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Abstract
The existence of transportation costs gives labor markets a local dimension. In
particular, the well-documented existence of agglomeration economies creates a
positive correlation between a city’s size and the productivity of the workers liv-
ing there. The thesis explores the implications of this stylized fact on local un-
employment rates as well as local labor market flows. First, based on the logic
of a standard search and matching model of the labor market, I show that one
would expect job finding rates to be increasing in city size, job separation rates
to be decreasing in city size and, thus, unemployment rates to be decreasing in
city size. Second, I show that, in fact, both job finding and separation rates are
decreasing in city size, leading to a zero-correlation between unemployment rates
and city size. Finally, I develop three theoretical models that attempt to rationalize
these stylized facts within the framework of a local labor market governed by a
constant-returns-to-scale matching function.

Resum
La presència de costos de transport fa que els mercats laborals tinguin una dimen-
sió local. Concretament, l’existència d’economies d’aglomeració fa que hi hagi
una correlació positiva entre la mida d’una ciutat i la productivitat dels treballa-
dors que hi viuen. La tesi explora les implicacions d’aquest fet estilitzat sobre les
taxes d’atur urbanes i sobre els fluxes del mercat laboral. En primer lloc, a partir
de la lògica d’un model estàndard d’aparellament al mercat laboral, es demostra
que caldria esperar que la probabilitat de trobar una feina augmenti amb la mida
de la ciutat, que la probabilitat de perdre una feina disminueixi amb la mida de la
ciutat i que, per tant, la taxa d’atur sigui menor en ciutats més grans. En segon lloc,
es mostra que, segons les dades, tant la probabilitat de trobar una feina com la de
perdre-la disminueixen amb la mida de la ciutat, de tal manera que les taxes d’atur
no estan correlacionades amb la mida de la ciutat. En darrer lloc, construeixo tres
models que racionalitzen aquests fets estilitzats dins del marc d’un mercat laboral
local governat per una funció d’aparellament amb retorns constants a escala.
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Preface

The existence of agglomeration economies is a well-established fact within the
urban economics literature. When thinking about labor markets, this implies that
there must exist differences in labor productivity across cities of different sizes. In
fact, as shown by Glaeser & Maré (2001), Glaeser & Gottlieb (2009), and Moretti
(2011), among others, labor productivity is increasing in the size of a city, which
goes hand in hand with nominal wages being increasing in city size. For instance,
as I show in chapter 1 with US Census data for 2000, the median hourly wage
of a worker in a big city such as New York, NY, (15.3$), Chicago, IL, (14.4$),
Washington DC (15.9$), Philadelphia, PA, (14.3$) or San Francisco, CA, (15.9$)
was around 50% higher than in a small city such as Gadsden, AL, (10$), Albany,
GA, (10.7$) or Glens Falls, NY, (10.7$). Indeed, the reason why big cities are
big is simply that higher labor productivity makes them appealing to workers and
firms. As a result, the urban economics literature treats city size as a useful proxy
for the productivity of a city’s workers. However, on the other hand, provided that
workers can move from one local labor market to the other one, labor mobility
should arbitrage away differences in a worker’s welfare. In fact, Moretti (2011)
shows that differences in average real hourly wages across metropolitan areas are
much smaller than differences in average nominal wages. That is, even if higher
productivity makes a city more appealing, a higher cost of living arbitrages away
the differences.

This thesis studies the implications of large productivity differences on local
labor markets: that is, labor markets at the city level. Empirically, we observe
that unemployment rates vary enormously across cities, and this variation is so
large that it rivals the one over the business cycle. For instance, when looking
at the distribution of unemployment rates across cities in the United States, the
ratio between the 90th and the 10th percentile of the distribution is roughly equal
to 2, a magnitude similar to the ratio between the national unemployment rate at
the trough of the Great Recession (9.6% in 2010) and the one at the peak of the
previous expansion (4.6% in 2007). Given that the median nominal hourly wage
in the biggest cities in the US can be 50% higher than in smaller cities, one would
expect that the dispersion of unemployment rates is highly correlated with city
size: such big differences in nominal wages must reflect differences in labor pro-
ductivity and, hence, must have implications on job finding rates, job separation
rates and, ultimately, on unemployment rates. The chapters of my thesis analyze
in detail these three elements of local labor markets.

In the first chapter of the thesis, I provide a theoretical framework that guides
our interpretation of the data and I present several new stylized facts on local labor
markets. In particular, I construct a simple spatial equilibrium model where work-
ers can freely move across local labor markets in order to maximize their welfare.
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Each local labor market is endowed with an exogenous level of productivity and it
is described by a textbook search and matching model where unemployment is the
result of a matching friction, which can be considered as the simplest and most
standard model of local labor markets. This simple model correctly produces a
positive correlation between city size and labor productivity. Furthermore, it pre-
dicts that job finding rates should be increasing in a city’s size. As a result, the
model also predicts that unemployment rates should be decreasing in city size.
Intuitively, everything else equal, workers move towards cities that are endowed
with a higher productivity (because workers will be happier when they get higher
wages). This is what make a more productive city also a bigger city. Firms are
also attracted to more productive cities because, everything else equal, when they
match with a worker the match will produce a higher output. Therefore, the model
predicts that firms post more vacancies in larger cities, leading to a higher job find-
ing rate and, hence, a lower unemployment rate (again, everything else equal).
Finally, because both higher wages and higher job finding rates make some cities
more appealing, the cost of living in these cities goes up to make workers equally
well-off across locations. Thus, the model also predicts that the cost of living is
increasing in the size of a city.

In order to test the predictions of the model, I construct summary statistics
for local labor markets in the United States between 1996 and 2015. In partic-
ular, within the context of the search and matching literature, a labor market is
described by the probability that a worker finds a job (the job finding rate) and
the probability that a worker loses a job (the job separation rate), which together
determine the unemployment rate. Thus, using micro-data from the Current Pop-
ulation Survey, which is the primary source of labor force statistics for the popu-
lation of the United States, I compute job finding rates, job separation rates, and
unemployment rates for the main 250 cities1 in the United States. Contrary to the
predictions of the simple model, I show that unemployment rates are uncorrelated
with city size (which, recall, is a proxy for labor productivity), and that this is a
result of both job finding rates and job separation rates being decreasing in city
size. The robustness checks show that these findings are not due to differences in
demographics nor in the sectorial composition of the labor market.

Given that the data yields counterintuitive results, in the second chapter of the
thesis I analyze three theoretical explanations for the stylized facts presented in
chapter 1. First, I extend a richer version of the simple model presented in chap-
ter 1 by introducing a friction to the vacancy posting process. Intuitively, in the
simple model of chapter 1 there are two forces at play that shape the predictions

1In particular, the theoretical concept of a city is mapped in the data to a metropolitan statistical
area, which is defined by the Office of Management and Budget of the United States to capture a
geographic area with a high degree of economic and social interconnectedness.
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of the model. On the one hand, productivity differences trigger migratory move-
ments towards the most productive cities, leading to a smaller pool of job seekers
in less productive cities and to a larger pool in more productive cities. Everything
else equal, this force tends to depress job finding rates in more productive cities
(due to higher competition between job seekers). On the other hand, productivity
differences also trigger differences in the vacancy-posting process, whereby firms
find it optimal to post more vacancies in higher-productivity cities. Everything
else equal, this force tends to depress job finding rates in less productive cities.
Therefore, if we observe that job finding rates are decreasing in city size, this line
of reasoning suggests the existence of a friction that impends the vacancy-posting
process of firms: at the limit, if the amount of vacancies posted was independent of
labor productivity, only the force depressing job finding rates in more productive
cities would be at play. The first model presented in chapter 2 embeds this mecha-
nism with a spatial equilibrium model with frictional unemployment, endogenous
job separations and an endogenous housing market. The model is also estimated
using data for a given year (in particular, for 2013, although the empirical results
presented in chapter 1 are robust across time).

Second, I explore an alternative explanation based on the concept of special-
ization (defined as the scarcity of a worker’s type). Intuitively, higher specializa-
tion is a potential source of a higher productivity, of a higher degree of match-
specific investment assets between a worker and a firm, and of a lower matching
efficiency. Namely, just as a lower matching efficiency tends to depress job find-
ing rates, a higher match-specific investment between workers and firms tends to
depress job separation rates. That is, a higher degree of specialization might work
in the right direction for all three variables: productivity, job separation rates,
and job finding rates. Hence, I build a model in which workers can choose their
preferred degree of specialization and where they take into account its impact on
productivity, job finding rates and job separation rates. Based on Adam Smith’s
old insight that the size of the market allows for greater specialization, within the
context of a spatial equilibrium model I analyze the conditions under which the
degree of specialization is increasing in city size and, at the same, under which
specialization leads to job finding rates and job separation rates being decreasing
in city size.

Third, a simpler explanation of the counterintuitive empirical results presented
in chapter 1 is that they are a statistical artifact: namely, labor turnover is higher
in smaller markets because of the workings of the Law of Large Numbers. In-
tuitively, turnover is much more likely to be higher in a city with a single firm,
where a firm-idiosyncratic shock has large city-wide consequences, than in a city
with infinitely many firms, where each firm’s idiosyncratic shock has a negligible
impact. To explore this line of reasoning, I reproduce the city-size distribution of
the United States and shock each employed/unemployed individual with an ex-
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ogenous probability of switching to unemployment/employment. As one might
guess, the resulting dispersion of labor market flows and unemployment rates is
higher in smaller cities, precisely because of the workings of the Law of Large
Numbers. However, because the Law of Large Numbers produces a symmetric
dispersion (there are as many small cities with higher flows as with smaller flows),
the average labor market turnover in a small city is not statistically different from
the one in a big city. Thus, the Law of Large Numbers does not appear to be a sat-
isfactory explanation of the empirical results presented in chapter 1: economics,
not just statistics, seem to be at work.

Finally, I conclude the thesis in chapter 3 with a review of the literature in
which the thesis is framed. Three strands of literature are particularly important.
First, the urban economics literature has widely documented the presence of ag-
glomeration economies that lead to labor being more productive in bigger cities.
In this thesis I take agglomeration economies as an exogenous input, but the ur-
ban economics literature discusses several mechanisms that lead to agglomeration
economies. Three theories stand out: reduced costs of moving goods across space,
labor market pooling, and the diffusion of ideas. Second, the spatial equilibrium
literature has shown that labor mobility arbitrages away differences in nominal
wages. In particular, in a spatial equilibrium with free mobility, workers must be
equally well-off in all locations. Because there exist differences in productivity
across cities, in equilibrium the corresponding differences in nominal wages are
counterbalanced by differences in the cost of living. Last, the puzzle presented by
the data in chapter 1 would be easily resolved if the matching function governing
the labor market exhibited decreasing returns to scale: in that case, job finding
rates might be decreasing in city size just because of the technology of the market
(as opposed to the optimal behavior of firms and workers). However, as I dis-
cuss in chapter 3, there is a wide consensus on the finding that matching functions
exhibit constant returns to scale. Thus, a constant-returns-to-scale matching func-
tion is taken as a constraint in the empirical and theoretical analyzes of chapters 1
and 2.
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Chapter 1

STYLIZED FACTS ON
UNEMPLOYMENT IN LOCAL
LABOR MARKETS

1.1 Introduction

The local dimension of labor markets matters. Intuitively, transportation costs
make the location of workers and firms relevant and, thus, give labor markets a
local dimension. Empirically, unemployment rates vary enormously across cities,
and this variation is so large that it rivals the one over the business cycle. For
example, Figure 1.1 reports metropolitan unemployment rates computed from the
American Community Survey. In 2000, the 10th percentile corresponds to Kansas
City, MO-KS, with an unemployment rate of 4.08% while the 90th percentile
almost doubles this number with an unemployment rate of 7.44% for Spokane,
WA. As for 2010, the 10th percentile corresponds to Omaha, NE/IA, with a rate
of 7.25% and the 90th percentile is again twice as large with a rate of 14.18% for
Gadsden, AL. In turn, in the Great Recession, the national unemployment rate also
roughly doubled from 4.6% in 2007 to 9.6% in 2010. These regional differences
remain large even after controlling for age, gender, education and race (see Kline
& Moretti (2013)). They are also significant after controlling for the different
industry composition of cities (see Gan & Zhang (2006)). Furthermore, as Figure
1.2 shows, these differences are not transitory.

As Glaeser & Gottlieb (2009) document, city size is positively correlated with
a city’s productivity. This comes from the observation that nominal wages –which
are a proxy of a worker’s productivity– are strongly increasing in city size (see
Figure 1.3, which plots median hourly wages computed at the city level from the
2000 US Census against city size).
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The link between higher nominal wages, higher labor market productivity and
larger city size is well-established in the urban economics literature. Glaeser
& Gottlieb (2009) provide an excellent review of the topic, and show that the
presence of agglomeration economies leads to higher labor productivity in bigger
cities where, as a result, workers end up earning higher nominal wages. There-
fore, building on the urban economics literature, in this thesis I take agglomeration
economies as given and treat city size as a proxy for a city’s productivity.

The first question I address is whether differences in labor productivity across
cities (proxied by city size) are translated into systematic differences in local labor
markets’ unemployment rates. To do so, we need to observe that the unemploy-
ment rate of a city (uc) is the result of two countervailing forces: flows from
unemployment to employment and flows from unemployment to employment.1

That is, if a city has Lc workers, Ec of which are employed and Lc −Ec of which
are unemployed, then the unemployment rate evolves according to

∆uc = jsc
Ec
Lc

+ jfc
Lc − Ec
Lc

= jsc(1− uc) + jfcuc

where jsc and jfc are the rates at which employed and unemployed workers lose
and find jobs, respectively. Evaluating this expression at a steady state with a con-
stant unemployment rate gives us a handy decomposition of the unemployment
rate which will be used throughout the thesis:

uc =
jsc

jsc + jfc

Thus, beyond looking at local unemployment rates, we need to pay attention
to the behavior of job finding and separation rates across cities of different sizes
(that is, ultimately, of different labor productivities). This chapter of the thesis is
aimed at these questions. However, before looking at the data, the next section
presents a simple theoretical framework that gives us a prior with which I will
contrast the empirical sections of this chapter.

1.2 A simple spatial model with frictional unemploy-
ment

Consider an economy with C local labor markets, each of which is endowed with
exogenous city-wide productivityAc. Each labor market is described by a random
search framework with exogenous separations. Unemployed workers can freely

1Obviously, flows between not-in-labor-force and unemployment are also relevant for the de-
termination of the unemployment rate. For simplicity, I abstract from these transitions.
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move to the city where they enjoy the highest utility and firms can freely post
vacancies in any local labor market.

1.2.1 The matching process
Each local labor market is characterized by two homogeneous sets of agents: firms
and workers, both of which randomly search for a match. Because of frictions
in the matching process, given v vacancies posted by firms and u unemployed
workers available for hiring, m matches are created according to:

m = m(u, v); mu,mv > 0

where m exhibits constant returns to scale in u and v.2 Because of this property,
we can define the tightness of the market as

θ =
v

u

and then define the probability of finding a match as

m

v
= m

(
1

θ
, 1

)
≡ q(θ)

m

u
= θq(θ)

for a firm and a worker, respectively. Observe that the probability that an unem-
ployed worker is matched to a vacancy, m/u, is increasing in the tightness θ of
the market.

1.2.2 The firm’s problem
Firms pay a flow cost κ for posting a vacancy. With probability q(θ), they meet
and match with a worker. An occupied job produces flow output A, which is
exogenous and common to all firms within a given city, and pays a wage w. Fi-
nally, jobs are destroyed with exogenous probability δ. Letting V and J denote
the present-discounted value of expected profit from an empty vacancy and an
occupied job, respectively, the behavior of firms is described by:

rVc = −κc + q(θc) (Jc − Vc) , (1.1)
rJc = Ac − wc + δc (Vc − Jc) (1.2)

2A constant-returns-to-scale matching function is the benchmark in the literature. See Petron-
golo & Pissarides (2001).
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where c is the index of a given local labor market and r is the continuous-time
discount rate. In each local labor market there is free entry of firms, which drives
the value of a vacancy to zero. That is,

Vc = 0 (1.3)

1.2.3 The worker’s problem
Within a given local market, workers pay a housing cost phc . For simplicity, I do
not microfound the housing market here.3 Rather, based on the strong empirical
link between city size and the cost of housing (see Figure 2.2),4 I assume housing
prices are an increasing function of a city’s size:

phc = f(Lc), f
′ > 0 (1.4)

Unemployed workers earn unemployment benefits b, search for jobs in the
local labor market where they are located, and they find a match with probability
θcq(θc). Employed workers earn a wage w and lose their job with probability δ.
When a worker loses her job, she can relocate to the local labor market where
her utility (as an unemployed) is highest. Letting U and W denote the present-
discounted value of being unemployed and employed, respectively, the behavior
of workers is described by

rUc = bc − phc + θcq(θc) (Wc − Uc) (1.5)

rWc = wc − phc + δ
(

max
c′

Uc′ −Wc

)
(1.6)

Because unemployed workers are free to relocate, in equilibrium the value of
being unemployed must be the same in every local labor market:

max
c′

Uc′ − Uc = 0⇒ Uc = U ∀c ∈ C (1.7)

1.2.4 Wage setting
Firms and workers split the surplus of the match in constant shares (Nash bar-
gaining). Thus, in each local labor market the wage wc ensures that workers get a
share β of the surplus:

Wc − Uc = β (Wc − Uc + Jc − Vc) (1.8)

3See chapter 2 for microfoundations for the demand and supply of local housing.
4See chapter 2 for details on how housing costs are computed.
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1.2.5 Equilibrium
Note that, by imposing free mobility (equation (1.7)) into equation (1.5), the
model turns out to be a textbook search and matching model of the labor mar-
ket, and we can solve for θc in each city independently. In particular, plugging
(1.6) and (1.2) into (1.8) and then using (1.5), it is easy to obtain the following
expression for wages:

wc = (1− β)bc + β (Ac + κcθc) (1.9)

Next, imposing (1.3) into (1.1) and (1.2), combining the two expressions and using
(1.9) to substitute for the wage yields the equilibrium for θc:

(1− β)(Ac − bc)− βκcθc
r + δc

=
κc
q(θc)

(1.10)

Last, given θc we can solve for Uc by combining (1.5) and (1.6) and using (1.3)
and (1.2) together with (1.8). Thus, we get

Uc = bc − phc +
θcq(θc)β(Ac + κcθc − bc)

r + δc + θcq(θc)
= U (1.11)

which, from the fact that phc = f(Lc) and together with∑
c∈C

Lc = L, (1.12)

where L is the exogenous country-wide labor force, pins down the size of every
local labor market.

With this simple model, we get the following predictions:

1. From equation (1.10), market tightness, and thus the job finding rate, is
increasing in a local labor market’s productivity: intuitively, the higher the
productivity, the more profitable vacancies are in expected terms.

2. Therefore, unemployment rates are decreasing in a local labor market’s pro-
ductivity:5

uc =
δc

δc + θcq(θc)

5This simple model assumes that the job separation rate, δc, is independent of a city’s produc-
tivity. However, extending the model to make δc endogenous shows that, everything else equal,
higher Ac leads to lower δc, which reinforces the negative correlation between Ac and uc: the
higher Ac is, the less likely it is that an idiosyncratic shock to an occupied job is strong enough to
break the match. Such a model is presented in the theoretical part of thesis (chapter 2).
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3. As mentioned in the previous section, wages are increasing in productivity
(equation (1.9)).

4. City size is increasing in productivity: equation (1.11) implies that, every-
thing else equal, the value of being unemployed is higher in more productive
cities (because of higher wages and higher job finding rates); thus, housing
prices (and, therefore, city size) must be increasing in a local labor market’s
productivity in order to ensure that (1.7) holds and workers in less produc-
tive cities are equally happy.

1.3 Data
Based on the theoretical framework of the last section, we are interested in es-
timating the relationship between city size and the following local labor market
statistics: unemployment rates, job finding rates and job separation rates (that is,
movements between unemployment and employment).6 I take metropolitan sta-
tistical areas (MSAs) as the unit of observation, which the Office of Management
and Budget of the US delineates in order to capture a geographic area with a high
degree of economic and social interconnectedness.7 In more detail, a metropolitan
area contains a core urban area of 50,000 or more population. It consists of one or
more counties and includes the counties containing the core urban area, as well as
any adjacent counties that have a high degree of social and economic integration
(as measured by commuting to work) with the urban core.

1.3.1 Data Sources
The results reported below are based on data from the Current Population Survey
(CPS). The CPS, sponsored jointly by the U.S. Census Bureau and the U.S. Bu-
reau of Labor Statistics (BLS), is the primary source of labor force statistics for
the population of the United States, and it interviews a nationally representative
sample of 60,000 households at a monthly frequency. Also, the public-use CPS
data contains information on the MSA in which a household is located. Although
the exact number varies over time, as the definition of each MSA adjusts to cap-
ture changing economic and social linkages, on average I work with monthly data
on 250 MSAs from 1996 to 2015.

Another desirable property of CPS is that its methodological design allows
the researcher to match individuals across surveys and construct a panel dataset.

6I also look at job-to-job transition as well as movements between not-in-labor-force and em-
ployment and unemployment. These data are presented in later sections of the chapter.

7In particular, we look at Consolidated Basic Statistical Areas (CBSAs).

6



“tesi˙completa˙AMS” — 2017/4/4 — 23:49 — page 7 — #27

In particular, the sample is divided into eight representative subsamples called
rotation groups, with housing units in each rotation group being interviewed for
four consecutive months, followed by an 8-month break, and then by another
four months of interviews. In any given monthly sample, approximately one-
eight of the sample units will be interviewed for the first time, one-eight for the
second time, . . . , and one-eight for the eighth time. Also, in any given month one-
eight of the sample will be leaving the sample permanently, and one-eight will be
leaving for the next eight months before being reinterviewed. In sum, there is a
75% of the sample that is common from month to month. This 75% is matched
across monthly surveys based on unique household and individual identifiers (plus
gender and age) to construct a panel dataset. Exploiting the panel dimension of
the dataset is crucial to compute job finding and job separation rates.

A potential concern regarding the use of CPS is that the sample size in the
smallest MSAs might not be large enough to get a reliable estimate of unem-
ployment rates (given the relatively low incidence of unemployment) and low-
frequency labor market transitions. Thus, regarding unemployment rates, I also
use data from the American Community Survey (ACS), which surveys annually
a nationally representative sample of 3.5 million households. However, the ACS
does not have a panel dimension and, hence, cannot be used to construct labor
market transition rates. Nevertheless, I address small sample size concerns on job
finding and job separation rates in the robustness section.

1.3.2 Alternative Datasets
CPS data allows us to construct gross labor market market flows from a worker’s
perspective: that is, the frequency with which an unemployed worker finds a job,
an employed worker loses her job, etc. . . Alternatively, there are other data sets,
such as the Business Dynamics Statistics (BDS) or the Longitudinal Employer
Household Dynamics (LEHD), that also look at flows from the firm’s perspective.
The main reason for not using BDS data is that it offers information on net flows
rather than gross flows: that is, it reports net employment growth in expanding
and contracting establishments. However, since I am interested in gross transition
probabilities, I need information on gross flows. LEHD does provide information
to compute gross flows. However, LEHD has a major drawback, as its geographi-
cal information is not disaggregated enough in the public-use version, so I am not
able to have information on MSAs.

1.3.3 Definning flows
Finally, before moving to the next section, a brief comment on mapping labor mar-
ket transition rates δc and θcq(θc) from the theoretical framework to the data. In

7
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the model, these frequencies stand for the probability that an unemployed worker
finds a job and an employed worker loses hers between any two periods. Thus,
using CPS data I compute these flows as:

θcq(θc) ≈ uet =
Unemployed at t, Employed at t+ 1

Unemployed at t

δc ≈ eut =
Employed at t, Unemployed at t+ 1

Employed at t

1.4 Stylized facts on local labor markets
Eyeballing the data suggests a surprising no-relationship between city size and
unemployment rates (Figure 1.5).8

However, if we look at job finding rates and job separation rates we see a clear
negative correlation with city size (Figures 1.6 and 1.7).9

In fact, these two negative correlations explain why unemployment rates do
not vary with city size: the ratio euc

uec
is roughly constant (Figure 1.8).10

Furthermore, these correlations are stable over time. To see so, Figures 1.9 to
1.11 show the time series β from

uct = α + β · ln(Laborforcect) + εuct

flowct = α + β · ln(Laborforcect) + εflowct

where flow = {ue, eu}. These regressions are estimated at each point in time
using annual data from 1996 to 2015 for the cross section of MSAs.

These differences are also economically significant. To put the magnitudes in
perspective, let us take 2013 as our reference point, and roughly set β̂ue = −0.035
and β̂eu = −0.005. The next table shows descriptive statistics for local labor
market flows in 2013:

Table 1.1: Summary statistics of local labor market flows - 2013

Flow mean std. dev. min max
UE 23.28% 6.83% 12% 47.55%
EU 2.04% 0.84% 0.88% 4.33%

8The sample of cities is restricted so that unemployment rates are computed with at least 5
observations. But this is not an issue, as reproducing this exercise with ACS data, where sample
size is not a concern, yields the same no correlation. See section 1.5.1 below.

9For EU rates, the sample of cities is restricted to cities with at least 40 employed observations.
For UE rates, the sample of cities is restricted to cities with at least 5 unemployed observations.

10Below, I also document that job-to-job transitions are significantly decreasing in city size, and
so are employment-to-not-in-labor-force flows. Instead, not-in-labor-force-to-employment flows
are not correlated with city size.

8
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Starting from a city whose flows correspond to the sample average, if we dou-
ble the size of this city we see a significant drop in flows:

ue1 − ue0

ue0

= −0.035 ln(2)

0.2328
= −10.42%

eu1 − eu0

eu0

= −0.005 ln(2)

0.0204
= −16.99%

Note that in this numerical illustration unemployment rates would decrease
in city size as job separation rates drop faster than job finding rates. The reason
why this is compatible with unemployment rates being flat in city size is that job
finding and job separation rates decline in a nonlinear way. However, on average,
the drop in job finding and job separation rates is roughly consistent with flat
unemployment rates. To see so I estimate

euct
uect

= α + β · ln(Laborforcect) + εct

and I plot the time series of β̂ in Figure 1.12.
Summing up, regarding local labor markets, I have highlighted the following

stylized findings:

1. Labor productivity is increasing in city size.

2. Unemployment rates do not change over city size.

3. Job finding and separation rates are decreasing in city size.

Given (1) and a constant returns to scale matching function (which are the
common premises in the literature), I have shown that the predictions of the simple
standard model are at odds with (2) and (3). Thus, a successful model needs to:

• Break corr
(
m(v,u)
u

, A
)
> 0; and/or,

• Break corr
(
m(v,u)
u

, δ
)
< 0.

1.5 Robustness
In this section I show that the stylized facts presented in the previous section do
not seem to be due to city and individual observable characteristics. I also show
that the results do not seem to be driven by differences in sample size.

9
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1.5.1 The usual suspects
First, I address two concerns at once: 1) the no-correlation between city size
and unemployment does not hold when conditioning on education levels; and 2)
small sample size implies that not enough unemployed individuals are surveyed
in small cities. Recall that an alternative data source comes from the American
Community Survey, which surveys annually a nationally representative sample
of 3.5 million households, so that small sample size is not a problem even when
conditioning on education levels. Thus, using data from the ACS, I rerun the
above regressions on unemployment rates four times: for unemployment rates
for the whole population, for unemployment rates for those with no highschool
education, for unemployment rates for those with highschool education and for
unemployment rates for those with college education (or higher). Figures 1.13
to 1.16 corroborate that, in general, unemployment rates seem to be uncorrelated
with city size.

Next, I show that the finding that job separation and job finding rates are de-
creasing in city size is not due to differences in the age, education or industry
composition of cities. To see so, take an individual i at time t and let

ueit =

{
1 if i is unemployed at t and employed at t+ 1

0 if i is unemployed at t and t+ 1

euit =

{
1 if i is employed at t and unemployed at t+ 1

0 if i is employed at t and t+ 1

At each point in time11 and using the US national sample from the CPS, I
estimate the expected probability of transitioning from one employment state to
the other one as a function of individual observables Xit:

E[ueit] = Φ(Xit)

E[euit] = Φ(Xit)

where Φ(·) is the standard normal probability density function and Xit is a vector
that includes the age of the individual as well as education and industry category
dummies.12 Then I average the predicted transition rates at the city level. This
gives us the job finding and separation rates of a city predicted by the observable
characteristics of its residents: if the results of the previous sections are due to
these observable characteristics, then Ê[·] will be significantly correlated with city
size. Finally, I compute the difference between the actual transition rates and the

11That is, at a monthly frequency.
12The industry category refers to date t if the individual is employed at t, and to date t + 1

otherwise.
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predicted ones: if this residual is not significantly correlated with city size, then
observables will be the most likely factor driving the results presented above.

Therefore, in order to check whether the differences in flows between small
and large cities are due to observables, I regress the city’s predicted probability
and the difference with the observed one against city size. That is,

E[flowit] = α + β · ln(Laborforcect) + εct

E[flowit]− flowit = α + β · ln(Laborforcect) + εct

where flow = {ue, eu}. Figures 1.17 to 1.20 plot the time series of the estimated
coefficient on city size. They show that observables do not predict that flows
should be different across cities of different sizes, and therefore that the observed
correlation between transitions and city size is significant after controlling for
observables. In particular, Ê[·] is uncorrelated with city size, which means that
based on observables flows should not be different across cities of different sizes.
However, the fact that E[flowit] − flowit is significantly increasing in city size
implies that flows (net of observables) are significantly decreasing in city size.

1.5.2 Addressing sample size
Another potential concern is that the sample in small cities is not large enough to
adequately measure low-probability events such as unemployment-to-employment
transitions (on average, unemployed individuals transition to employment at rel-
atively high rates, but the issue is that unemployment is a low-probability event).
I have addressed this concern regarding unemployment rates by using ACS data.
However, ACS data does not have panel dimension and, thus, it cannot be used to
check for sample size problems in labor market flows. In order to do so, I con-
struct fictitious cities that contain enough observations and rerun the regressions.
In particular, at every point in time, I sort individuals according to the size of their
city of residence. Then they are grouped in 100 bins according to the city size dis-
tribution. Each bin becomes a new fictitious city whose defining characteristic is
that all its components live in a city of a similar size. In this way, I make sure that
there are enough sample observations across (fictitious) cities of all sizes. Using
such fictitious cities, I estimate the following regression for each year from 1996
to 2015:

flowit = α + β · ln(Laborforceit) + εit

Figures 1.21 to 1.22 report the time series of β̂ and its confidence interval. As
we can see, the coefficients remain significantly negative and close to the levels
observed when using actual cities.

Similarly, with this approach I have enough sample observations in each bin to
compute labor market flow for separate educational groups. Thus, I also estimate

11
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β separately for individuals with no highschool eduaction, with at most highschool
education, and with at least college educations. As Figures 1.23 to 1.28 show,
flows are still decreasing in city size.13

1.6 Other stylized facts

1.6.1 Focusing on occupations and education

Zooming into the occupational composition of cities, there are two broad occu-
pational categories whose employment shares most significantly change over city
size: finance, insurance and real estate (Figure 1.29), and business and repair ser-
vices (Figure 1.30). However, the results shown above are robust to dropping
individuals belonging to these occupations.

1.6.2 Other flows

Using CPS data, I can also look at other labor market flows, such as job creation
and separation due to job-to-job flows and due to transitions between employment
and not-in-labor-force. Define

eet =
Employed at t in j firm, Employed at t+ 1 in k firm

Employed at t

nilfet =
Not in labor force at t, Employed at t+ 1

Not in labor force at t

enilft =
Employed at t, Not in labor force at t+ 1

Employed at t

Just as in a previous section, I estimate

flowct = α + β · ln(Laborforcect) + εflowct

where flow = {ee, nilfe, enilf} using annual data from 1996 to 2015 for the
cross section of MSAs. Figures 1.31 to 1.33 report β̂. We can see that job-to-job
transition rates are consistently decreasing in city size, and so are employment
to not-in-labor-force transition rates. However, job creation arising from not-in-
labor-force to employment transitions is not significantly correlated with city size.

13Here annual flows have been computed as the sum over monthly flows, this is why -compared
to the figures above- coefficients are roughy multiplied by 10

12
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1.6.3 Unemployment Duration

The finding that job finding rates and job separation rates are decreasing in city
size is consistent with workers in smaller cities having shorter unemployment
spells: as turnover is higher in smaller cities, both entrance into and exit from
unemployment are higher, so we should expect to see a larger fraction of short
unemployment spells in smaller cities. This seems to be present in the data, as
shown in Figure 1.34, which depicts the fraction of individuals at different unem-
ployment duration categories in small (bottom 9 deciles) and big cities (cities in
top decile).

1.6.4 Productivity shocks

When looking for a theoretical explanation of the decreasing flows, one possibility
is that the answer lies in the distribution of idiosyncratic productivities within
cities: how often employed workers are shocked with a productivity realization
bad enough to break the match between the firm and the worker (which depends
on both the arrival rate of shocks and the size of the shock). Based on the link
between nominal wages and labor productivity, one way of gathering information
on this distribution is by computing the average growth rate over a period of time
of a city’s average wage as well as its standard deviation over time. The average
growth will be indicative of productivity growth while the standard deviation will
be indicative of how volatile productivity is (that is, indicative of productivity
shocks). Figures 1.35 to 1.38 report these statistics for full-time male workers. As
the simple correlations suggest, average individual productivity growth is similar
across cities of different sizes. However, its standard deviation is decreasing in
city size. Therefore, these correlations suggest that the distribution of productivity
growth has fatter tails in smaller cities.

1.6.5 Data on Vacancies and Market Tightness

HelpWanted Online, from the Conference Board, provides data on vacancies for
the 50 largest MSAs in the US. This is relevant as the decreasing job finding
rate suggests that market tightness might be decreasing in city size. However,
when computing market tightness from HelpWanted Online data I do not find a
statistically significant relationship with city size. Figure 1.39 illustrates this with
data for September 2013.

Furthermore, when computing labor market flows for the subsample of the 50
largest MSAs, I do not find a statistically significant relationship with city size
(Figure 1.40).

13
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1.7 Conclusion
The local dimension of labor markets matters. Empirically, this can be illustrated
by the large dispersion in productivity and unemployment rates across cities. The
logic of a standard model of the labor market where unemployment is the byprod-
uct of frictions in the search for a match between workers and firms suggests that
the two should be correlated: higher city-wide productivity should lead to higher
job finding rates and, hence, lower unemployment rates. However, this does not
seem to be supported by the data, at least when a city’s productivity is proxied
by its size (another standard assumption in the literature). In fact, I find that un-
employment rates are not correlated with city size. The reason is that both job
finding and job separation rates are decreasing in city size in such a way that they
tend to offset each other. Furthermore, this seems to be a genuine characteristic of
local labor markets, and these correlations do not seem to be the spurious result of
differences in demographics (education and age) or industry composition. Nor the
results seem to be driven by a statistical artifact due to insufficient observations in
smaller cities.
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Figures for Chapter 1

Figure 1.1: Metropolitan Unemployment Rates in 2000 and 2010
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Figure 1.2: Metropolitan Unemployment Rates in 2000, 2005 and 2010
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Figure 1.3: Metropolitan (log) hourly wage in 2000
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Figure 1.4: Housing prices and city size
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Figure 1.5: Metropolitan Unemployment Rates in 2013
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Figure 1.6: Metropolitan Job Finding (UE) Rates in 2013
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Figure 1.7: Metropolitan Job Separation (EU) Rates in 2013
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Figure 1.8: EU over UE in 2013
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Figure 1.9: Unemployment rates and city size
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Figure 1.10: UE transition rates and city size
−

.0
8

−
.0

6
−

.0
4

−
.0

2
0

19
96

19
97

19
98

19
99

20
00

20
01

20
02

20
03

20
04

20
05

20
06

20
07

20
08

20
09

20
10

20
11

20
12

20
13

20
14

20
15

point estimate 95% confidence interval

Figure 1.11: EU transition rates and city size
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Figure 1.12: EU/UE and city size
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Figure 1.13: Unemployment rates and city size - ACS
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Figure 1.14: Unemployment rates and city size, no highschool - ACS
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Figure 1.15: Unemployment rates and city size, highschool - ACS
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Figure 1.16: Unemployment rates and city size, college - ACS
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Figure 1.17: UE as from observables and city size
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Figure 1.18: UE residual and city size
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Figure 1.19: EU as from observables and city size
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Figure 1.20: EU residual and city size
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Figure 1.21: UE transition rates and city size in fictitious cities

−
.0

6
−

.0
5

−
.0

4
−

.0
3

−
.0

2
−

.0
1

19
96

19
97

19
98

19
99

20
00

20
01

20
02

20
03

20
04

20
05

20
06

20
07

20
08

20
09

20
10

20
11

20
12

20
13

point estimate 95% confidence interval

25



“tesi˙completa˙AMS” — 2017/4/4 — 23:49 — page 26 — #46

Figure 1.22: EU transition rates and city size in fictitious cities
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Figure 1.23: UE transition rates and city size in fictitious cities - no highschool
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Figure 1.24: UE transition rates and city size in fictitious cities - highschool edu-
cation
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Figure 1.25: UE transition rates and city size in fictitious cities - college education
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Figure 1.26: EU transition rates and city size in fictitious cities - no highschool
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Figure 1.27: EU transition rates and city size in fictitious cities - highschool edu-
cation
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Figure 1.28: EU transition rates and city size in fictitious cities - college education
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Figure 1.29: Financial occupations and city size
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Figure 1.30: Business and repair services and city size
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Figure 1.31: Job-to-job transition rates and city size
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Figure 1.32: Nilf to E transition rates and city size
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Figure 1.33: E to Nilf transition rates and city size
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Figure 1.34: Duration of unemployment and city size, average 1994-2010
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Figure 1.35: Growth rate of average weekly earnings and city size, average 2005-
2013
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Figure 1.36: Growth rate of average hourly wages and city size, average 2005-
2013
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Figure 1.37: Growth rate of average weekly earnings and city size, standard devi-
ation 2005-2013
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Figure 1.38: Growth rate of average hourly wages and city size, standard deviation
2005-2013
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Figure 1.39: Market tightness and city size
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Figure 1.40: Labor market flows and city size
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Chapter 2

MODELING LOCAL LABOR
MARKETS WITH FRICTIONAL
UNEMPLOYMENT

2.1 Introduction
There are two well-known stylized facts in the literature on local labor markets:
1) Labor productivity is increasing in city size (see, for instance, Glaeser & Got-
tlieb (2009) and Moretti (2011)); and 2) The matching function that governs labor
market matches between firms and workers exhibits constant returns to scale (see,
for instance, Petrongolo & Pissarides (2001)). In the first chapter of the thesis, I
have documented three additional stylized facts on local labor markets: 1) Unem-
ployment rates are uncorrelated with city size; 2) Job finding rates are decreasing
in city size; and 3) Job separation rates are decreasing in city size. In this chapter
I present three theoretical rationalizations of these five stylized facts:

1. Frictions in vacancy-posting.

2. Specialization.

3. The law of large numbers.

The logic for pursuing each explanation is as follows. First, one of the reasons
that the simple model presented in chapter 1 predicts that job finding rates are
decreasing in city size is that firms are free to post as many vacancies as they want.
In practice, this means that they are infinitely sensitive to productivity differences.
However, if there exists a friction that dampens the vacancy-posting process, then
we also dampen the correlation between labor productivity and vacancy posting
(at the limit, if vacancy-posting were exogenously given, this correlation would be
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zero). In fact such an assumption is not implausible: as I show below, the fact that
firms need to pay a cost for settling up in a city (that is independent of the amount
of vacancies posted) already impends the vacancy-posting process. Crucially, if
this cost is related to the housing market (think of renting an office building), then
it is plausible that this cost is increasing in city size. The implications of this
mechanism are explored below in detail.

Second, a worker’s degree of specialization is a plausible candidate to explain
why she is more productive. In fact, following Adam Smith’s insight that special-
ization is increasing in the size of the market, it is reasonable to consider a model
in which a worker’s degree of specialization is increasing in the size of the city
in which she lives. Crucially, the degree of specialization might have important
implications for her changes of finding a job (if she is unemployed) or of losing
her job (if she is employed). In particular, in a match with a highly specialized
employee, both the firm and the worker are likely to have invested heavily on
match-specific assets (this might be the reason why the worker is that much spe-
cialized), thereby depressing the incentives to break up the match. Similarly, a
highly specialized worker might have fewer chances of finding a suitable match
in the labor market –provided that there is a high enough degree of randomness in
her job seeking process. This framework is explored in more detail below.

Finally, a simpler explanation might come from the Law of Large Numbers:
decreasing job finding and separation rates (i.e. lower turnover) might be the natu-
ral process of convergence towards the ‘true’ process as the size of the population
gets larger. This more mechanical hypothesis is the last one explored below.

2.2 Frictional Vacancy-Posting: an Illustration

2.2.1 Intuition

Higher productivity in a given location makes it appealing to workers, so they
move to that location; at the same time, higher productivity gives firms an incen-
tive to post more vacancies. Thus, there are two forces governing market tightness:
migration towards higher-productivity cities (which, everything else equal, tends
to depress job finding rates for workers), and higher vacancy-posting in higher-
productivity cities (which, everything else equal, tends to lead to higher job find-
ing rates for workers). These ingredients are explored within a spatial model with
frictional unemployment to assess whether the existence of a friction impending
the vacancy-posting process provides a good rationalization of the stylized facts.

38



“tesi˙completa˙AMS” — 2017/4/4 — 23:49 — page 39 — #59

2.2.2 Setup

Consider a city c that is endowed with city-wide productivity Ac. Its local labor
market is described by a simple matching model with endogenous separation. The
salient characteristic of the market is that the behavior of firms is exogenous: at
every point in time, the stock of vacancies is exogenously given by vc, so that there
is no endogenous vacancy-posting. Thus, workers are the only relevant agents.
When settled in city c, workers can be either unemployed or employed. In either
case, they need to pay a fixed cost p for housing.1 If unemployed, they earn
unemployment benefits b and find a job with probability θq(θ), where θ ≡ v/u,
v is the number of vacancies and u is the number of unemployed. If they find a
job, they are endowed with the highest productivity, which is assumed to be 1.
Employed workers are tied to a stochastic productivity x, and they earn all the
output they produce, which is Ax where A is city-specific and x is job-specific.
With probability λ, they are shocked and a new job-specific productivity is drawn
fromG. Given the new productivity, workers decide whether to destroy the match.
In particular, if the new productivity is below a threshold xD they are better-off
in unemployment and the match is destroyed. Before reentering unemployment,
workers choose which city they want to be located in.

In other words,

θc =
vc
uc
, where vc is given

rUc = bc − pc + θcq(θc) [Wc(1)− Uc]

rWc(x) = Acx− pc + λ

[∫ 1

xDc

Wc(s) dG(s) +G(xDc) max
c′∈C
{Uc′} −Wc(x)

]
Wc(xDc) = Uc

where Uc and Wc represent the value of being unemployed and employed in city
c, respectively.

In equilibrium flows into and out of unemployment must be equalized. That
is,

ucθcq(θc)− λG(xDc)(Lc − uc) = 0

1Housing is assumed to be equivalent to a lump sum tax. That is, given income y, workers
solve the following utility maximization problem:

max
c
u(c) = c

s.t. c = y − p
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Because of free mobility of the unemployed, in equilibrium the value of un-
employment must be the same everywhere. That is,

Uc = Ū for all c

Housing prices are assumed to be increasing in the size of the market:

pc = p(Lc), p
′ > 0

Finally, the aggregate labor force is exogenously given and it is allocated
across all cities: ∑

c∈C

Lc = L̄

2.2.3 Equilibrium
The equilibrium is characterized by a bundle {Lc, uc, xDc}c∈C . To derive it, first
evaluate Wc(x) at x = xDc and use utility equalization to obtain∫ 1

xDc

Wc(s) dG(s) = −AcxDc + pc + [r + λ(1−G(xDc))] Ū

Then,

(r + λ)Wc(x) = Ac(x− xDc) + [r + λ(1−G(xDc))] Ū + λG(xDc)Ū =

= Ac(x− xDc) + (r + λ)Ū

Now evaluate this expression at x = 1, solve for Wc(1)− Ū and plug this into
rŪ to obtain:

rŪ = bc − pc +
θcq(θc)

r + λ
Ac(1− xDc)

Hence, for any two cities B and S, in equilibrium:

bB − p(LB) +
θBq(θB)

r + λ
AB(1− xDB) = bS − p(LS) +

θSq(θS)

r + λ
AS(1− xDS)

which pins down LB and LS given LB + LS = L̄, and also given {uc, xDc}c=B,S .
However, note that since

ucθcq(θc)− λG(xDc)(Lc − uc) = 0

we have that uc is simply a function of Lc and xDc. Thus, we are only missing
xDc.
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Next, plug the expression we have derived for Wc(x) into its Bellman equa-
tion:

(r + λ)Wc(x) = Acx− pc + λ

[∫ 1

xDc

Ac(s− xDc) + (r + λ)Ū

r + λ
dG(s) +G(xDc)Ū

]
=

= Acx− pc + λ

[∫ 1

xDc

Ac(s− xDc)
r + λ

dG(s) + Ū

]
Evaluate it at x = xDc to obtain

xDc =
p(Lc)

Ac
− λ

r + λ

∫ 1

xDc

s− xDc dG(s) +
rŪ

Ac
=

=
bc
Ac

+
θcq(θc)

r + λ
(1− xDc)−

λ

r + λ

∫ 1

xDc

s− xDc dG(s)

which pins down xDc as a function of θc.
The mechanism of the model is the following. Everything else equal, AB >

AS makes city B more appealing to workers than city S because of higher labor
income. Thus, individuals have an incentive to move from S to B. This lowers
θB while raising θS . As a result, xDB goes down and xDS goes up because of the
positive correlation between market tightness and the separation bound (higher
market tightness raises the value of unemployment and, therefore, workers be-
come pickier about xD). Finally, the increase in LB raises housing prices in B
while the drop in LS lowers housing prices in S, which depresses the incentives to
migrate.

Note that given AB > AS , it is most likely that LB > LS , which also implies
θB < θS and, in turn, xDB < xDS . If LB < LS , people in B would be enjoying
higher incomes and lower housing prices together with higher job finding rates.
Clearly, this would be against utility equalization, unless the response of xDc to θc
is so large that it offsets all other effects. In what follows, I will assume that this
response is not that large.

2.2.4 Simulation
In order to illustrate the predictions of the model, I simulate it with two cities
{S,B}. Assume the following functional forms:

p(L) = Lη

q(θ) = θ−α

x ∼ Uniform[0, 1]
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The model is calibrated as follows:2

Table 2.1: Exogenous vacancy-posting model: Calibration

Ac vc b η α r λ L̄

S 1 0.0018 0.2 0.5 0.5 0.05 0.1 1
B 1.5 0.0018 0.2 0.5 0.5 0.05 0.1 1

The model is simulated as follows:

1. Guess L0
B and L0

S = L̄− L0
B.

2. Given this guess, find {xDc, uc}c∈{B,S} that satisfy the equilibrium condi-
tions.

3. Check that UB = US . If abs(UB−US) < τ , the equilibrium has been found.
Otherwise,

• If UB > US , update your guess with Ln+1
B = LnB + ε.

• If UB < US , update your guess with Ln+1
B = LnB − ε.

• With your new guess, go back to step 2.

Figure 2.1 depicts the output of the simulation.

That is,

• City size is increasing in A.

• Market tightness is decreasing in A: the job finding rate is lower in the
biggest city.

• The separation bound is decreasing in A: the job separation rate is lower in
the biggest city.

2The value chosen for vc is such that, given all other parameters, the ratio of the job separation
rate over the job finding rate implies a constant unemployment rate across the two cities.

42



“tesi˙completa˙AMS” — 2017/4/4 — 23:49 — page 43 — #63

Figure 2.1: Simulation of the simple model
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2.3 Frictional Vacancy-Posting with Micro-foundations
The previous section has shown that introducing frictions to vacancy posting into
a spatial model with frictional unemployment can lead us to reproduce the stylized
facts on local labor markets from which I set off at the beginning of the chapter.
In this section, I develop a richer version of the model and take it to the data
presented in the first chapter of the thesis.

2.3.1 The setup
Assume that workers have preferences over a consumption good c, whose price is
normalized to 1, and housing h, with price p. Given an income yic, worker i living
in city c solves the following problem:

max
cic,hic

u = acc
1−δ
ic hδic

s.t. cic + pchic = yic

where ac is a city-specific amenity. The optimal behavior given yic is:

c(yic) = (1− δ)yic,

h(yic, pc) = δ · yic
pic
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which implies the following indirect utility v(yic, pic):

v(yic, pic) = ac(1− δ)1−δδδ
yic
pδc

Housing supply is perfectly inelastic and given by H̄c. Housing prices are in
charge of clearing the market:∫ Lc

0

h(yic, pc) di = H̄c

Free mobility of the unemployed means that the value of being unemployed,
Uc, must be the same everywhere. Thus, in equilibrium free mobility implies that

Uc = U for all c

Finally, the national supply of labor is exogenously given by L̄, which in equi-
librium must be equal to the sum over each city’s labor force, Lc. That is,∑

c∈C

Lc = L̄

2.3.2 The local labor market
Within a city, unemployed workers and vacancies meet randomly, and the total
number of matches in a given period is given by

mc = m(vc, uc)

where m exhibits constant returns with respect to vc and uc. Defining θc ≡ vc/uc,
the firm’s probability of finding a worker and the worker’s probability of finding
a job are given by

mc

vc
≡ q(θc), q

′ < 0

mc

uc
≡ p(θc) = θcq(θc), p

′ > 0

Unemployed workers receive unemployment benefits b and randomly search
for a job. If they find one, they are endowed with the highest match-specific
productivity, x̄. Employed workers endowed with idiosyncratic productivity x
earn a wage wc(x) and next period they are shocked with a new idiosyncratic
productivity, which is drawn from a distribution G, with probability λ. After
observing the new idiosyncratic productivity, they decide whether to stay in the
job or switch to unemployment. Let xwDc be the smallest productivity with which
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they are willing to stay in the job. Clearly, at this point they are indifferent between
working or being unemployed. If they become unemployed, they migrate to the
city where they get the highest value. Analytically the behavior of workers is
described by

rUc = v(bc, pc) + θcq(θc) [Wc(x̄)− Uc]

rWc(x) = v(wc(x), pc) + λ

[∫ x̄

xwDc

Wc(s) dG(s) +G(xwDc) max
c′∈C
{Uc′} −Wc(x)

]
Wc(x

w
Dc) = Uc

Firms post vacancies by paying a flow cost κ. When a vacancy gets filled, it
is allocated the highest productivity. Filled jobs produce output, pay wages and
get shocked with a new idiosyncratic productivity with probability λ. If the new
idiosyncratic productivity is lower than xfDc, firms decide to break the match and
the job turns to a new vacancy, where xfDc makes the firm indifferent. The output
produced by a firm depends both on the idiosyncratic productivity of the match
and on the city-specific productivity Ac. Thus, the behavior of firms is described
by

rVc = −κ+ q(θc) [J(x̄)− Vc]

rJc(x) = Acx− wc(x) + λ

[∫ x̄

xfDc

Jc(s) dG(s) +G(xfDc)Vc − Jc(x)

]
Jc(x

f
Dc) = Vc

where V and J the value of an unoccupied and and occupied job, respectively. Just
as workers pay for housing in order to live in city c, firms need to pay an entry cost
to be located in city c. This entry cost is paid only once, and it is assumed to be
a function f of the city’s housing price. Intuitively, before posting vacancies and
producing, firms need to rent a spot in the outskirts3 of the city where employees
work. Since there is free entry of firms, they locate in city c until

rVc = f(pc)

Finally, wages split the surplus of the match in constant shares:

Wc(x)− Uc = β [Wc(x)− Uc + Jc(x)− Vc]

Thus, firms and workers always agree on whether to break or keep the match.
That is,

xwDc = xfDc = xDc

3That is, they will not influence the housing market of workers.
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The main difference with respect to a textbook frictional labor market with
endogenous separation (such as the one in Pissarides (2000)) is the city entry cost
for firms. Its function is to dampen vacancy posting and make it less responsive
to productivity differences. The intuition is as follows. Everything else equal,
workers move to cities with higher city-specific productivity, where they will earn
higher wages. If firms were not able to adjust the amount of vacancies they post,
worker mobility would drive market tightness -and hence the job finding rate-
down. Given that housing prices go up as workers flow into a city, the fact that
firms need to buy a unit of land whose price depends on housing prices makes it
costlier for them to adjust the amount of vacancies posted.

2.3.3 Equilibrium
First, we solve for the wage. Using rWc(x) and rJc(x) into the surplus-sharing
equation one gets

(1− β)v(wc(x), pc) + βwc(x) = βAcx+ (1− β)rU − βrVc

Subsituting for v(·), U and Vc, we find that the wage is given by

wc(x) =
ac(1− β)(1− δ)1−δδδb+ βpδc [Acx+ θcκ+ f(pc) (θc − 1)]

ac(1− β)(1− δ)1−δδδ + βpδc

Second, we need to find the job creation and destruction equations (that is, the
solution for θc and xDc). To do so, evaluate the value of a filled job at xDc and
plug the resulting expression back into the value of a filled job to get

(r + λ)Jc(x) = Ac(x− xDc) + wc(xDc)− wc(x) + (r + λ)Vc

Substituting for the wage gives us

Jc(x)− Vc =
ac(1− β)(1− δ)1−δδδAc(x− xDc)

(r + λ) [ac(1− β)(1− δ)1−δδδ + βpδc]

At the same time, imposing free entry into the value of a vacancy gives us

Jc(x̄)− Vc =
f(pc) + κ

q(θc)

Combining the two expressions gives us the job creation equation, which is an
equation in xDc and θc (given pc):

f(pc) + κ

q(θc)
=

ac(1− β)(1− δ)1−δδδAc(x̄− xDc)
(r + λ) [ac(1− β)(1− δ)1−δδδ + βpδc]
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To find the job destruction equation, note that we can rewrite the Bellman equation
for the value of a filled job as

rJc(x) = Acx− wc(x) + λ

[∫ x̄

xDc

Jc(s)− Vc dG(s) + Vc − Jc(x)

]
Plugging in the expression for Jc(x) − Vc into the integral and evaluating every-
thing at x = xDc we get

rVc = AcxDc −wc(xDc) +
λ

r + λ

∫ x̄

xDc

ac(1− β)(1− δ)1−δδδAc [s− xDc]
ac(1− β)(1− δ)1−δδδ + βpδc

dG(s)

Finally, plug in the wage and rearrange terms to obtain the job destruction equa-
tion, which is also an equation in xDc and θc (given pc):

xDc =
b+ f(pc)

Ac
+

βpδc
ac(1− β)(1− δ)1−δδδ

(κ+ f(pc))θc
Ac

− λ

r + λ

∫ x̄

xDc

s−xDc dG(s)

Third, we need to pin down housing prices. Because workers can be in two
income states, employment and unemployment, we deal with two types of con-
sumers of housing. However, this means that workers constantly readjust their
consumption of housing as they switch across labor market states. In order to
avoid this, I assume that there is perfect income sharing at the city level. That is,
the local government imposes a 100% tax on income that is then fully distributed
in equal shares to every worker in the city. Therefore, everyone in city c has the
same income

yic = yc =
uc
Lc
b+

(
1− uc

Lc

)∫ x̄

xDc

wc(s) dGxD(s)

where GxD is the truncated distribution:

GxD = P (x < X|x > xD) =
G(x)

1−G(xD)

Note that I derived the wage equation assuming different incomes. But if all
workers receive the same flow income one might think that there is no incentive
for them to secure a good deal with their matching firm. However, we can think of
individuals as living in families, within which some individuals work and some are
unemployed. Then we can rephrase the income-pooling assumption as saying that
individuals maximize family income, and the family distributes it equally among
its members. Under this assumption, the equilibrium in the housing market is
given by

δ

[
uc
b

pc
+ (Lc − uc)

∫ x̄

xDc

wc(s)

pc
dGxD(s)

]
= H̄c
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where
uc
Lc

=
λG(xDc)

λG(xDc) + θcq(θc)

Finally, we need to find the spatial allocation of workers that satisfies the ag-
gregate resource constraint, ∑

c∈C

Lc = L̄,

and utility equalization
Uc = U for all c

Note that with income pooling both unemployed and employed workers of all
productivity types get the same flow payment. As a result, the ex post present-
discounted values of every labor market state must be the same. That is,

Wc(x) = Uc ∀x

Therefore, there is not only perfect spatial equalization of the value of being un-
employed but also of the value of being employed, regardless of one’s type and
location:

Wc(x) = Uc = U ∀x, c

Given that the present-discounted value of being located in city c is given by

rUc = v(yc, pc),

the spatial equilibrium requires that flow utilities are equalized across cities. That
is,

v(yc, pc) = v(yc′ , pc′) ∀c, c′ ∈ C

or, substituting:

ac

[
uc
Lc

b

pδc
+

(
1− uc

Lc

)∫ x̄

xDc

wc(s)

pδc
dGxDc(s)

]
=

= ac′

[
uc′

Lc′

b

pδc′
+

(
1− uc′

Lc′

)∫ x̄

xDc′

wc′(s)

pδc′
dGxDc′

(s)

]
∀c, c′ ∈ C

2.3.4 Discussion
The standard textbook frictional labor market has a strong and intuitive connex-
ion between productivity and vacancy posting: the more productive a market,
the higher the surplus, so firms post more vacancies, which implies a higher job
finding rate for workers. However, this is not what we see in the data when we
compare small (low productivity) cities and large (high productivity) cities. The
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mechanisms that reconcile the frictional labor market with the data are labor mo-
bility and housing prices. The key intuition of the model presented here is that
workers need to be more sensitive to productivity differences across cities than
firms. Thanks to higher housing prices, the firm’s response to productivity differ-
ences is dampened so that labor mobility becomes more sensitive to productivity
differences than vacancy posting.

2.3.5 Estimation

Data

In order to estimate the model, we use data on job finding and separation rates,
which are computed as unemployment- to- employment and employment- to- un-
employment transition frequencies, respectively, using microdata from the Cur-
rent Population Survey (CPS). Unemployment rates and city size (that is, labor
force) are also computed from CPS microdata.4

Wages and housing prices are computed as in Eeckhout et al. (2014). In par-
ticular, wages are computed using microdata from the CPS merged outgoing ro-
tation groups as provided by the NBER. I restrict the sample to full-time workers
in identified metropolitan statistical areas (MSAs), I drop each year’s lowest 0.5%
(weekly) wage earnings (as a way of eliminating likely misreported wages close
to zero) and compute each MSA’s year average weekly earnings. As for housing
prices, data comes from the 2012-2013 American Community Survey (ACS) as
provided by the Minnesota Population Center in its Integrated Public Use Micro-
data Series (IPUMS). I restrict the sample to housing units in identified MSAs (ex-
cluding units in group quarters, farmhouses, mobile homes, trailers, boats, tents
and vans). The ACS provides information on the monthly contract rent for rental
units and several housing characteristics of the unit (the number of rooms, the
units in structure, and the age of structure). Using this information I run hedonic
regressions with MSA fixed effects. The MSA’s housing price index is computed
as the estimated MSA fixed effect, which is standarized so that its weighted (by
housing units) mean is equal to one. Finally, data on land comes from the 2013
U.S. Gazetteer Files provided by the US Census information on land area in square
meters at the county level (counties are matched to MSAs using the 2013 delin-
eation fixed by the Office of Management and Budget).

Note that the model is static. Thus, I estimate it using data for a given year (in
particular, 2013).

4See chapter 1 of the thesis for more details on these data.
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Algorithm

The model is described by

f(pc) + κ

q(θc)
=

ac(1− β)(1− δ)1−δδδAc(x̄− xDc)
(r + λ) [ac(1− β)(1− δ)1−δδδ + βpδc]

(JC)

xDc =
b+ f(pc)

Ac
+

βpδc
ac(1− β)(1− δ)1−δδδ

(κ+ f(pc))θc
Ac

−

− λ

r + λ

∫ x̄

xDc

s− xDc dG(s) (JD)

δ

[
uc
b

pc
+ (Lc − uc)

∫ x̄

xDc

wc(s)

pc
dGxD(s)

]
= H̄c (H)

ac

[
uc
Lc

b

pδc
+

(
1− uc

Lc

)∫ x̄

xDc

wc(s)

pδc
dGxD(s)

]
= Ū ∀c ∈ C (U)∑

c∈C

Lc = L̄ (L)

where

wc(x) =
ac(1− β)(1− δ)1−δδδb+ βpδc [Acx+ θcκ+ f(pc) (θc − 1)]

ac(1− β)(1− δ)1−δδδ + βpδc
(W)

uc
Lc

=
λG(xDc)

λG(xDc) + θcq(θc)

Assume the following functional forms:

f(pc) = ψpξc
m(vc, uc) = φv1−α

c uαc ⇒ q(θc) = φθ−α,

G(x) =
x− x
x̄− x

where x is normalized to 0.
There are 6 city-specific variables:

{ac, Ac, pc, Lc, θc, xDc}

and I have data on
{wc, pc, Lc, uec, euc, H̄c}

where uec and euc are linked to θc and xDc by

uec = θcq(θc) (UE)
euc = λG(xDc) (EU)

50



“tesi˙completa˙AMS” — 2017/4/4 — 23:49 — page 51 — #71

I calibrate the following parameters:

{β, δ, r}

To ensure utility equalization, I focus on utilities relative to city 1 and normal-
ize a1 = 1. That is,

Uc
U1

= ac

 uc
Lc

b
pδc

+
(

1− uc
Lc

) ∫ x̄
xDc

wc(s)
pδc

dGxDc(s)

u1
L1

b
pδ1

+
(

1− u1
L1

) ∫ x̄
xD1

w1(s)

pδ1
dGxD1

(s)

 = 1

I estimate the following parameters

{λ, x̄, α, κ, b, φ, ψ, ξ}

Denote data-based variables with a d superscript and model-based variables
with a m superscript. The algorithm is as follows:

1. Back out θc as a function of α and φ from

uec = φθdc (α, φ)1−α

2. Given that we normalize x, back out xDc(λ, x̄) as a function of {λ, x̄} from

euc = λ · x
d
Dc(λ, x̄)− x
x̄− x

3. Given a1 = 1, compute U1 as a function of b using data on u1, p1, L1 and
w1 from

U1 =

[
ud1
Ld1

b

pd1
δ

+

(
1− ud1

Ld1

)
wd1

pd1
δ

]
and, then, compute adc as a function of b using data on uc, pc, Lc and wc
from utility equalization:

ac(b) ≡ adc : ac(b)

udc
Ldc

b

pdc
δ +

(
1− udc

Ldc

)
wdc
pdc
δ

U1(b)
= 1

4. Now we can back out Ac as a function of {λ, x̄, b, κ, φ, α} by imposing that
the model’s expected wage, given θdc (φ, α) and xdDc(λ, x̄), must be equal to
the data-based wage of each city:

Ac(λ, x̄, b, κ, φ, α) ≡ Adc :

wdc = wc(x) =
adc(1− β)(1− δ)1−δδδb+ βpdc

δ [
AdcE[x|x > xdDc] + θdcκ+ f(pdc)

(
θdc − 1

)]
adc(1− β)(1− δ)1−δδδ + βpdc

δ

where note that we also use data on housing prices, pdc .
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5. Given Adc and adc , solve the model as a function of {λ, x̄, b, κ, φ, α, ψ, ξ}.
That is, find {xmDc, θmc , pmc , Lmc }, which are a function of (λ, x̄, b, κ, φ, α, ψ, ξ),
such that

f(pmc ) + κ

q(θmc )
=

adc(1− β)(1− δ)1−δδδAdc(x̄− xmDc)
(r + λ) [adc(1− β)(1− δ)1−δδδ + βpmc

δ]

xmDc =
b+ f(pmc )

Adc
+

βpmc
δ

adc(1− β)(1− δ)1−δδδ
[κ+ f(pmc )]θmc

Adc
− λ

r + λ

∫ x̄

xmDc

s− xmDc dG(s)

δ

[
umc

b

pmc
+ (Lmc − umc )

∫ x̄

xmDc

wmc (s)

pmc
dGxD(s)

]
= H̄d

c

adc

 umc
Lmc

b
pmc

δ +
(

1− umc
Lmc

) ∫ x̄
xmDc

wmc (s)
pmc

δ dGxDc(s)

um1
Lm1

b
pm1

δ +
(

1− um1
Lm1

) ∫ x̄
xmD1

wm1 (s)

pm1
δ dGxD1

(s)

 = 1 ∀c ∈ C

umc
Lmc

=
λG(xmDc)

λG(xmDc) + θmc q(θ
m
c )

where L is known, L1 is derived from∑
c∈C

Lmc (λ, x̄) = L

and the wage is given by

wmc (x) =
adc(1− β)(1− δ)1−δδδb+ βpmc

δ
[
Adcx+ θmc κ+ f(pmc ) (θmc − 1)

]
adc(1− β)(1− δ)1−δδδ + βpmc

δ

6. Find {λ, x̄, b, κ, φ, α, ψ, ξ} such that the following loss functions are mini-
mized: ∑

c∈C(Ldc − Lmc )2

var(Ldc)∑
c∈C(pdc − pmc )2

var(pdc)∑
c∈C(wdc − wmc )2

var(wdc )∑
c∈C(θdc − θmc )2

var(θdc )∑
c∈C(xdDc − xmDc)2

var(xdDc)∑
c∈C(udc − umc )2

var(udc)
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Estimation output

I have run this algorithm successfully with fake data provided that the initial guess
of the algorithm is equal to the estimation’s solution. Thus, the algorithm works.
However, I have failed in successfully mapping the model to real-world data. This
is either the model’s or the estimation algorithm’s fault. Thus, next I proceed to
estimate a simplified version of the model.

A simplified estimation

Given that the full model has trouble in matching the data, I also estimate a much
simplified version of the model that preserves its main mechanisms. First, I as-
sume that δ = 0 but that housing is paid as a lump-sum tax. That is,

max
cic

u = ac + cic

s.t. cic + pc = y

Second, I exogenize the housing market and assume that housing prices are
given by

pc = δ0 + δ1 ln(Lc)

which, as Figure 2.2 shows, generally has a good fit.

Figure 2.2: Housing prices and city size
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Therefore, in the estimation Lc is inputed as data and pc is inputed as fitted data.
Deriving the model just as before, I obtain the following equilibrium charac-

terization:

f(pc) + κ

q(θc)
=

(1− β)Ac(x̄− xDc)
r + λ

(JC)

xDc =
b+ f(pc)

Ac
+

(κ+ f(pc))θcβ

(1− β)Ac
− λ

r + λ

∫ x̄

xDc

s− xDc dG(s) (JD)

pc = δ0 + δ1 ln(Lc)

b− pc + ac +
βθ

1− β
(f(pc) + κ) = Ū ∀c ∈ C∑

c∈C

Lc = L̄

where

wc(x) = (1− β)b+ β [Acx+ θcκ+ f(pc) (θc − 1)]

uc
Lc

=
λG(xDc)

λG(xDc) + θcq(θc)

To estimate the model, I assume

G(x) =
x− x
x̄− x

q(θ) = φθ−α

f(p) = ψpξ

I calibrate the following parameters:5

Table 2.2: Endogenous frictional vacancy posting: Calibration

r x φ δ0 δ1 ψ L̄

0.012 0 1.355 -0.2282 0.0851 1 1

where δ0 and δ1 are taken from the regression of the housing price index on
the (log) of the MSAs labor force. As for the remaining {α, ξ, β, x̄.λ, b, κ} pa-
rameters, I set a large grid {αi, ξi, βi, x̄i.λi, bi, κi}Ni=1. This is a large grid, so I set

5φ and r come from Shimer (2005).
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N = 5 and define the grid as

α = {0.1, . . . , 0.9}
ξ = {1, . . . , 3}
β = {0.1, . . . , 0.95}
x̄ = {1, . . . , 5}
λ = {0.1, . . . , 0.9}
b = {0.1, . . . , 0.9}
κ = {0.1, . . . , 0.9}

Then, for each point in the grid, the algorithm is as follows:

1. Get θc and xDc implied by the data and the functional form assumptions for
G(·) and q(·).

2. Get Ac implied by the data (i.e. using the wage equation).

3. Given Ac, find {θc, xDc} that solve JC and JD (recall that Lc, pc are data).

4. Find ac as the residual that ensures utility equalization.

5. Compute model-data discrepancy for θc, xDc, wc, given by:

L(y) ≡
∑C

c=1

(
ymodelc − ydatac

)2∑C
c=1 (ydatac − ȳdata)2

for yc = {θc, xDc, wc}
Finally, to reduce noise, the data on job finding and separation rates, housing

prices, wages and labor force used to discipline the model come from 185 on-the-
regression-line cities: that is, fictitious cities that are on the regression line when
regressing each variable on the log of labor force.

Figures 2.3 to 2.4 plot the model-predicted job finding and separation rates
against the (log) of city size when minimizing the sum of L(θ), L(xD) and L(w).

Clearly, the model does not do a good job at matching both rates. In fact, at most it
can replicate one of the flows. For instance, Figures 2.5 to 2.6 plot the estimation
output when when minimizing L(xD).
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Figure 2.3: Predicted unemployment-to-employment frequency - full loss
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Figure 2.4: Predicted employment-to-unemployment frequency - full loss
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Figure 2.5: Predicted unemployment-to-employment frequency - L(xD)
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Figure 2.6: Predicted employment-to-unemployment frequency - L(xD)
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2.4 Specialization

2.4.1 Intuition
A potential explanation for labor productivity being increasing in city size is that
jobs have a higher degree of specialization bigger cities. Greater specialization
potentially has two implications that could help rationalize the decreasing-in-city-
size labor market flows: greater specialization might make it more difficult to
find a match (see, for instance, the search model of Kiyotaki & Wright (1993)
in the context of monetary economics) and it might also increase the quality of
the match, which in turn would reduce separation rates. To assess these mecha-
nisms and their implications, I develop a spatial equilibrium model with frictional
unemployment and specialization of workers. In particular, I extend a simplified
version of Postel-Vinay & Robin (2002a) by allowing for endogenous vacancy
posting. The motivation for working with an environment close to the one in
Postel-Vinay & Robin (2002a) is that in this environment it is simple to derive
implications on job-to-job flows (recall that in chapter 1 of thesis I documented
that job-to-job flows are also decreasing in city size).

2.4.2 Setup
In each local labor market, all firms can post vacancies and all firms can hire
employed and unemployed workers. The number of matches mi depends on a
common matching functionm (which takes as an input the number of vacancies v,
and the number of unemployed u and employed e workers) and a market-specific
matching efficiency λi:

mi = λi ·m(v, u+ e), i = {0, 1} (2.1)

where 0 stands for unemployed workers and 1 stands for employed workers. That
is, on-the-job offers and first-job offers share the same pool of workers but they
might have different matching efficiencies. Define:

θ ≡ v

u+ e
, q(θ) ≡ m

(
1,
u+ e

v

)
(2.2)

The evolution of the unemployment rate6 and the steady state unemployment
rate are given by:

ut+1 = ut + (1− ut)δ − ut · λ0θq(θ) (2.3)

⇒ u =
δ

δ + λ0θq(θ)
(2.4)

6I assume a population of mass 1.
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where δ is the exogenous probability with which employed workers transition to
unemployment.

2.4.3 Notation

Following Postel-Vinay & Robin (2002a), firms have heterogeneous productivi-
ties, which are distributed over

[
p, p̄
]

according to a cumulative distribution func-
tion Γ. Also, define Γ̄ = 1− Γ. Unemployed workers get unemployment benefits
equal to b. The lifetime utility of being unemployed is denoted by V0. The opti-
mal wage offer made by a p-firm to an unemployed worker is denoted by φ0(b).
Similarly, employed workers in a productivity-p firm get paid w and their lifetime
utility is denoted by V (b, w, p). Employed workers get offers from other firms.
Thus, denote by φ(p, p′) the optimal wage offer made by a p′-firm to a worker
employed in a p-firm such that the worker is willing to accept it. At most, a p-firm
is able to offer a wage equal to its productivity. Denote by s(w, p) the productivity
of a firm such that the optimal wage offer of such s-firm to a worker earning w in
a p firm is given by

φ(s(w, p), p) = w

Observe that when s < p′ < p, the offer from the p′-firm will grant a wage rise to
the worker, who will stay in the p-firm. Instead, when p < p′ the worker will also
get a wage rise, but now she will switch to the p′-firm.

2.4.4 The problem of employees

At each point in time, employees earn a wage that was bargained over when they
got hired. Their status can change in three directions: 1) they might become un-
employed, 2) they might earn a wage rise within the firm they are already working
for (thanks to receiving an external offer that gives them bargaining power), or 3)
they might find a new job (where they get offered a wage good enough to make
them indifferent between staying in the old job or switching jobs). Thus, the life-
time value of being employed in a p-firm earning w, V (w, p), is

[r + δ + λ1θq(θ)Γ̄(s(w, p))]V (w, p) =

= w + λ1θq(θ) [Γ(p)− Γ(s(w, p))] · Ep′ [V (p′, p′)|s(w, p) < p′ ≤ p]+ (2.5)
+ λ1θq(θ)Γ̄(p)V (p, p) + δV0 (2.6)

where r is the discount rate. Evaluate this expression at w = p to obtain:

V (p, p) =
p+ δV0

r + δ
(2.7)
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since s(p, p) = p. Now plug it back:

(r + δ + λ1θq(θ)Γ̄(s(w, p))]V (w, p) =

= w + λ1θq(θ)

∫ p

s(w,p)

x+ δV0

r + δ
dΓ(x) + λ1θq(θ)Γ̄(p)

(
p+ δV0

r + δ

)
+ δV0 (2.8)

Next note that:
V (w, p) = V (s(w, p), s(w, p))

and hence

V (w, p) =
s(w, p) + δV0

r + δ

Plugging it into (2.8) one can show that:

s(w, p) = w +
λ1θq(θ)

r + δ

∫ p

s(w,p)

Γ̄(x)dx (2.9)

Then one can show that:

φ(p, p′) = p− λ1θq(θ)

r + δ

∫ p′

p

Γ̄(x)dx (2.10)

φ0(p) = b− λ1θq(θ)

r + δ

∫ p

b

Γ̄(x)dx (2.11)

As Postel-Vinay & Robin (2002a) point out, unemployed workers are willing to
accept a flow wage lower than the unemployment benefits they receive: by ac-
cepting such an offer, they also gain the option of starting climbing up the wage
ladder as on-the-job offers arrive.

2.4.5 The problem of the unemployed
Unemployed workers earn unemployment benefits but their situation might change
if they get a job offer. Thus, the lifetime value of being unemployed is:

(r + λ0θq(θ))V0 = b+ λ0θq(θ)Ep[V (φ0(p), p)] (2.12)

Firms have all the bargaining power. Thus, if a wage offer arrives, a firm will
offer a wage that makes the worker indifferent between working or not working.
That is, they make an offer φ0(p) such that

V0 = V (φ0(p), p) (2.13)

which implies that:

V0 =
b

r
(2.14)
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2.4.6 The problem of firms

Firms open vacancies at a flow cost κ to hire unemployed and currently employed
workers. Search is random. Filled vacancies get a productivity p ∈ [p, p̄] from Γ,
and their value is denoted by J . Thus, the value F of posting a vacancy is given
by:

[r + (λ0 + λ1)q(θ)]F = −κ+

+ q(θ) {λ0Ep[J(p, φ0(p))] + λ1Ep,w[J(p, φ(p′, p))]} (2.15)

Because there is free entry of firms,

F = 0

Thus:
λ0Ep[J(p, φ0(p))] + λ1Ep,w[J(p, φ(p′, p))] =

κ

q(θ)
(2.16)

where

Ep[J(p, φ0(p))] =

∫ p̄

p

J(x, φ0(x))dΓ(x)

Ep,w[J(p, φ(p′, p))] =

∫ p̄

p

∫ x

p

J(x, φ(y, x))dΓ(y)dΓ(x)

A firm with a filled job can experience a change in its status because of three
reasons: 1) the match gets destroyed, 2) the firm must raise the worker’s wage to
prevent her from switching employers, or 3) the firm cannot prevent its employee
to switch employers. Thus, the value J of a filled job with productivity p and
paying a wage w is:

[r + δ + λ1θq(θ)Γ̄(s(w, p))]J(p, w) = p− w+

+ λ1θq(θ)
[
Γ(p)− Γ̄(s(w, p))

]
· Ep′ [J(p, φ(p′, p))|s < p′ ≤ p] (2.17)

where

w =

{
φ0(p) if hired from unemployment
φ(p′, p) if hired on the job[

Γ(p)− Γ̄(s(w, p))
]
· Ep′ [J(p, φ(p′, p))|s < p′ ≤ p] =

=

∫ p

s(w,p)

J(p, φ(x, p))dΓ(x)
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2.4.7 Simplification: one type of firms
I will solve a simplified version of this model. In particular, I assume that there is
only one type p of firms. In this case, it is easy to see that the value of posting a
vacancy is

[r + (λ0 + λ1)q(θ)]F = −κ+ q(θ) [λ0J(φ0) + λ1J(φ(p, p))]

Note that the wage offered to an unemployed worker is now:

φ0(p) = φ0 = b− λ1θq(θ)

r + δ
· [p− b]

Also note that hiring a worker from a rival firm implies that all surplus must go to
the worker. That is, φ(p, p) = p. Then it must be the case that J(φ(p, p)) = 0 and
thus free entry (F = 0) implies:

J(φ0) =
κ

λ0q(θ)

Clearly, the value of a filled job is:

[r + δ + λ1θq(θ)] J(w) = p− w + λ1θq(θ)J(φ(p, p)) =

= p− w

since J(φ(p, p)) = 0. Then,

J(φ0) =
p− φ0

r + δ + λ1θq(θ)

Substituting for φ0 and combining the whole expression with free entry:

p− b+ λ1θq(θ)
r+δ

· [p− b]
r + δ + λ1θq(θ)

=
κ

λ0q(θ)

Simplifying:

J(φ0) =
p− b
r + δ

=
κ

λ0q(θ)

Solving for q(θ):

q(θ) =
κ

λ0

· r + δ

p− b
The model is now solved. However, if we want to talk about cities this model

is problematic. The reason is thatJ(φ0) is increasing in p, which implies that θ
is also increasing in p. That is, higher productivity implies higher job finding
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rates, both for employed and unemployed workers. Since we know from Glaeser
& Gottlieb (2009) that labor is more productive in bigger cities, this implies that
bigger cities should have higher job-finding rates7 –but this is not what we observe
in the data. Also, the model implies that θi is decreasing in δ (preventing the
positive correlation that we see between job finding and separation rates along
city size).

2.4.8 Introducing cities
Let city c be endowed with a degree xc of specialization (we can think of it as
the probability that any given worker in city c is compatible with the firm she has
been randomly matched to). Assume that specialization affects negatively match-
ing efficiency (more unlikely to randomly find a suitable match), positively pro-
ductivity and negatively separation rates (a compatible match is very productive,
so it is more unlikely to be destroyed). That is,

mic = λi · f(xc) ·m(v, u+ e), i = {0, 1}, f ′(xc) < 0

Ac = A(xc), A
′(xc) > 0

δc = δ(xc), δ
′(xc) < 0

Then, in equilibrium:

q(θc) =
1

f(xc)
· κ
λ0

· r + δ(xc)

A(xc)p− b

Now the prediction of the model is

θ′c(xc) < 0⇐⇒ −f
′(xc)

f(xc)
>

A′(xc)p

A(xc)p− b
− δ′(xc)

r + δ(xc)

because ↑ xc implies:

1. Lower matching efficiency, which implies ↓ θc.

2. Higher productivity and lower separation, which imply ↑ θc.

Reproducing the stylized facts documented in this thesis would require that (1)
dominates over (2).

For instance, assume:

f(xc) = x−ηc , A(xc) = xαc , δ(xc) = x−δc

7Observe that Postel-Vinay & Robin (2002a) shares the same logic as the labor market model
in the spirit of Pissarides (2000) presented in chapter 1 of this thesis.
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Then,

θ′c(xc) < 0⇐⇒ η > η∗ ≡ αxαc p

xαc p− b
+

δx−δc
r + x−δc

Note: η∗ monotonically decreasing in xc. In other words, given η the effect of xc
might be nonlinear.

2.4.9 Discussion on the meaning of ‘specialization’
Let there be Lc types of firms and Lc types of workers in city c. We can interpret
xc as the inverse of the share of types that are compatible. Thus, ‘specialization’
is not about technical skills: it’s about how scarce your type is! In particular,
more scarcity implies lower likelihood of finding a compatible match, and hence:
1) Lower finding rates, and 2) Lower separation rates (where will you go?). Also,
more scarcity can imply higher productivity in the style of ‘increasing variety
growth models’.

2.4.10 Micro-founding specialization
Consider a simplistic world with no on-the-job search where in every period there
is an exogenous number v of open vacancies. Every period, the total number of
matches is given by:

mt = λ ·m(vt, ut)

where λmeasures the efficiency of the matching technologym(·). The first role of
specialization will be to micro-found λ. This is in the spirit of Kiyotaki & Wright
(1993). Since v̄ is fixed, I make the following simplifying assumption:

m(v̄, u) = min{v, u} = u

Assume there is a mass 1 of workers. Every period, a fraction u of them
are unemployed and the remaining are employed. Flows out of unemployment
correspond to new matches and flows into unemployment correspond to broken
matches (which happens at rate δ). Thus,

u =
δ

δ + λ

where the job finding rate comes from the fact that:

mt

ut
= λ

Thus, if λ = 1 in this world every unemployed worker would be matched to
a new firm every period. However, not all workers are alike. In fact, each worker
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is indexed by a type x ∈ (0, 1) that represents the fraction of compatible potential
employers. Each unemployed worker is allowed to choose x according to the
following trade-off:

1. A high x makes a worker compatible with a large fraction of firms, which
increases the likelihood of becoming employed; but. . .

2. A high x lowers the productivity of the worker, which is translated into a
lower wage.

That is, I assume that specialization raises an employed’s wage but depresses
her chances of finding a job when unemployed:

λ = λ(x), λ′ > 0

w = w(x), w′ < 0

Hence, an unemployed worker chooses x to maximize the present discounted
value of being unemployed:

rU(x) = b+ λ(x) · (W (x)− U(x))

where W (x) is the value of being employed in “occupation” x:

rW (x) = w(x) + δ (U(x)−W (x))

Combining both expressions, we can see that an unemployed worker chooses
x in order to maximize:

rU(x) = b+ λ(x) · w(x)− b
ρ+ δ + λ(x)

That is,

max
x

λ(x) · (w(x)− b)
r + δ + λ(x)

The first-order condition that pins down x is:

− w′(x)
w(x)−b

r + δ
=

λ′(x)
λ(x)

r + δ + λ(x)
(FOC)

which says that the discounted marginal loss in the employee’s flow surplus must
be exactly offset by the discounted marginal gain in the unemployed’s probability
of finding a job.

There is a natural functional form for λ(·): if x is the share of compatible
potential employers, it is natural to assume λ(x) = x. So the next step is to
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Figure 2.7: Equilibrium degree of specialization

x

LHS

RHS

understand what w(·) is. But before doing so note that if λ(x) = x, the right-hand
side (RHS) of the FOC(x) is convex and decreasing in x. Thus, to ensure a unique
solution we need to assume that w′′(x) < 0 so that the left-hand side (LHS) is
increasing in x:

∂RHS

∂x
=
λ′′(x)λ(x) [r + δ + λ(x)]− λ′(x) [λ′(x)(r + δ + λ(x)) + λ(x)λ′(x)]

[λ(x) (r + δ + λ(x))]2

∂LHS

∂x
= −w

′′(x) [w(x)− b]− [w′(x)]2

(r + δ) [w(x)− b]2

Graphically,

I model w(x) as coming out of Nash Bargaining between firms and workers,
but I keep the assumption that the number of open vacancies per period is ex-
ogenously given by v̄. Thus, firms will be limited to collecting their share of the
match surplus. Assume that there is an exogenous distribution of firms in which
each firm is indexed by a type y. Firms can only produce with workers of their
same type. Thus, a y-type firm’s output is given by:

f(x, y, A) =

{
f(x,A) if x = y

0 if x 6= y
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where A is the exogenous productivity common to all firms. Note that all firms
that operate with a compatible worker use the same technology. I assume that the
marginal product of labor is increasing in its degree of specialization:8

∂f(x,A)

∂x
≡ fx < 0

For the time being, I do not make any assumptions on ∂2f(x,A)/∂x∂A, although:

fA > 0

Hence, the value of a filled job is given by:9

rJ(x) = f(x,A)− w(x) + δ(V (x)− J(x))

where V (x) is the value of an open vacancy, which is given by:

rV (x) = λ(x)(J(x)− V (x))

Note that there is no free entry condition, as the number of open vacancies is
exogenously given.

Nash Bargaining sets a wage w(x) such that:

W (x)− U = β(W (x)− U(x) + J(x)− V (x))

Substituting the Bellman equations for W (x), U(x), J(x), and V (x) yields:

w(x) = (1− β)b+ βf(x,A)

Substituting this wage into the FOC for x:

− fx(x,A)
f(x,A)−b

r + δ
=

λ′(x)
λ(x)

r + δ + λ(x)
(*)

which gives a solution for x given the parameters {A, b, r, δ} and the functional
forms for λ and f . Note that if we assume λ(x) = x, uniqueness will be guaran-
teed when

w′′(x) < 0⇐⇒ fxx < 0

Recall that we want x to decrease with city size. Since corr(A, Size) > 0, we
need to compute ∂x/∂A. To do so, rewrite (*) as follows:

− fx(x,A)

f(x,A)− b
=

λ′(x)

λ(x)
(

1 + λ(x)
r+δ

)
Note that the RHS does not depend on A. Hence, what we really need is that

the LHS shifts inward when A grows:
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Figure 2.8: Equilibrium degree of specialization: ∆A

x

LHS(A0)

LHS(A1)

RHS

The partial derivative of the LHS when holding x fixed is:

∂LHS

∂A

∣∣∣∣
x=x̄

= −fxA [f(x,A)− b]− fxfA
[f(x,A)− b]2

Then, x will be decreasing in A when

fxA <
fxfA

f(x,A)− b
< 0,

where recall that fx < 0 and fA > 0. That is, we need that the marginal product
of specialization is strongly increasing in A. If this is the case, then workers in
larger cities will choose lower x because of the stronger complementarity between
A and specialization.

Lets assume a simple Cobb-Douglas production function:

f(x,A) = (1− x)αAβ,

8Recall that the degree of specialization is decreasing in x.
9Note that we focus on a job with x = y. The value of a job with x 6= y is never positive, so

the meeting between the y-firm and the x-worker would never become an operational match.
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which satisfies ∂LHS/∂x > 0. Note that in this case:

fx = −α(1− x)α−1Aβ < 0

fA = β(1− x)αAβ−1 > 0

fxA = −αβ(1− x)α−1Aβ−1 < 0

However, note that:

−fxfA
−fxA

=
α(1− x)α−1Aβ · β(1− x)αAβ−1

αβ(1− x)α−1Aβ−1
= (1− x)αAβ = f(x,A)

and therefore ∂x/∂A < 0 would only be satisfied if b < 0, which is not plausible:

fxA <
fxfA

f(x,A)− b
< 0⇐⇒ α(1− x)α−1Aβ · β(1− x)αAβ−1

f(x,A)− b
< αβ(1− x)α−1Aβ−1

⇐⇒
f(x,A)

f(x,A)− b
< 1

Lets now be more general and assume:

f(x,A) = [α(1− x)γ + βAγ]η

This implies that:

fx = −η [f(x,A)]
η−1
η γα(1− x)γ−1 < 0

fA = η [f(x,A)]
η−1
η γβAγ−1 > 0

fxA = −(η − 1) [f(x,A)]−
1
η fAγα(1− x)γ−1 < 0⇐⇒ η > 1

Then,

fxA <
fxfA

f(x,A)− b
⇐⇒ η [f(x,A)]

η−1
η γα(1− x)γ−1 · fA
f(x,A)− b

< (η − 1) [f(x,A)]−
1
η fAγα(1− x)γ−1

⇐⇒
f(x,A)

f(x,A)− b
<
η − 1

η
⇐⇒ η <

b− f(x,A)

f(x,A)
< 0

That is, the CES specification is not appropriate either.
However, the following technology will work:

f(x,A) = (α + 1− x)βA, α ≥ 1, β > 0
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In this case:

fx = −βA(α + 1− x)βA−1

fA = β(α + 1− x)βA ln(α + 1− x)

fxA = −β(α + 1− x)βA−1 − β2A(α + 1− x)βA−1 ln(α + 1− x) =

= −β(α + 1− x)βA−1 · (1 + βA ln(α + 1− x))

Then,

fxA <
fxfA

f(x,A)− b
⇐⇒ Aβ(α + 1− x)βA ln(α + 1− x)

(α + 1− x)βA − b
< 1 + βA ln(α + 1− x)

⇐⇒
βA ln(α + 1− x)

1− b
(α+1−x)βA

< 1 + βA ln(α + 1− x)

which is easily satisfied if b is small enough or if β is large enough.
Summing up, at least in the way I modeled here, specialization will only work

if there is an extremely strong complementarity between specialization and aggre-
gate (city-wide) productivity.

2.5 The Law of Large Numbers

2.5.1 Intuition
A simple explanation of the decreasing-in-city-size labor market flows might be
city size itself. To take an extreme case, a one-firm city (likely, a small city) will
experience massive layoffs if the firm closes down and massive hiring when the
firm settles down. To check the what kind of link between city size and labor
market flows would imply this logic, I also present a simple mechanical model of
labor market flows.

2.5.2 Setup
Gabaix (2009) shows that the city-size distribution of metropolitan areas in the
US is well approximated by:

ln(Rank) = 10.53− 1.005 ln(Size)

where Rank is a variable that sorts cities according to their population sizes (that
is, New York would have rank 1, Los Angeles would have rank 2, etc.). I use this
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relationship to create 250 fictitious cities, each containing as many observations
(workers) as implied by the log-rank-log-size relationship.

Assume every employed worker has a probability δ of transitioning to unem-
ployment. Similarly, assume every unemployed worker has a probability λ of
transitioning to employment. From the stylized facts in chapter 1 of this thesis,
the average US worker in 2013 had:

δ = 2.04%, λ = 23.28%

This implies that the probability that any given worker is unemployed is given by

ur =
δ

δ + λ

I use ur to create an initial distribution of unemployed workers. Given this initial
distribution, within a city I let each employed worker transition to unemployment
with probability δ and each unemployed worker transition to employment with
probability λ. In particular, every worker gets a random draw from a uniform
distribution in the [0, 1] interval. If the draw of an unemployed worker is smaller
than λ, she transitions to employment within the city she is located in. Similarly,
when the draw of an employed worker is smaller than δ she moves to unem-
ployment within the city she is located in. The resulting distribution of unem-
ployment rates, as well as employment-to-unemployment and unemployment-to-
employment transition frequencies are plotted against (log) of city size in Figures
2.9 to 2.11.

As we can see, the dispersion of unemployment rates and labor market flows
decreases with a city’s size. However, taking the average city within a city-size
bin, there is not statistical difference neither in unemployment rates nor in labor
market flows across cities of different size.

2.6 Conclusion
There are four stylized facts on local labor markets that should discipline a spatial
model of the labor market: 1) labor productivity is increasing in city size, 2)
matches are governed by a constant-returns-to-scale function, 3) unemployment
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Figure 2.9: Law of large numbers: unemployment rates
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Figure 2.10: Law of large numbers: unemployment-to-employment rates
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Figure 2.11: Law of large numbers: employment-to-unemployment rates

Log of size
10 11 12 13 14 15 16 17

E
U

 f
lo

w
s

0.022

0.0225

0.023

0.0235

0.024

0.0245

0.025

0.0255

0.026

0.0265

rates are constant across cities of different sizes, and 4) labor market flows are
decreasing in city size. The basic logic of a model of frictional unemployment is at
odds with the combination of these four facts: higher productivity induces higher
vacancy posting and, thus, higher job finding rates. In this chapter I have proposed
two departures from this logic: frictions in vacancy posting, and specialization of
workers. Although these modifications have an appealing intuition, one needs to
make strong assumptions for them to work (at least in the way I have formalized
them in this thesis).

I have also considered an alternative mechanical explanation inspired by the
Law of Large Numbers (LLN). The fact that the LLN produces higher dispersion
of labor market flows and unemployment rates within smaller cities is qualita-
tively consistent with the data (albeit far from being so in a quantitative fashion).
However, the LLN produces a symmetric dispersion, which is not what we ob-
serve in the data. Therefore, the stylized facts presented in chapter 1 do not seem
to the output of a mechanical statistical process in the spirit of the LLN.
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Chapter 3

LITERATURE

3.1 Local labor markets

I started the first chapter with an interesting fact about local labor markets: cross-
city variation in unemployment rates is large and it rivals variation over the busi-
ness cycle. This is not the only interesting difference in labor market outcomes
that has been documented in the literature. In particular, Moretti (2011) presents
a few additional stylized facts about local labor markets. First, there are large dif-
ferences in nominal labor costs across US metropolitan areas. As Moretti (2011)
shows, in 2000 the average hourly nominal wage of a college graduate in the 10th
percentile of the distribution across metropolitan areas is roughly 70% of what it
would be if she lived in a city belonging to the 90th percentile. The differences re-
main large even after further controlling for race, experience, gender and Hispanic
origin, and they are persistent over time. Note that if nominal wages are related
to the marginal product of labor, these differences point towards large differences
in labor productivity across metropolitan areas. Second, in fact, Moretti (2011)
computes a county-level measure of total factor productivity (TFP) and also finds
large and persistent differences across counties. And third, the differences in av-
erage real hourly wages across metropolitan areas are much smaller. As Moretti
(2011) shows, this is because there are large differences in the cost of housing, and
thus nominal wages seem to be adjusting in order to take account of differences
in the cost of living.

Glaeser & Gottlieb (2009) also provide a nice summary of a few stylized facts.
Their summary is particularly relevant to this thesis because it relates to city size.
In particular, they structurally estimate a spatial equilibrium model and find that
city size is positively associated with nominal wages (i.e. labor productivity) and
with housing prices. Note that the positive correlation between city size and nom-
inal wages could simply come from bigger cities attracting more talented workers.
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However, Glaeser & Maré (2001) show that nominal wages are increasing in city
size even after accounting for the ability of workers.

Overall, the literature documents significant variation in labor market out-
comes across metropolitan areas. In particular, bigger cities seem to be places
where workers are more productive but where the cost of living is also higher.

3.2 Unemployment rates and city size
The positive correlation between labor productivity and city size suggests that job
finding might be larger in larger cities, as posting vacancies becomes more prof-
itable. Thus, one could expect that larger cities would have lower unemployment
rates. However, as we have seen in chapter 1, this does not seem to be present in
the data for the US for 1996-2015. Still, there are a few published contributions
on the subject, each of them claiming to find a significant coefficient for city size
although there does not emerge a robust finding. The most cited ones are Vipond
(1974), Sirmans (1977), Simon (1988), and Alperovich (1993). The most recent
published contribution on the matter that I am aware of is Gan & Zhang (2006).

Vipond (1974) argues that there might be economies or diseconomies of scale
in a citys labor market. Economies might arise from greater choice while disec-
onomies could arise from costlier communication. Using UK data for cities with
population size greater than 50,000 for 1966, she finds that male unemployment
rates are increasing in city size while female unemployment rates are decreasing
in city size –controlling for the amount of commuting, the share of professional
workers and managers, the age structure of the city, its labor market participa-
tion rate and the share of employment in manufacturing. However, as Sirmans
(1977) notes, Vipond (1974) estimates separate equations for males and females.
Because it is likely that men and womens unemployment rates are interrelated,
Sirmans (1977) uses a Seemingly Unrelated Regressions model to take into ac-
count the possible correlation in the error terms. Although the coefficients in
Sirmans (1977) are estimated with more precision, his results confirm the sign,
the magnitude and the significance of Vipond (1974)s findings.

Alperovich (1993) argues that according to the law of large numbers bigger
cities should have lower unemployment rates: if shocks are not correlated among
firms, the larger the city the more diversified its economic structure will be, and
hence we should observe both lower unemployment rates and shorter duration
spells. He uses data from the 1983 and 1984 Israeli censuses for 53 cities of
10,000 and more inhabitants and controls for the median years of schooling of a
citys residents, the mean number of persons per household, the median age of the
citys inhabitants, population growth, distance to Tel-Aviv and the share of em-
ployment in manufacturing. With this specification, he finds that both unemploy-
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ment rates and the frequency of long spells of unemployment are significantly
decreasing in city size. Note that Alperovich (1993)s motivation comes from a
diversification hypothesis, but he does not really control for it –besides control-
ling for employment in manufacturing. In fact, the coefficient on employment in
manufacturing is not even significant. Simon (1988) takes the diversification ar-
gument more seriously and uses data on 91 MSAs in the US for 1977-1981 from
the Employment and Earnings issues published by the Bureau of Labor Statistics
to compute a city-specific Herfindahl index. He controls for median education,
industry composition, unemployment benefits and city size. With these controls,
he regresses unemployment rates on the Herfindahl index for the pooled sample
with year dummies. As expected, the coefficient on the Herfindahl index is signif-
icantly positive, suggesting that more diversification implies lower unemployment
rates. As for the effect of city size, he finds a significant positive coefficient, con-
tradicting the findings of Alperovich (1993).

Finally, Gan & Zhang (2006) want to test whether the diversification hypoth-
esis translates into differences in the cyclical behavior of unemployment across
cities. Using monthly data on 295 Primary MSAs in the US for 1981-1997, they
obtain a characterization of the cyclical behavior of each citys unemployment rate.
Then, they regress this measure on city size, unemployment benefits, the share of
young residents, the net migration rate and the physical extension of the city, and
find that larger cities tend to have shorter unemployment cycles and lower un-
employment rates at the peak of the cycle. They also add a control for industry
composition and find that monthly unemployment rates are significantly decreas-
ing in city size. Yet, the fact that they use monthly rates is troublesome as there
might be seasonality effects and severe small sample size problems for the smaller
cities.

Overall, the published evidence is old, the quality of the data they use is not
satisfactory, and above all there does not emerge a consistent result for the rela-
tionship between city size and unemployment rates.

3.3 Matching functions and scale effects
The matching function is a simple device that summarizes the complicated ex-
change process between workers and firms (Petrongolo & Pissarides (2001)). In
the context of this thesis, it is important to address the question of whether the
size of the labor market is an argument of the matching function. Given that the
matching function depends on the stock of vacancies and unemployed workers,
a first test is to check whether the function exhibits increasing, constant or de-
creasing returns to scale. Table 3 in Petrongolo & Pissarides (2001) provides a
summary of the works that have addressed this question. This has been done in
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different ways (estimating the aggregate Beveridge curve, directly estimating the
country-aggregate matching function, industry-specific matching functions, or us-
ing a cross-section of local labor markets), but a consistent finding emerging from
the literature is that after controlling for the ratio of vacancies to unemployed
workers, job finding rates do not vary with the total number of unemployed work-
ers or vacancies.

The job-search literature has interpreted this finding as evidence that labor
market size is unimportant for job search outcomes. However, this interpretation
might be too bold. For instance, as Petrongolo & Pissarides (2001) note, most
studies treat the aggregate economy as a single labor market, ignoring the pos-
sibility that the aggregate economy might simply be the collection of spatially
distinct isolated local labor markets . Related to this observation, Coles & Smith
(1996) find constant returns to scale on average but with more dense local la-
bor markets delivering higher matching rates –given the size of the vacancy and
unemployment pools. Also, Petrongolo & Pissarides (2006) note that constant re-
turns to scale are found in reduced-form estimates. This observation opens up the
possibility that if we look at the different stages of the matching process we find
scale effects in some of them. In particular, by separating the matching probabil-
ity into 1) the meeting probability and 2) the probability that a meeting becomes
a match, they show that constant returns at the aggregate level can be compatible
with increasing returns at one of the structural levels of the search process. There
is also another possibility. Namely, that there are no scale effects in the matching
function but that there is some mechanism by which city size induces differences
in the labor markets tightness.

In the remaining of this section I briefly review two hypotheses about the role
of city size on labor market outcomes.

3.3.1 Agglomeration Economies
I have already mentioned that there is evidence supporting a positive correlation
between city size and productivity. One possibility is that this correlation is ex-
plained by agglomeration economies. Intuitively, agglomeration economies are
advantages that come from reducing transportation costs for goods, people and/or
ideas (Glaeser & Gottlieb (2009)). Estimating agglomeration economies is not
easy, as city size is an endogenous variable, but there is a robust consensus that
they exist. For instance, in table 4 in Glaeser & Gottlieb (2009) they present sev-
eral standard ways of estimating them. Typically, to address the endogeneity of
city size, lagged population and geography are used as instruments. Their results
are robust evidence of significant agglomeration economies. Although there is
no consensus on the relative importance of the different sources of agglomeration
economies (Glaeser & Gottlieb (2009) and Moretti (2011)), three main channels
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stand out: reduced costs of moving goods across space, labor market pooling, and
the diffusion of ideas.

3.3.2 Matching quality and city size
Another hypothesis explored in the literature is that rather than directly affect-
ing unemployment rates and job finding and destruction, the size of the market
affects the quality of the matches. Intuitively, larger markets offer more choice
to both firms and workers, and this might result in better pairs. This hypothesis
might be particularly relevant for labor markets with significant heterogeneity in
firms and workers. What do we mean exactly by better matches? One possible
definition of the quality of the match is the degree of assortative matching. In
this sense, Andersson, Burgess & Lane (2007) use data from the Longitudinal
Employer-Household Dynamics Program and provide evidence that denser urban
labor markets are associated with more assortative matching. This evidence is
constructed in two steps: 1) they find significant complementarities between firms
and workers (better-quality firms and workers are more productive when paired
together), and 2) this complementarity is increasing in the density of the county
where the pair is located. Because there is a positive correlation between city size
and density, this could suggest that matching quality is increasing in city size.

This hypothesis is relevant for this thesis because the quality of the match
can influence the probability that it gets destroyed. In this sense, if the quality
of matches is increasing in city size it is plausible that the job destruction rate
is decreasing in city size as documented above. However, why job-finding rates
might also decrease with city size remains to be explained.

3.4 Models
The standard spatial equilibrium model dates back to Roback (1982). In this
model, workers choose where to work and live based on the location-specific qual-
ity of life which depends on wages, housing prices, and local amenities. However,
most versions of this model assume competitive market-clearing labor markets. In
this subsection I will discuss the spatial equilibrium model with frictional unem-
ployment. Unemployment is introduced by assuming that each local labor market
works as in the simple Pissarides (2000) model. My first formulation in chapter 2
is most closely related to the model presented in Beaudry et al. (2014).

In particular, Beaudry et al. (2014) build a model by combining a spatial equi-
librium model with a search and matching model of the labor market, where cities
differ in productivity, amenities and available land. All local labor markets are
ex-ante identical (same separation rate, matching function, unemployment bene-
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fits) but for the cost of posting a vacancy which is partly exogenous and partly
increasing in the number of firms per capita. Workers are not always free to move
to other cities, although mobility shocks are assumed to be sufficiently frequent
so that in equilibrium utilities are equalized. Their estimation of the model yields
several relevant results for this thesis: larger cities are associated with 1) higher
wages, 2) higher employment rates, and 3) higher housing prices, although the
statistical significance is not very strong.
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