, set b = 0. From Eq. (4a)
and Eq. (4b), the net present value accruing to a worker living in j who searches for

work in location k 1is:

v _1+p Ajk (s)
Jjk = Wik
p [p+8+Ax(s)

—dy| (11)

It follows from Eq. (11) that ]ﬁ{ is increasing in s for j # k. This indicates that
if commuting flows occurs in equilibrium, then it is done by those with the highest
relative search “ability” (i.e., those with the greatest value of s) as they have to bear

the cost of commuting. The following proposition follows from Eq. (11):

PROPOSITION 1. Given Ug, and Vy there is a unique critical value, 5 > 0, such that
every worker with search ability s € [0,5] optimally searches for a job at j = k (within
his neighborhood), whereas every worker with search ability s € (5,1] searches for a

job at j # k (outside his neighborhood).

The critical values s solves:

4j1(8)
v | .
I lp+6+lj1(§) Wjr =~ 4
1:5(3) (12)
_ j2 _ o
B lp+5+’1jz(§) wip —dp =Jh  Vji=12
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This is easily seen from Figure 2, which plots the value functions for
unemployed workers living in neighborhood 1, J; and J%, against search ability s €
S. Since A,,(s) is a decreasing function of s, J; is monotonically decreasing in s. On
the contrary, JY is increasing in s. A unique interior equilibrium solution for §*
requires that the wage net of commuting costs is large enough. Particularly, it

requires:

w; +46
Wik o, 4 4 L +0)
djk SAk

if j#k. (13)

Note that when Eq. (13) holds with equality, then we have a corner solution,
and all workers search only in their own neighborhood. Assuming search ability s is
distributed across workers according to a uniform distribution, the probability
density function is f(s) =1 for all s € S and the fraction of workers living in j who

commute to work or search for a job to k is:

J{ J:f(s)dsz_s‘ if j=k

N
Ik _
Ng; 1 ’ (14)
U f(s)ds=1-5 if j*k
5
and the local labor supply at each neighborhood k is:
NEk = le + NZk’ k = 1,2 (15)

2.1.9. Summary

A city is comprised of two neighborhoods. We have an initial allocation of
workers in the two neighborhoods and firms free entering each neighborhood. All the
workers do is just choose where to search for a job, which depends on the ability to

find a job outside their community. The wage is going to be determined by Nash

16



bargaining. The number of vacancies is going to be determined by free entry. And the
workers searching is just going to be determined by the initial allocation of workers
across the neighborhoods, which is exogenous. Then a fraction of them will decide to
search outside their neighborhood, which depends on the distribution of search
ability. In equilibrium, there’s going to be four wages, two numbers of firms in each
community which determines the number of vacancies, a distribution of workers

searching in each location, and a critical value for search ability.

Figure 2: Optimal Job Search

Jik

Why don’t we get an equilibrium where the number of firms entering just
clears the local labor market for residents in each neighborhood if the cost of entering
either one 1s the same? In other words, why don’t just firms enter in the two
neighborhoods such that no worker has to look for a job in the other neighborhood?
Because firms have different productivities in both locations and workers face
commuting costs. Thus, there is a mismatch, and some workers commute to the more

productive neighborhood or where more jobs (vacancies) are available. Therefore,
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commuting may be efficient for some workers. At the end, workers face a tradeoff
between the probability of finding a job and the commuting cost. So, workers will
move if their job finding probability compensate the commuting cost. If not, then it’s

not efficient for workers to search outside of their residential location.

2.2. Job search with social interactions

I now extend the basic framework to allow workers to use personal contacts
when searching for jobs. This follows Calvé-Armengol & Zenou (2005).

The labor market is modelled as one in which workers share job information
with social contacts. Unemployed individuals may find jobs through indirect (i.e.
referrals) or direct methods. The benefit of a worker of having social contacts is that
1t increases the probability of finding a job through an increase in information flows

about employment opportunities.
NETWORK STRUCTURE. Workers only interact with other individuals from
the same residential neighborhood and the network is assumed to be symmetric (i.e.,

the relationship between two connected members is reciprocal).

NETWORK SIZE. In each period, a worker randomly meets a group of s

workers among all his neighbors, with s < N;.
Note that I have changed the definition of s from Section 2.1.
2.2.1. Job search
At the beginning of each period, an exogenous number of vacancies V) are

posted in each workplace location. Firms only advertise vacancies using help-wanted

signs on their windows, which bears no cost, so job information is not equally
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available to everyone. Assuming an unemployed worker is not rereferred, he can only

know of an open vacancy if he walks past the firm.

following:

11.

11i.

1v.

INFORMATION DIFFUSION. The information transmission protocol is the

A worker (employed or unemployed) can directly learn about a vacancy at
location k with probability vy.

If the worker is unemployed, he takes the job (formal method).

If the worker is employed at k, he passes on the information to one of his
unemployed network members, with uniform probability.

If all members within the network are employed, then the job offer is lost.
Once the information arrives to an unemployed worker the vacancy is

immediately filled.

Let u; be the unemployment rate in neighborhood j and 7jy; the fraction of

workers from neighborhood j that work in neighborhood k. Because workers meet

randomly each period, on average, each worker living in neighborhood j meets su;

unemployed workers and (1—uj)s employed workers. The probability that an

unemployed worker living in neighborhood j is referred by a neighbor to a job in

workplace k 1s given by:

s1S
1-(1-w)
=—1—11-= B T S
9je($ ), ey i) = 1= |1 = vie(1 = )0, —— ,
j (16)
Prob. that none of his s contacts refers
unemployed worker i

where vk(l —uj)njk| j 1s the probability that an employed worker knows of a job

opening, 1 — (1 — uj)s is the probability that someone is unemployed, and 1/su; is the

probability that a particular worker gets the referral. It is trivial to see that qj is
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increasing and concave in s, with a global maximum at s,,,,, decreasing and convex

mn u]',

increasing and strictly concave in v, and 7.8 In an accompanying paper (Mesa-
Guerra, 2023), I provide evidence that the relationship between network size and the
job finding probability is non-monotonic.

Since unemployed workers find jobs using direct and indirect methods, the

probability that an unemployed worker living in j finds a job in k is now given by:

)ij(s, uj,njk,vk) =v,+ (1 —v)- qjk(s, uj,njk,vk). a7

Because this probability is independent across individuals, the number of
matches per unit of time (i.e., the matching function) in location k is given by

% AjxUjk. This contrast with the previous definition in Section 2.1.6.

2.2.2. Equilibrium with referral networks

Note that the properties of net present value for an unemployed worker given
by Eq. (11) are immediately deduced from the new definition of the individual job
finding probability given by Eq. (17). ]}{c 1s increasing between 0 and § and decreasing
between 5§ and Ng;.

Assume the probability of finding a job through direct methods is the same in
both neighborhoods (i.e., v, = v).

PROPOSITION 2. Fix u; and mj, and assume y; <y, holds,’ then it is possible
to show that for a set of values for {p, 8, v, Wik, djk} there exists a unique interior critical

value, s, such that every worker with a network size s < 5 optimally searches for a job
at j =k (within his neighborhood), whereas every worker with network size s >§

searches for a job at j # k (outside his neighborhood). And we can show that 5§ < S;,4,-

8 The proofs that give rise to these properties can be found in Calvé-Armengol & Zenou (2005).
9In an accompanying paper (Mesa-Guerra, 2023), I provide evidence that there is a wage premium for
commuting, i.e., the further workers commute, the higher their wages.
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As illustrated in Figure 3, both JY; and JY, are strictly concave function of s € S.
A unique interior equilibrium solution for §* requires that commuting costs are not

too large or too small.10

Figure 3: Optimal Job Search with Referrals

J1k

2.3.Allowing workers to choose their residential location

Up to this point workers’ neighborhood of residence was predetermined and
permanent but workers were able to commute between locations. I now relax the
mobility assumption and allow workers to also choose their residential location. I

adopt a variant of the Rosen-Roback-type model as in Kline & Moretti (2014) to allow

10 Particularly, it requires:

v
(m) Wiz —wyq) < dy,

pu + 8v + v + 2y 11,) (Wip — wip) + &(p 4 8 + 0) (oW — Tyawas) + E U (T Wep — TW1)
(p+8+v+&m)(p+8+v+&my) ’

<

where & = v —vu; —v? +v%u,.
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workers to have a “taste” for locations but distinguishing between place of residence
and place of work (or job search).l! The decisions of workers are modeled using

discrete choice.

2.3.1. Workers

Workers first choose a neighborhood to live in and then where to search for
jobs. Each worker inelastically supplies a unit of labor and rents a single unit of
housing. The indirect utility of worker i living in neighborhood j and commuting to

neighborhood k (either to work or search for a job) is now:

Vi]'k:Vij—djk—T}"i‘Aj‘Fe

v (18)

ij

where 7;

7 1s the local rent level and A; is the mean consumption value of local

amenities. Without loss of generality and for ease of exposition, set wy = b = 0. The
term v; measures the average worker utility of each residence-workplace pair
(common component across individuals) and e;; represents individual-specific
preferences for living in neighborhood j (idiosyncratic component). Thus, workers
have idiosyncratic preferences for residential locations but not for workplace
locations. Workers are imperfectly mobile within the city due to individual location
preferences and commuting costs. For instance, personal networks can create high
relocation costs.

The 1diosyncratic component of utility (e;;) 1s assumed to be 1.1.d. according to
a type I extreme value distribution with scale parameter u and mean zero. From the
properties of the extreme value distribution, the difference in idiosyncratic
preferences for neighborhood 1 and 2 is distributed across workers according to a

logistic distribution:

11 Kline & Moretti (2014) assume that locations are distinct labor markets, such that workers cannot
live in one area and work in another.
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(e — ei2)/p ~ logistic(0, 1), (19)

where u characterizes the importance of idiosyncratic preferences for locations. A
higher value of u implies a lower response to differences in the common component of
utility. Workers will require large differences in amenities, rents, or in the job finding
probability in order to move. To simplify the analysis, assume only unemployed
workers are able to relocate, meaning that an employed worker loses his job if he

decides to move.12
2.3.2. Housing Market

All housing units are owned by absentee landlords. Workers and landowners
are assumed to be separate agents.13 Assume that the number of housing units in
neighborhood j is equal to the number of workers choosing to live in the neighborhood
Ng;. I allow for upward sloping housing supply curves in each neighborhood as in
Kline & Moretti (2014). Assume the supply of housing is given by:

— nj
=3 NR j (20)
where 7; controls the elasticity of housing supply which is assumed to be exogenously

determined by geography and zoning regulations (Glaeser & Ward, 2009; Saiz, 2010).

2.3.3. Equilibrium

12 A similar approach is used by Fournier (2021). This assumption is also consistent with the fact that
a worker arriving to the city (e.g., an immigrant) usually first chooses where to live and then chooses
where to work.

13 Immigrant workers, especially those who arrived recently, usually do not own their residence.
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The new market equilibrium requires solving: (i) the residential location and
commuting flows that determine the rent outcome (urban location equilibrium) and
(i) a search and matching equilibrium that determines the flows in and out of
employment (labor market equilibrium).

The analysis proceeds through a process similar to backward induction. I start
by taking the optimal search results presented in Sections 2.1 and 2.2. Given where
workers search for jobs, I determine the fraction of workers living in each
neighborhood. I then derive the two key steady-state relationships: the equilibrium

rents and the steady-state level of unemployment in each location.
2.3.4. Urban location equilibrium

Given where workers optimally search for jobs (k*), an unemployed worker
chooses where to live to maximize his lifetime utility, taking as given local amenities,
rents, wages, commuting costs, and the location decisions of other workers. An

unemployed worker then maximizes (follows from Eq. (11)):

LA (Y

max, T ik @1
A worker chooses to live in neighborhood 1 if and only if e;; — €;5 > ¥, — V1p»,
where Vi« = @(Ajp)Wji- + 4; — 17 — djp» and @(Aj+) = Ajk*/(p + 6+ Ajk*). Given Eq.

(19), the probability that an unemployed worker lives in neighborhood 1 is:
- - Vigr = Vope
P(ej; —ejp S Vypr — V) =@ (T> ) (22)
where ®(-) = exp(-)/[1+ exp(-)]. Note that this expression is equivalent to the
fraction of unemployed workers who choose to locate in neighborhood 1, ug; = Ug,/U.

Other things equal, the fraction of unemployed workers in neighborhood 1 1is
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increasing in in the difference between the expected payoff if the worker finds a job
in k* net of rents and commuting costs (@A )Wypx — 11 — dixr) — (@ (Agp-)Wops — 15 —
d,;+) and in the difference in the mean value of amenities A; — 4,.

In equilibrium, the marginal unemployed worker must be indifferent between
neighborhoods; thus, his relative preference for neighborhood 2 over neighborhood 1

(e;» — e;1) must equal the difference in net present values (V;,+ — V,5+):

p® 1 (ugy) = @Ay IWir — @A IWaper — (ry — 1) — (dyger — dog)
(23)
+ (Al - AZ))

where ®~1(-) is the logit function. Given pu, positive changes in net expected payoffs
or amenities in neighborhood 1 creates migration from neighborhood 2 to

neighborhood 1.
To see the role played by job-referral networks and location fundamentals in
determining the population distribution across neighborhood, we can use Egs. (8),

(17) and (19) to rewrite the equilibrium condition:

.Uq)_l(um) = (P1r* — P2k )BYir + (@1 Ak — Por Aok ) (@i O/ (A + Agir))
— [31(Lgy + ug  U)™ — 3, (N — Lpy —up U)"2] — (dyg+ — dyp) (24)
+ (A1 — A4y).

Figure 4 illustrates the case in which the two neighborhoods are initially
1dentical in terms of amenities, housing supply, and the job finding rate (with respect
to workplace 2) so that half the workers live in neighborhood 1 and the other half in
neighborhood 2. Considering that employed workers cannot move (Lg, is fixed at the
beginning of each period), one can think of the upward sloping (blue line) as defining
the supply curve to neighborhood 1 while the downward sloping (red line) as the
relative demand to live in neighborhood 1 versus neighborhood 2. At point u*e the

marginal worker is indifferent between both neighborhoods. The shaded area
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measures all other workers’ expected payoff (except for the marginal worker)

associated with choosing the neighborhood they strictly prefer.

Figure 4: Population Distribution in Equilibrium

uA"(ug,)

'
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This figure was constructed by setting k* =2, u=1,p = 0.04,6 =002, =0.1,g =1,z =2 = 1,
M =1,=05, v, =002 =01, 6,=1, y,=10, 4, =4, =0, N=1000, U=100, Ly =
(N -U)/2.

Figure 4 can be used to assess graphically the effect of differences in referral-
networks and commuting costs on the distribution of workers between neighborhood
1 and 2. For instance, a larger difference (e.g., 10 percentage points) in the probability
of being referred to a job in neighborhood 2 for workers living in neighborhood 1
versus those living in neighborhood 2 increases the fraction of workers who choose to
live in neighborhood 1 (u*?). However, the fraction of workers choosing to live in
neighborhood 1 is decreasing in the value of the commuting cost (u*c); in Fig. 3 the
cost of commuting from neighborhood 1 to neighborhood 2 is modeled as being 20
percent of the nominal wage.

The equilibrium rent is given by re-arranging Eq. (23):
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7 = @A )Wikr — (Ao IWaper + 12 — (dyjer — dyger) + (A — Ay) — u®@ ™ (ugy). (25)
Equilibrium in the housing market is obtained by equating Eqs. (20) and (25).
2.3.5. Labor market equilibrium

In equilibrium, employment in each neighborhood has to be equal to the total
labor inputs used by firms. Because workers from different neighborhoods are

assumed to be perfect (and homogeneous) substitutes in production:

Lew = z Ljx (26)
7

The commuting clearing condition requires equating the measure of workers
employed in neighborhood k with the measure of workers living in j choosing to

commute to neighborhood k:

Lgx = Z Tk|jLrj - (27)

J

Now, the conditional commuting probabilities (njk| j) follows from Proposition
2. Finally, in steady state, the local unemployment levels are determined by flows in

and out of employment as there is no relocation of workers within the city:

Therefore, in steady state, the probability that a worker living in neighborhood
j is employed at workplace k (lj) must also be consistent with the ratio of

employment to local labor supply for each (j, k) pair:
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L: A (U ’q.k)
Ly = L= ekl (29)
& N; 5+Ajk(vkajk)

The literature has extensively shown that the decentralized market
equilibrium 1s not socially efficient because of the presence of both search and
network externalities. Either there is too much unemployment, creating congestion
for unemployed workers to find jobs, or there is too little unemployment, creating

congestion for firms to fill vacancies.

3. Quantitative Implementation

In this section, I show how to extend the stylized model laid out in Section 2 to
match observed data across locations (e.g., population, employment, rents, and
wages). This framework allows for more realistic features of cities and labor markets.
It incorporates an urban structure consisting of many locations which results in more
complex spatial interactions. This more general structure extends the standard urban
quantitative models by including labor market frictions with social interactions.14

Each location is unique in terms of amenities, match productivities, which are
extended to vary also by residential location, and geography, and has a supply of firms
(jobs). With spatial frictions, workers care more about some locations, especially those
locations that are closer. Forward-looking agents predict the implications of their
decisions in the future, not only in their location but everywhere in the city. Workers
choose optimal housing consumption and have idiosyncratic preferences for living in
different locations.

Another difference with the stylize model is that unemployed workers can
search for jobs in any location and do not incur in commuting cost. As workers can
search for jobs anywhere around the city, introducing commuting costs would add an

extra layer of complexity without adding further insights. However, since workers

14 See Ahlfeldt et al. (2015) for a standard presentation of an urban spatial equilibrium model that
captures first-order features of the data.
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are endowed with a unit of time, the model introduces a measure of direct information
access about vacant jobs across locations. I allow the match output of a filled vacancy
to be specific to a residential-workplace pair. Finally, I move away from the discrete-
time model and introduce its continuous-time counterpart in order to simplify some
of the derivations and be consistent with the literature; the solutions are virtually
identical.

In Section 3.1, I give an overview of the model. All derivations are shown in
Section A.1 in the Online Appendix. In Section 3.2, I describe the structural

estimation procedure.

3.1. Model

Consider a closed city populated by a measure N of workers, composed of both
employed L and unemployed U workers. The city is composed of multiple distinct
locations. Residential locations are indexed by j, while k indexes work locations.
Locations differ in terms of their residential and productive amenities, supply of land,
social networks, and commuting times between any two locations within the city.

Jobs are filled probabilistically via a matching function. With probability vj, =

0, v an unemployed worker living in j hears about a vacant job in k directly, where

Vg = Vi /(Lgy + U) is the job arrival or vacancy rate in workplace k and 0 is a
measure of direct access to job information about available jobs.1> However, workers
may also hear about vacancies through indirect methods (referrals). As described in
Section 2, the matching function is characterized by a non-monotonic relationship
between the job finding rate, 4, and the network size, s.1¢ In very large networks,
on average, unemployed workers hear more about available jobs through their social

network but, at the same time, it is more likely that multiple job opportunities reach

15 The measure of direct access to job information can be interpreted as information loss (for values
lower than 1) and may be a function of distance between locations or search efficiency. I calibrate this
directly using the structure of the model.

16 Although the matching functions fails to be homogeneous of degree one it is increasing and strictly
concave in both the number of unemployed workers and job vacancies.
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the same unemployed worker, slowing down information diffusion and the matching
process. Workers are assumed to only search when unemployed.

Whether searching or employed, workers maximize utility over consumption
of a single final good, chosen as the numeraire, and consumption of housing, for which
they pay rent, r;. In contrast to the stylized model presented in Section 2, each
location is endowed with a fixed supply of housing space owned by absentee landlords,
H;, and workers spend a fraction (1 —a) of income on housing. In addition, workers
have idiosyncratic preferences shocks over residential locations which are drawn
from an independent Gumbel distribution. As before, workers are imperfectly mobile.
Unemployed workers are free to locate anywhere but, after finding a job, workers
cannot relocate to reduce commuting costs.17 After choosing a residential location,
workers enjoy the mean value of amenities A;, which is assumed to enter
multiplicatively in the value function.

When employed, workers receive a wage, wj,, and pay a commuting cost which
is modeled as a reduction in effective units of labor, dj, = exp(ktj). When
unemployed, workers receive unemployment benefit b and do not incur in commuting
cost. In steady state, workers do not move, and the unemployment rate w; = U;/Ng;
in each location will be determined by equating flow rates in and out of employment.

Firms may post vacancies which entail a fixed cost g. When a vacancy is filled,
it creates a match output y;,. Wages are set via Nash bargaining over the match
surplus and worker’s share of the match surplus is . Matches may be split at an
exogenous rate 6. Free entry of firms drives the value of an unfilled vacancy in each
workplace location to zero.

Finally, workers and firms are risk neutral, infinitely lived, and discount

future payoffs in continuous time at rate p.

17 This assumption implies that employed workers do not sort into neighborhoods or networks based
on information received by the worker at the work location. In other words, workers do not choose to
live close to their new colleagues after finding a job but may end up working together with others from
the same residential location.
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DEFINITION 2. Given  the model’s parameters {a,k,p,6,p, sj},

unemployment benefit b, exogenous location-specific characteristics {A,H,y,g,t}, and
total city population N, the steady-state general equilibrium of the model is
characterized by the vector {r,V,w, A, Ny, g, mt}.

The following seven relationships characterize the equilibrium vector:

(1) Housing market clearing:

No:
r=~0-a) H—R; [(1 — uj) (Z T[ﬁqj(wjk/djk)) + u;b|. (30)
K
(11)  Equilibrium entry condition:
Eyj[yje = wie] _ gV (31)
(111) Wage-setting condition:
-1
(Tj)a Ak Wik (32)
e+ (1 - +8)b + YL
.By]k ( .8) (p+6+2k/1jk) (,0 ) Zk djk
Wik = a-1,_4
B+-p(r) dy
(iv)  Job-finding probability:
1-(1-u)"\"
Ajk = Ujk + (1 — Ujk) [1 — (1 — Uk(l - u])ﬂﬁd} (s-u- ]) ) “ (33)
j Y

(v)  Labor market clearing:
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_ 0+ Tk,

R =——% U (34)
(vi)  Residential choice probability:
_exp [Aj(rj)a_l(p +68+ /Tj)_l ((p + 8)b + Zfé:lljkwjkdﬁ(l)]
R Y5 1 €xp [Af(re)“_l(l) +46+ L’)_l ((P +8)b+Yi_, MkWekdEkl)] . 4
(vit)  Commuting probability:
e _Lik_ 4 Aji (36)

T = — = =,
U L S 4

And populations add up to the city total, i.e., N = ¥ ; Ng;.

As shown by Ahlfeldt et al. (2015), in the absence of endogenous agglomeration
forces, commuting costs and the inelastic supply of housing act as congestion forces
ensuring the existence of a unique equilibrium. Under strictly positive, finite, and
exogenous location characteristics there is strictly positive and finite values of both
wages and rents in equilibrium such that some workers commute to and some
workers live in a particular location. Complete specialization (i.e. zero residents or
commuters) would imply A; = 0 or y, = 0.

In this case of endogenous agglomeration forces, however, there is potential for
multiple equilibria. A worker’s location choice depends, among other things, on the
job finding probability which in turn depend on the location and search decisions of
all workers. Thus, agglomeration forces are captured by network externalities. The
structure and size of the network of social contacts affects workers’ residential
choices. This reflects the fact that, for example, immigrants may prefer to live close
to other immigrants in the hope of getting more information about available jobs.
These externalities impose structure on how amenities (in a broad sense) in a given

location are affected by the characteristics of other locations and create spillovers to
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neighboring locations through commuting. As described in Section 3.2, by
conditioning on a set of parameters and a combination of observed endogenous
variables and fundamentals, the equilibrium conditions of the model determine

unique values of the unobserved location-specific characteristics.

3.2. Structural Estimation

This section describes how the equilibrium conditions presented in Section 3.1
are used to obtain unobserved amenities, housing supply, productivities, and entry
costs that rationalize the observed data as an equilibrium of the model. The
calibration and estimation of a subset of parameters without solving the full model is

also discussed.

3.2.1. Data description

The quantitative implementation of the model requires data on employment
and unemployment by place of residence, commuting flows and commuting times
between locations, wages across locations, and rents. I use data from the 2021
household survey for Bogota (Colombia), Encuesta Multipropésito de Bogota—EMB.
The EMB provides information for more than 100 thousand households, including
detailed demographic and employment information for all working age individuals.
The employment information includes direct information on referrals and job search
methods, the residential location of all workers, and the place of work (up to the
census block). Since the EMB contains geocoded information on the place of work for
only 35% of the sample of employed workers,'8 I use the observed commuting
probabilities between pairs of locations and total employed population in each

location to input the remaining commuting flows.

18 An additional 29% of the sample has imputed zeros as coordinates for the workplace location. In the
case of immigrant workers, 40% of the sample has precise information on the workplace location with
an additional 38% reporting zeros as coordinates.
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Data for Bogota is available at different levels of spatial disaggregation. The
finest available disaggregation are blocks, followed by sectors which are similar to a
U.S. census tract, planning zones (UPZs), and localities. Because the backbone of the
analysis 1s the geographical information for each residential-workplace pair, which
requires a large enough sample of workers across pairs, the primary geographic unit
used in the analysis are UPZs. These planning zones consist of large neighborhoods
that share common socio-economic characteristics and are often used to coordinate
urban development policies. UPZs have an average size of 366,262 square meters and
an average population of 69,684 in 2021.

I will present results using information on all working-age workers and
immigrants, for which I will consider only information for Venezuelan-born
immigrants. Between 2015 and 2021, Colombia received over 1.7 million Venezuelan-
born immigrants, representing about 4% of the Colombian population. About 20% of
the total stock of immigrants established in Bogota.

Finally, additional data to calibrate some of the parameters of the model comes
from the Colombian labor force survey (Gran Encuesta Integrada de Hogares, GEIH).
I use data from 2014 to 2021.

3.2.2. Parametrization and estimation of structural parameters

I calibrate the model at a monthly frequency. Parameters {a, K,p,5,,3,5j} and
unemployment benefit b are either taken directly from existing values from the
literature or estimated directly from the data.

The discount rate p is set to 0.004 to match an annual discount factor equal to
0.95 or equivalently a 5% annual interest rate. I follow the methodology proposed by
Shimer (2005a) to estimate the separation rate, §, using the GEIH data. The monthly

average value over the sample period is 0.033 (or 3.3%).
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I estimate the share of housing expenditure in workers’ income, 1 — a, using
data for Bogota from the GEIH.!® Estimates show that housing consumption
represented 30% of total household income on average over the sample period. This
value 1s close to those found in the literature. Based on this, I set « = 0.7 to match
the long-run expenditure share. Common values for the bargaining power, 3, either
calibrated or estimated, generally range between 0.05 and 0.15 in the literature (e.g.,
Hagedorn & Manovskii, 2008; Card et al., 2013, 2018; Jager et al., 2020). I present
estimates using a value of 0.1.

Using trip-level data for Bogota from the 2015 Mobility Survey, Tsivanidis
(2019) estimate the rate of spatial decay or disutility from commuting, k, using a
mode choice model. His estimate of x = 0.012 is very similar to estimates in the
literature, particularly the value of 0.01 reported in Ahlfeldt et. al. (2015).

The network size, s;, is taken to maximize the probability of finding a job

j s
through the network using a standard optimization algorithm that searches over
possible alternative values for the parameter vector. Finally, the flow value of

unemployment, b, is set to zero.20

3.2.3. Model inversion

The model can be used to recover unobserved location characteristics, such as
amenities or productivities. Regardless of whether the model has a single equilibrium
or multiple equilibria, with values on a set of parameters and observed data, the
equilibrium conditions of the model can be used to determine unique values of the

unobserved location-specific characteristics.

19 T use all reported income earned by all members of a household during the month of the survey.
Housing expenditure is defined as monthly rent, so only households renting a unit are included.

20 Colombia does not have universal unemployment insurance. Using match observed data on the
average value of government transfers in the city does not affect the results.
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PROPOSITION 3. (i) Given data on total population {Ng} and unemployment
{Ug} by residence, commuting flows {L}, rents {r}, wages{w}, and travel times between
locations {t}, in addition to a known value for the separation rate {5}, there exist a
unique vector of job finding probabilities {A} that is consistent with the data being an
equilibrium of the model.
(it) Given data {Ng, Ug, L, r,w, T}, known values for the parameters {a, k, p, 5, B}, and a
vector of job finding probabilities {1}, there exist unique vectors of unobserved location-
specific characteristics {A,H,y,g,0} that are consistent with the data being an

equilibrium of the model.

Since we have the same number of observed endogenous variables
{NRj Uj, ij,rj,wjk} as unobserved location characteristics {Aj, Hj,yk,gk,ejk},
Proposition 3 implies that the model is exactly identified (i.e., there are zero degrees
of freedom). Therefore, we cannot evaluate the performance of the model using the
observed data because unobserved location characteristics are calibrated so as to

guarantee that the model exactly rationalizes the data. Nevertheless, since the model

rationalizes the observed data, it can be used to compute counterfactuals.

4. Counterfactual Analysis

In this section, I start by using the calibrated model to explore the contribution
of networks on employment, wages, and the patterns of urban mobility. To do so, I
start by simulating the implications of shutting down the network (sj - O) and
evaluate the labor market outcomes and resulting residential location. I assume that
shutting down the referral channel has no effect on the arrival rate of job offers
through direct channels. I then simulate the effect of shutting down the network but
increase the measure of information access between residence-workplace pairs by one

standard deviation, 0, + g¢. This captures the fact that while referrals are no longer
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a channel to get information about job offers, workers might search more efficiently
using the direct channel.

As discussed above, endogenous agglomeration forces create the potential for
multiple equilibria. When solving for counterfactual equilibria, I follow the literature
and assume the selection rule of solving for the closest counterfactual equilibrium to
the observed equilibrium. This is done by using the observed equilibrium values as
the initial guess to start the algorithm described in Section A.3 in the Online
Appendix.

Table 1 reports the changes (relative to the observed equilibrium) in the
aggregate unemployment rate, the average monthly wage (conditional on being
employed), and the commuting frequency of workers. Several interesting facts emerge
from the simulations. First, and perhaps most striking, referrals seem to constraint
workers’ ability to find jobs. Shutting down referrals slightly reduces the
unemployment rate for the total population but decreases it by roughly 1 percentage
point when only looking at immigrants. One possible explanation is that workers
living in locations that rely more on referrals to find jobs and have higher
unemployment (as seen in Figure 1) now have an incentive to expand their search
range or relocate within the city, increasing the probability of finding a job. Another
possible explanation is that because workers cannot find jobs using their personal
contacts, workers outside option declines, increasing the acceptance rate of offers.
Assuming that unemployed workers search more efficiently while the network is
absent (counterfactual (b)) reduces even further the unemployment rate.

Figure 5 plots the changes in log unemployment in each neighborhood (UPZ)
from shutting down the network against the fraction of workers who report in the
data having used referrals to find their current job. Panel (a) shows that
neighborhoods where referrals are used more intensively gain the most when workers
are not allowed to search for jobs using their social contacts. Panel (b) shows larger

and more persistent patterns for immigrants.
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Table 1: Change in Unemployment, Wages and Commuting

Outcome
Exercise Unemployment Average monthly Commuting
rate wage (COP) frequency

Panel A. Total population

Benchmark 13.2% $2,718,214 81.6%
(a) Shut down referrals (s; - 0) —0.1 pp. -0.2% —2.9 pp.
(b) Shut down referrals (s; - 0) and 0, + g —1.5 pp. +2.4% +14.7 pp.
Panel B. Immigrant population

Benchmark 13.2% $1,602,207 65.2%
(a) Shut down referrals (s; - 0) —0.9 pp. -2.6% +4.3 pp.
(b) Shut down referrals (s; - 0) and 0, + og —2.0 pp. +2.1% +22.4 pp.

Notes: The Table reports estimates from counterfactual exercises based on the calibrated model for
neighborhoods in the city. Panel A reports results using the total population (employed and unemployed) in the
Bogota. Panel B reports results using only information about immigrants. Results are reported for three
outcomes: the aggregate unemployment rate, the average monthly wage, and the fraction of workers who
commute to work to a different neighborhood. Average wage is weighted by the employed population in each
neighborhood. Results are presented as percentage point changes (pp.) or percent changes relative to the
observed equilibrium. In each panel, the top row reports the observed equilibrium results (benchmark).

Figure 5: Change in Unemployment from Shutting the Network

(a) Total Population (b) Immigrants

Change in Log Unemployment
Change in Log Unemployment

3 4 5 6 7 2 4 6 8 1
Referral-use, data Referral-use, data

Notes: The Figure shows the change in the log unemployment level between the observed equilibrium
and the first counterfactual, which removes the network, against the fraction of workers who report
having found their current job through personal contacts. I plot the local polynomial smoothing along
with the 95% confidence interval. Panel (a) presents results for the total population, while panel (b) uses
only information on immigrant workers.

38



Second, results suggest that referrals do not have a large effect on wages when
using the complete sample, with only 0.2% of the average wage being explained by
the use of referrals. However, using only the sample of immigrants suggest that
approximately 2.6% of a workers’ wage can be attributed to the use of referrals,
holding constant search efficiency through other channels. Both results are lower to
the overall estimates presented by Lester et al. (2021) in a sample of U.S. workers,
but the results for immigrants presented here lie somewhere in between their
estimates of the effect of business referrals and referrals from friends and family.
Considering that in the absence of referrals workers are less likely to be unemployed,
a drop in wages does not seem to be explained by a lack of job offers. Results seem to
suggest that referrals allow for matches closer to a workers’ residential location in
the case of immigrants. Now, simulating an increase of a standard deviation in the
measure of direct access to job information increases commuting substantially.

Consistent with the latter, results in the third column imply that referrals
allow immigrant workers to find jobs closer to where they live, avoiding the wage cost
of commuting. Shutting down referrals increases the frequency of commuting by
about 4 percentage points for immigrant workers but reduces commuting by 3
percentage points for the total population. These effects are consistent with empirical
evidence on the commuting patterns of immigrant workers. Since immigrants are
more likely to work closer to home (35% of immigrant do not commute to work outside
their neighborhood of residence relative to just 18% using the whole sample), in the
absence of suitable employment opportunities closer to a workers’ place of residence—
likely coming from referrals, unemployed workers increase their search outside their
own neighborhood.

Finally, Table 2 reports changes in workers’ welfare, the expected utility of
search (defined by Eq. A.17), and output.2! Overall, referrals increase welfare by
1.5%, the expected utility that unemployed workers get from searching by 1.4%, and

output in the city by 3.3%. These effects, however, are dissipated once we allow for

21 The welfare function maximizes the utility of employed and unemployed workers discounted over
time.
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an increase in the rate at which workers find jobs through formal methods.
Strikingly, once we remove search through the network, welfare increases by 5.5% in
the case of immigrants, but both the expected utility of search and output decrease.
These results suggest that immigrant networks may suffer from congestion effects,

reducing workers employability, but allow workers to find better matches.

Table 2: Change in Welfare, Utility of Search and Output

Outcome

Exercise Welfare Utility of search Output
Panel A. Total population

(a) Shut down referrals (s; - 0) -1.5% —1.4% -3.3%
(b) Shut down referrals (s; - 0) and 0, + g +22.2% +16.6% +27.4%
Panel B. Immigrant population

(a) Shut down referrals (sj - 0) +5.5% -1.2% -0.6%
(b) Shut down referrals (sj - 0) and O + gg +7.0% +5.0% +14.9%

Notes: The Table reports estimates from counterfactual exercises based on the calibrated model for
neighborhoods in the city. Panel A reports results using the total population (employed and unemployed) in the
Bogot4. Panel B reports results using only information about immigrants. Results are reported for three
outcomes: workers’ welfare, the expected utility of search, and output. Results are presented as percent changes
relative to the observed equilibrium.

5. Conclusion

The model presented provides a mechanism explaining why locations in which
workers rely more on personal contacts to find jobs are also those with higher
unemployment rates. As networks suffer from congestion effects driven by spatial
mismatch, particularly for ethnic minorities, workers are faced with fewer suitable
employment opportunities. Because the use of personal contacts dominates the
search process, it is costly for unemployed workers (in terms of time and access to
information) to commute around the city to search for jobs directly. If workers mainly
rely on their personal contacts and these are increasingly unemployed or working
closer to where they live, then job opportunities are limited for the large pool of

unemployed workers, creating congestion in the diffusion of job information.
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By modelling the interdependency between the urban and the social space and
evaluating the implications of spatial frictions in the location and movement of
workers and jobs, we can uncover new mechanisms that determine the access to good
jobs. The findings presented in this paper suggest that labor market interventions
targeting high unemployment and dense areas by increasing the access to
information about suitable job opportunities may be welfare-improving.

Finally, future research could assess and empirically measure the optimal
network size (or population density) across neighborhoods, particularly in the

presence of ethnic enclaves.
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A Quantitative Implementation Appendix
A.1 Model

Geography. Consider a closed city populated by a measure N of workers. The city is
composed of L distinct locations, indexed by j, k € {1, ..., L}. Residential locations are
indexed by j, while k indexes work locations. Each location can be thought of as a
neighborhood or, to a smaller scale, a block within the city. Locations differ in terms
of their residential and productive amenities, supply of land, social networks, and
commuting times between any two locations within the city.

Preferences. Workers derive utility from the consumption of the single final good
(cj), chosen as the numeraire, and consumption of housing (hj), for which they pay

oL . . c\% 7 by \17@
rent (r;). Utility is assumed to take the take the following form: (;’) (—’) , 0<

1-a
a < 1. At the same time, workers have idiosyncratic preferences shocks (eij) over
residential locations which are independently and identically distributed across
individuals, locations, and time.

The budget constraint faced by a worker depends on his employment status.
When employed, a worker’s income depends on the wage rate (ij) net of the cost of
commuting to work from j to k, dj = exp(ktj) € [1,00), which is modeled as a
reduction in effective units of labor and is increasing with travel time (Tjk).l If the
worker 1s unemployed, he receives an unemployment benefit or value of home
production (b) and does not incur in commuting cost.

The indirect utility of a worker, conditional on their employment status, can
be expressed as:

VlEjk = Wijk (rj)a_ldj_1 )

(A.1a)

vl =b(r)". (A.1b)

As workers alternate between employment and unemployment their intertemporal
utility varies over time. Assume that workers and firms are risk neutral, infinitely
lived, and discount future payoffs in continuous time at rate p.

In steady state, the Bellman equations for both employed and unemployed
workers before 1idiosyncratic shocks are realized are given by:

pI5 = wi(1) T dit + 8(Y - J5), (A.22)

1 Modeling commuting costs as a reduction in effective units of labor is equivalent to introducing these
instead as a reduction in utility as in standard models.



plf = b)) + Z YeUje =J7') (A.2b)

kel

where § is the job separation rate and A, is the probability that a worker living in j
finds a job in k. In the continuous time case, § is interpreted as shocks occurring
according to a Poisson process. Replacing (A.2a) in (A.2b) gives:

(Tj)a_l AjreWjk
oV =—22 [ (p+6)b+ § (A.3)
ik

where /Tj = Yker Ajk 1s the probability that a worker living in j finds a job anywhere in
the city

Housing supply. In contrast to the stylized model presented in Section 2, each
location j is endowed with a fixed supply of housing space (Hj) owned by absentee
landlords.2 Utility maximization implies that workers spend a fraction (1 — a) of
income on housing. The housing market clearing condition expresses the rent price
as a function of the supply of housing space:

X;Ngj

H;

ri=(-a) (A.4)

where X; is the average income of residents living in location j.

Production. Firms post V, vacancies in each neighborhood. The Bellman equations
for a filled vacancy with match output yj, and an unfilled vacancy with fixed cost g
in workplace k are:

plik = Yik — Wik + SU¥ = i), (A.5a)
plk = =g+ fils,wv)Ui —J§), (A.5b)
where fi.(s,u,v) = 272 i the job filling probability. By assumption, firms enter
k

freely up to the point where the value of opening a vacancy is zero in each workplace
location, J{ = 0. From Egs. (A.5a), (A.5b), and the free-entry condition, the demand
for labor at workplace location k is given by:

2 This assumption greatly simplifies the quantitative implementation as otherwise one would require
data on housing supply elasticities across locations. Monte et al. (2018) show that results are robust
to introducing positive developed land supply elasticities.



E: v, —w: A.6
ulyie = wik] __ 9 vk € L. (A.6)
p + (S fk(s)qu)

Wage setting. In each period, wages are set using a generalized Nash bargaining
over the match surplus, so that:

BUL—I) = =-RUE-1)) (A.7)

where f is the worker’s share of the match surplus. And the wage-setting condition
is given by:

By + (1 =P, (A.8)
Wik = a—1 :
B+A=PB(r) dy

where (; is the value of workers outside option (i.e., value of unemployment) which
1s defined as in Eq. (A.3).

Job acceptance. Workers will accept any job offer in which the expected utility that

they would get by taking the job is higher than the utility they would get by remaining

unemployed. Therefore, the reservation wage, w', is implicitly defined by the

J
equality:
(W) =J7. (A.9)

That is, an unemployed worker will take a job if and only if wy > Wﬁ(, with the
reservation wage given by solving for wj:

Wik _ (p 4 8)b + Tier AW diz! (A.10)

Under the optimal job acceptance rule, the flow value of accepting a job must equal
the opportunity cost of remaining unemployed. The payoff of being employed is equal
to the wage rate net of commuting costs, while the opportunity cost is a function of
the value of home production and the expected payoff from future matches.

Search and matching. Workers are assumed to only search when unemployed.3
Workers are assumed to hear about job vacancies both through formal and informal
methods (i.e., referrals). Thus, unemployed workers can also learn about a job

3 This implies that there is no on-the-job search. While this assumption does not greatly affect the
analysis, as job-to-job transitions do not directly change the level of unemployment, it keeps the model
tractable and facilitates the calibration.



opportunity through their employed friends. The probability that an unemployed
worker living in j finds a job in k is given by:

Ajk(s, uj,n]-k,vk) =vj + (1 — vjk) . qjk(sj,uj,njk,vk) (A.11)

where vj, = 0;, vy 1s the probability that an unemployed worker living in j finds a job
in k directly, vy is the vacancy rate, which is defined as v, =V /(Lg + U), 0j is a
measure of direct access to information about available jobs , and g (s, j, Tk, Ux ) 1s
the probability that an unemployed worker finds a job through the network, which is
given by Eq. (16) in Section 2.2.4

When searching for jobs across locations, workers may find vacant jobs
directly, but since workers are endowed with a unit of time, the further a job is located
from the worker’s place of residence, the less likely he is to learn about it using formal
search methods. Thus, job opportunities are lost at a rate that depends on the
distance between locations.

Assume also that networks are delimited by place of residence, such that an
unemployed worker is in direct contact with s; < Ng; other workers, who can be either
employed or unemployed.?

In labor markets with search frictions, flows in and out of employment must
equal in steady state:

And the number of workers living in j must be consistent with:

Np; =U; + z Ljy (A.13)
kel
Which can be rewritten as:
8+ 4
R =5 f (A.14)

Mobility. As before, workers are imperfectly mobile. Unemployed workers are free
to locate anywhere but, after finding a job, workers cannot change their place of
residence to reduce commuting costs. After choosing a residential location, workers
enjoy the mean value of amenities A;, which is assumed to enter multiplicatively in

the value function. Therefore, after the idiosyncratic shock is realized, unemployed

4 The measure of direct access to job information can be interpreted as information loss (for values
lower than 1) and may be a function of distance between locations or search efficiency. I calibrate this
directly using the structure of the model.

5 Since I don’t observe individual networks in my data, I define networks based on geographical
boundaries. Now, this is consistent with the empirical evidence.



workers pick their neighborhood of residence j to maximize their intertemporal value
function and mean value of amenities:

U

Idiosyncratic preferences for living in different locations (el- j) are drawn from
a Gumbel distribution, F (ei j) = exp (—exp(—ei J)) Using the properties of the extreme

value distributions, the probability that an unemployed worker chooses to live j is
given by:

exp [Aj(rj)“‘l(p +5+ /Tj)‘l ((,0 +8)b + Zﬁ=1ljkwjkdﬁcl)] o, Ao
L exp [Ae(n»)“‘l(p +6+ L)_l ((p +8)b+ Zﬁ:ﬂbz\fwjkd{?kl)] o :

T[Rj =

Since all workers face the same choice when unemployed, the residential choice
probability must equal the fraction of workers who choose to live in neighborhood j,
v Y _
T[Rj = T[Rj = NR]/N
In equilibrium, the population mobility condition implies that the expected
value of unemployed workers must be equalized across all locations with positive
population and equal to the constant J. Given the Gumbel distributional assumption,
the expected value of unemployed workers can be written as:

L
E [max(p]}-’Aj + eij)] =y +In Z ;)= J (A.17)

jeL
j=1

where [E is the expectations operator and the expectation is taken over the
distribution of the idiosyncratic component of utility, and y is the Euler-Mascheroni
constant.

Commuting. The commuting clearing condition requires that the number of workers
employed in neighborhood k (Lg;) equals the sum across all residential neighborhoods
j of the number of employed workers living in j (L R j) times their conditional
probability of commuting to k (7fy,;):

c
Lgy = Z Tt LRj - (A.18)

j=1

Using the steady state labor market equilibrium (A.12), the probability that an
employed worker commutes to work to neighborhood k conditional on living in
neighborhood j can be written as:



E _ ij _ ( k/S)U A’k

j
i i = ==, (A.19)
Ly T SO0},
Expected income. The average income of workers living in j, as introduced in (A.4),
is equal to the average income of employed workers times the probability of being
employed plus the income of unemployed workers times the probability of being
unemployed:

%=(1-w) (Z nﬁqj(wjk/djk)) + u;b. (A.20)

kel

The average income for employed workers living in j is equal to the sum of
wages net of commuting costs in all possible workplace locations weighted by the
conditional commuting probabilities.

Equilibrium. Having characterized the equilibrium behavior of agents within the
city, I can proceed to define the equilibrium of the model. In what follows, I use bold
math font to denote vectors or matrices.

DEFINITION A.1. Given the model’s parameters {a, K,p,0,pB, sj}, the constant
J, unemployment benefit b, exogenous location-specific characteristics {4,H,y, g, 1},
and total city population N, the steady-state general equilibrium of the model is
characterized by the vector {r,V,w, 1, Ng, g, nt}.

The seven elements of the equilibrium vector are determined by the following
system of seven equations: housing market clearing (A.4), equilibrium entry condition
(A.6), wage-setting condition (A.8), job-finding probability (A.9), labor market
clearing (A.12), residential choice probability (A.14), commuting probability (A.17).
And populations add up to the city total, i.e., N = Z]L- Ng;.

A2 Determining {4,H,y, g, 0} from {a,x,p, 6,5, sj} and the Observed
Data

The model can be calibrated to recover unobserved location-specific
characteristics {A4,H,y,g,0} given known values of the model's parameters
{a,x,p,8,B,5;} and the observed data {Ng, Ug, L, v,w,7}. Unobserved location-specific
characteristics can be recovered as structural residuals of the model as there is a one-
to-one mapping from the parameters and the observed data to these unobserved
location characteristics. To do so, I use the recursive structure of the model.

1. Given & and the observed data {Ng, Ug}, the job finding probabilities {4} can
be uniquely determined from the labor market clearing condition.



2. Given job finding probabilities {ZR} and the observed data {L}, residence-
workplace-specific job finding probabilities {4} can be uniquely determined
from the commuting probabilities.

3. Given {a, k}, unemployment benefit b, the observed data {r, Ng, Ug,w,t}, and
residence-workplace-specific job finding probabilities {4}, the stock of housing
space {H} can be uniquely determined from the housing market clearing
condition.

4. Given {a,k,p,d, 8}, unemployment benefit b, the observed data {r,w,t}, and
residence-workplace-specific job finding probabilities {4}, the match output {y}
can be uniquely determined from the wage-setting condition.

5. Given {p, 6}, the observed data {N, Ug, L, w, T}, residence-workplace-specific job
finding probabilities {4}, and the match output {y}, the fixed entry cost {g} can
be uniquely determined from the equilibrium entry condition.®

6. Given {p, 0, sj}, the observed data {Uy, L, w}, residence-workplace-specific job
finding probabilities {4}, the match output {y}, and the fixed entry cost {g}, the
measure of direct job information access {@} can be uniquely determined from
the equilibrium entry condition and the job finding probability condition.

7. Given {a, k, p, 5}, unemployment benefit b, the observed data {r,w,t, Nz}, and

residence-workplace-specific job finding probabilities {4}, residential amenities
{A} can be uniquely determined from the residential choice probabilities.

A.3 Algorithm for Computing Equilibrium and Counterfactuals

I outline the iterative algorithm used to solve for the model’s equilibrium and
compute counterfactuals taking as given location-specific characteristics {4, H,y, ¢},
parameters {a, K, p, 0,0, sj}, and observed data on travel times between locations {t}.
1. Guess matrices 1%, w® and vector %

2. Given matrices A%, w! and vector mh

(a) Compute the spatial distribution of the population: Ng; = mg;N

6 T target g to match an aggregate vacancy rate of 5%, consistent with estimates for Colombia.
Specifically, I derive the following expression from Eq. (A.6):

1
g = 0.05(p+ &)L + U)Zk: E[yjx — wjk] <Z U,-/Ijk> .




(b) Compute commuting probabilities: & ]kl i = A /X A
(c) Compute unemployment rates: uf = 6/(8 + Xy A5;)
(d) Compute workplace employment: L, = X ]kl](l ut)NRJ

(e) Compute the probability of hearing of a job directly: thk =

O Vi /(L + X ufNE;), where Vi = (Ejj [y — wii]) (X uiNEA% )/ 9(p + 8)

(f) Compute rents:

NE.
rjtz(l—a)—;] (1—uf) E ]k“( jk) +uib
j

J

(g) Compute reservation wages:

d: At IW-tI

Rt Jjk Jjk' 7 jk

= (p+8)b+ E S
i (p+8 +XpAh — Afp) b=t g

(h) Update the main variables:

- 1—
Ag=vh+(1—-vf)|1-|1-vi(1- f;;l ]t]t )‘

( )" Jk Wi
éﬁyjk +(1 - ( o+ Zkljtk) <(P +8)b + Xk l
, ]k

L B+ =) dy! J

ij = max

exp [4,(r)) (o + 8+ 2 25)” ((0 + O)b + By Aewfdiid)]
S exp [A ()T (o + 8+ 2, 25) 7 ((o + )b + Th, 2 whdzt )|

T[Rj =

3. Iterate until convergence. If ||(A, h, w') — (2,7, W)|| < €101, then stop. Otherwise,
set (AL Rt witl) = ¢(A mh,wt) + (1 —)(4, g, W) for some {€(0,1) and
return to step 2.



A.4 Description of Main Variables and Data Sources

Labor force. The labor force was estimated using a weighted count of all working-
age individuals either working or looking for a job. It is important to note that the
EMB defines the working age as 15 years or older.

Total unemployment. The total number of unemployed workers was estimated
using a weighted count of all unemployed individuals, defined as those of working age
that, if given the opportunity to work the week before being surveyed, were available
to work.

Commuting flows. A weighted count of the number of individuals that commute
between two points in the city (the place of residence and the workplace location).
While all surveyed individuals report their residential location, only 35% of all
employed workers report their place of work. Therefore, commuting flows are
obtained for those individuals with complete information and the remainder is
imputed using observed commuting probabilities.

Rents. Since the EMB does not ask individuals to state the total area rented by the
household but does report the number of rooms occupied, a proxy was generated to
create a homogenous measurement for rental price across different living
arrangements. Therefore, the average housing rental price was estimated as a
weighted average of the price per room reported by surveyed individuals who declared
renting or subletting a home within each residential location.

Wage matrix. Wages include labor income (including overtime pay) reported by
wage and salary workers and monthly income of self-employed workers. When the
income reported in the EMB differs from the one reported in the RELAB, I impute
the information from the REALB to all observations for which reported wages in the
survey is lower or do not report any information at all. Information from the RELAB
comes from social security contributions. Wages are then estimated as a weighted
average using the information on all individuals commuting to work between pairs
(residence-workplace locations).

Commuting time matrix. I use the STATA command osrmtime to estimate the
travel times between different residential and workplace locations. This command
uses OpenStreetMap data and the Open Source Routing Machine (OSRM) to perform
time and distance calculations between geographical locations. I compute the travel
time for the shortest route between all possible tracts (sectors) and then average
travel times for all sectors within each larger neighborhood (UPZs), thus rendering
an average commute between all possible combinations of UPZs.
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