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Sigurdsson, David Stromberg, Ludo Visschers, and numerous seminar participants for their comments.

†Danmarks Nationalbank. E-mail: s.darougheh@gmail.com.

1



1 Introduction

Between  and , the United States experienced one of the largest downturns in the post-
war era. During that period, the unemployment rate increased from .% to %. Simultaneously,
the job-�nding rate decreased persistently and the Beveridge curve shi�ed outwards – the same
number of vacancies and unemployed workers led to fewer hires than before. One explanation for
this dramatic disruption of the labor market was the mismatch between labor supply and labor
demand.
�e construction sector was particularly severely a�ected: around % of construction workers

became unemployed in .1 Yet, many new job openings were in sectors that were traditionally
not easily accessible to former construction workers, for example in the IT industry. Şahin, Song,
Topa, and Violante (2014) describe this misalignment of jobseekers and vacancies across submar-
kets as “mismatch”, and refer to the excess unemployment that is due to this misalignment as
“mismatch unemployment”. A shock that a�ects labor demand across submarkets of the economy
unequally creates persistent mismatch if relocation frictions prevent the subsequent adjustment of
labor supply.
Both industries and occupations are candidate dimensions for mismatch2: various frictions

such as occupational licensing (Blair and Chung, 2018) or occupation- and industry-speci�c hu-
man capital (Neal, 1995; Shaw, 1984) impede worker mobility across these dimensions. Aggregate
business cycles also a�ect the US labor market heterogeneously along both dimensions: Lilien
(1982) demonstrates this for across industries, and Figure 1 shows that occupations too were af-
fected unequally by the Great Recession speci�cally – even a�er controlling for industry and other
factors.3

In this paper, I suggest a microfoundation for mismatch across industries that stems from an
asymmetric impact of recessions on occupations. I build a general equilibrium model to quantify
how recessions of di�erential mismatch a�ect aggregate unemployment. To this end, I distinguish
between occupations that are “specialized” and used by very few industries – for example electri-
cians – and those that are “broad” and employed inmany di�erent industries, for example engineers.
In the model, workers face on average higher frictions when changing occupations than when
changing industries. �is is motivated by empirical evidence that the returns to occupation-speci�c
human capital are on average larger than those to industry-speci�c human capital (Kambourov and
Manovskii, 2009a; Sullivan, 2010; Zangelidis, 2008; Lagoa and Suleman, 2016). As a consequence,
workers in broader occupations can adjust to sectoral shocks more easily: they are better insured
against industry-speci�c shocks and less at the risk of being mismatched across industries.

1I will use industry and sector interchangeably.
2In Appendix B, I perform a machine learning exercise that shows that both an individual’s occupation and their

industry are among the most important predictors of their unemployment status.
3�is di�erential impact of the recession by occupation could potentially be explained by the industries that employ

workers in these occupations: construction-related occupations have larger unemployment responses because the con-
struction industry faced a large downturn during the recession. �e right-hand panel shows that this is not the case:
I residualize the individual-level unemployment status with individual demographics and full interactions of industry,
state and year. Yet, a�er controlling for all these factors, occupations still display heterogenous unemployment dynamics
during the Great Recession.
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Figure 1: Dispersion of occupation-level unemployment rates during the Great Recession
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Standard deviations of occupation-level unemployment rates. Le�: occupation-speci�c unemployment rates. Right:
occupation-speci�c unemployment rates, where I partial out individual demographics, and all combinations of indus-
try, state and year �xed e�ects. Computation explained in Appendix A.

As an example, consider the case of the construction sector during the Great Recession: unem-
ployed electricians have limited employment perspectives outside of construction if they remain
in their occupation. �ey face the di�cult choice of either waiting for construction to recover, or
changing occupations altogether. On the other hand, workers in broader occupations, for exam-
ple engineers, can be employed in other sectors without changing occupations. �ey therefore
have an easier time adjusting to a shi� in sectoral demand. �is is what I call the direct e�ect of
broadness: the possibility of reducing the impact of sectoral shocks by relocating to less severely
a�ected sectors. However, when workers move to these better-faring sectors, they increase the
labor supplied in these sectors. Each sector operates at decreasing returns to scale in labor, and
thereby these relocations negatively a�ect other workers in the destination sector. In the previous
example, engineers respond to the Great Recession bymoving to the IT sector. �ere, they increase
competition for engineers that are already in the IT sector, and thereby reduce their job-�nding
rates and wages. I refer to this general equilibrium e�ect as the “relocation e�ect”. Unlike the con-
gestion externality (Hosios, 1990), the relocation e�ect does not depend on the presence of search
frictions: downwards-sloping demand curves at the industry level are su�cient for the presence of
the relocation externality. In general, a large number of outside options does not insure a worker
if the elasticity of demand in those outside options is low.
In this paper, I measure occupational broadness in the US economy, build a general equilibrium

model to study its importance, and �nd empirical evidence in line with the theory. In the �rst
part, I operationalize my concept of occupational broadness using the dispersion of its workers
across industries. I show that the average broadness of the unemployed was much lower during
the Great Recession than in previous recessions. If indeed unemployed workers in less broad
occupations have more di�culties to adjust to sectoral shocks, this could explain the large increase
in unemployment during the Great Recession.
In the second part, I then build a dynamic model to study the importance of the direct e�ect

of broadness and the relocation externality in explaining cyclical unemployment uctations. I
propose a microfoundation of mismatch unemployment that builds directly on specialized and
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broad occupations. Every occupation is a Lucas and Prescott (1974) type island with a Diamond-
Mortensen-Pissarides (DMP) style frictional labor market. I use the abstraction of one-worker
�rms that are typical in the DMP environment. Consequently, each �rm is associated with its
worker’s occupation, and produces occupation-speci�c output. In the model, �rms in specialized
occupations sell to a single sector, while �rms in broad occupations sell their output to a continuum
of sectors. �is production network between occupations and industries is key in the propagation
of sectoral shocks to individual workers. In the model, shocks to sectors that employ more workers
in specialized occupations generate more mismatch as de�ned by Şahin et al. (2014). �e model
suggests that the average broadness of the unemployed workers can be used to estimate the extent
of mismatch present in the economy, and I use this metric as a complement to the model-generated
mismatch measure that Şahin et al. (2014) propose.
Recall that I estimated a larger share of unemployed workers in specialized occupations dur-

ing the Great Recession. In my model, this metric of the “average broadness of the unemployed”
correlates well with the mismatch index suggested by Şahin et al. (2014). �is larger share of un-
employed workers in specialized occupations hence suggests an increase in mismatch during the
Great Recession. Can this higher degree of mismatch explain some of the strong and persistent
unemployment response during that recession? I use mymodel to study the relevance of mismatch
in generating uctuations in the unemployment rate.
�e goal of the model is not to quantify the extent to whichmismatch increased unemployment

in any speci�c recent recession, but rather to test whether high-mismatch recessions generate signif-
icantly more aggregate unemployment than low-mismatch recessions. To do so, the model allows
me to generate recessions with varying degrees ofmismatch: “broad recessions” that predominantly
a�ect sectors that employ broad occupations lead to less mismatch than “specialized recessions”
that predominantly a�ect sectors that employ specialized occupations. In the model, specialized
recessions a�ect workers in the specialized occupations a lot, since they cannot easily adjust to the
change in sectoral demand. �eir only remedy is to change occupation. �eir job-�nding rates
are severely a�ected, and so a signi�cant number of specialized workers leave the occupation in
response to the recession. In the symmetric case of broad recessions, workers in broad occupations
are a�ected much less, since they can shi� to better-faring sectors. However, in my numerical
analysis, the relocation e�ect is strong: for every job saved by the direct e�ect, approximately one
job is lost due to this GE mechanism.
Ultimately, specialized recessions a�ect a small number of workers a lot, while broad recessions

a�ectmanymoreworkers but to a lesser extent, since they spread throughout the broad occupations.
As broad workers are individually less a�ected by the shock to their occupation, there is much less
occupational mobility in response to the broad recession. �e overall e�ects on the aggregate
unemployment rate are roughly similar in both types of recessions. �at is, recessions that generate
more mismatch do not generate larger unemployment uctuations per se. �e model emphasizes
that the relocation externality is strong enough to roughly o�set the bene�ts of the direct e�ect
of broadness: recessions that primarily a�ect workers in specialized occupations do not lead to
signi�cantly larger unemployment responses than recessions that primarily a�ect workers in broad
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occupations.
In the model, decreasing returns to scale ensure a unique stationary distribution of workers

across labor markets. Carrillo-Tudela and Visschers (2014) build a model without decreasing re-
turns to scale. Instead, they control the speed at which workers can change labor markets and
thereby respond to labor market speci�c shocks. In their modeling approach, workers have a lesser
ability to respond to shocks: both the direct e�ect and the relocation e�ect would be dampened. We
can take away the following more general point about mismatch that is not speci�c to occupations
and industries: regardless of whether one thinks of labor markets as being de�ned by occupations,
geographical regions, or other types of boundaries, shocks that generate more mismatch across
these labor markets do not inherently lead to more total unemployment.
In the third and last part of the paper, I use evidence from the Great Recession to con�rm the

validity of the model. Similar to Beaudry, Green, and Sand (2012), I use geographical variation
in industry composition to isolate the e�ect of broadness from other occupation-speci�c e�ects.
To this end, I compute a di�erential exposure for each occupation. Since this exposure varies by
occupation even within state and industry, I can exibly control for industry-by-state �xed e�ects
and do not need to impose a Bartik (1991)-type structure. In the  recession, a bust in housing
markets spilled over to the construction industry (Charles, Hurst, and Notowidigdo, 2018) and
led to the unemployment of % of its workers. �is large inow of unemployed workers makes
it a prime target for studying the heterogeneous employment perspectives of workers of varying
broadness. I study the a�ermath of workers that became unemployed in this sector and �nd that
the job-�nding rates of broader occupations were up to % higher than those of specialists. �e
construction sector was one of the most severely a�ected sectors, and I argue that I mostly estimate
the direct e�ect of broadness in this con�guration. Directly measuring the relocation e�ect – a
general equilibriummechanism – is out of scope for this paper. I do however show that the average
e�ect of broadness on job-�nding rates vanishes once I extend the analysis from the construction
sector to other sectors. I conclude that I �nd a strong e�ect for a sector that most workers are
inclined to leave, and no e�ect once I include sectors that are net recipients of relocating workers.
�is result, while far from de�nitive, does not reject the notion that the relocation e�ect is – on
average – as strong as the direct e�ect.

Literature �e primary contribution of my paper is to add to the theoretical literature on mis-
match. Shimer (2007) and Kambourov et al. (2009a) model mismatch as caused by frictional
mobility across frictionless labor markets. Shimer and Alvarez (2011) develop a tractable version
of this framework in which relocation costs time and hence raises unemployment. First, my model
can generate recessions that vary in the degree of mismatch that they cause. �ereby, I can study
whether recessions that generate moremismatch lead tomore total unemployment per se. Second, I
contribute to this literature by integrating the notion of industries into the occupational framework
in a tractable way. �ird, each occupation produces a diversi�ed good: there are decreasing returns
to scale in each occupation. �is implies that the thresholds at which individuals enter and leave
occupations are no longer a function of productivity only, but a two-dimensional hyperplane. I
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suggest a solution method for this environment. In Pilossoph (2012) and Chodorow-Reich and
Wieland (2019), taste shocks in the relocation choice yield gross mobility that exceeds net mobility.
In their simulations, they reduce the number of labor markets to two. Instead, my methodology
allows me to keep track of the entire distribution.
I take no stand on the underlying reason of the broadness of some occupations, but it could

be motivated using the broadness of the tasks that are predominantly executed by those occupa-
tions. Gathmann and Schönberg (2010) use task-based human capital to categorize occupations
as specialized if they share few tasks with other occupations. Gathmann et al. (2010) focus then
on occupational mobility, while I analyze mobility within occupations and across industries. Con-
ceptually, the transferability of human capital relates to the structure of labor markets: within
which boundaries are the unemployed searching for jobs? While Nimczik (2017) estimates labor
markets non-parametrically, human-capital-based approaches provide testable theoretical foun-
dations. Using the task-based approach, Macaluso (2017) �nds that unemployed workers whose
skills are less transferable to other locally demanded occupations were more prone to mismatch
unemployment during the Great Recession. By providing a theoretical foundation for measuring
mismatch unemployment, her approach is similar to mine. Our papers mainly di�er in what di-
mension of portability of human capital we relate to mismatch unemployment during the Great
Recession. A complementary story to human-capital-based mismatch is geographical mismatch:
Yagan (2016) shows that the convergence of geographical labormarkets hit by an asymmetric shock
is slow, suggesting that geographical mismatch contributes to employment responses.
In the last section, I show empirically that a worker’s broadness a�ects their labor market

outcomes. Caldwell and Danieli (2021) perform a similar exercise using a data-driven outside-
options index. While my results add to the literature on the relevance of outside options, my focus
is on the validation of a speci�c theory of labor market mobility and mismatch.
Instead of looking at cross-sectional heterogeneity in mismatch unemployment during the

Great Recession, one might compare total mismatch unemployment during the Great Recession
with that of other recessions. Şahin et al. (2014) compute a mismatch index for each period by
estimating the variance of market tightness across labor markets. �ey demonstrate that across
occupations, industries, and geographies, variances in labor market tightness during the Great
Recession did not signi�cantly exceed those in other recessions. I show that even if the degree of
mismatch was higher during the Great Recession, it cannot be thought of as the causal factor of
the large unemployment response in that recession: the extent of mismatch that a shock generates
does not signi�cantly a�ect the overall impact of that shock on the unemployment rate. Herz and
Van Rens (2011) and Barnichon and Figura (2015) perform related longitudinal decompositions of
mismatch unemployment.
In section 2, I describe the concept of broad and specialized occupations and relate it to unem-

ployment risk and mismatch unemployment. I then propose and describe an empirical measure
of occupational broadness in section 3. I use that metric in section 4 to empirically estimate the
impact of broadness on job-�nding rates. In section 5, I propose a general equilibrium model that
studies broadness more rigorously. Finally, I use the model to study recessions of varying degree
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of mismatch in section 6. Section 7 concludes.

2 Measuring broadness in the cross section and the aggregate

Conceptually, �rms are grouped into industries depending on what type of output they produce.
I argue that �rms with a similar output will use similar production functions and conclude that
�rms in the same industry will use inputs in similar proportion. I focus on a �rm’s labor input and
its composition in terms of occupations. Occupations categorize workers into groups by the tasks
that they typically provide in production: workers who perform similar tasks will be assigned the
same occupation.
I de�ne the broadness of an occupation by the extent to which its employment is dispersed

across industries. �is de�nition of broadness takes no stand on the reason for the employment
dispersion that causes an occupation to be broad, but it is natural to think that some occupations
provide tasks that are required in many production processes, and are therefore ceteris paribus
more likely to be broad. Broadness is a function of the production network between occupations
and industries, and therefore an equilibrium outcome: in the face of price and wage changes, �rms
may choose to adjust their production functions and change the input composition of occupations.
As the occupation-industry network changes, tasks will become more or less industry-speci�c, and
the occupation-level broadness will change.
Tomeasure the broadness of an occupation, I use the inverse of the Her�ndahl index of concen-

tration as my dispersion metric: I �rst compute for each occupation o its share of employment so,i
in each industry i. Its broadness is then measured as one minus its Her�ndahl index of concentra-
tion across these shares, as shown in (1). We have that mo ∈ [, ] and increases in an occupation’s
level of broadness.

so,i =
Eo,i
∑ j Eo, j

mo =  −∑
i
so,i (1)

�is measure of broadness is ad hoc and not suggested by any particular model. It has several at-
tributes that make it attractive. First, it is well-known: much research around trade or competition
involves the Her�ndahl index, and researchers are likely to be familiar with its properties. Second,
it is stable: any metric of broadness is necessarily computed at the occupation-level, and a function
of industries. At highest reasonable aggregation, this already leads to around  occupation-by-
industry bins. Additional splicing of the data by time or geography, or �ner categories of occupa-
tions and industries would mean that many occupation-industry bins would face few observations.

Mobility-based alternative �e proposed theory is based on workers’ ability to respond to indus-
trial shocks by changing industry. �e currently suggested measure only looks at the distribution
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Figure 2: Share of industry switchers is higher in broader occupations
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For each occupation, I compute the share of workers that change industry when they change employer. I correlate that
against the broadness of the occupation, measured using all years in the sample. �e size of each dot is proportional to the
number of observations in that occupation.

Figure 3: Measured broadness does not change for occupations with many observations
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For each occupation, the di�erence in measured broadness between  and  is plotted against theminimum number
of observations for that occupation in either year.

of workers across industries and ignores actual mobility. One concern is that workers in an occupa-
tion may be distributed across many industries, but be completely immobile across them. A high
measure of broadness for such an occupation would suggest that workers are well insured against
industry-speci�c shocks, while in reality they would not be. To address this concern, I measure the
share of job switchers that also change industry. Figure 2 shows that this share correlates highly
with the broadness of the occupation.
An alternative approach would be a mobility-based measure of broadness. I compute and

estimate such a measure in Appendix D. �is measure is much more data demanding and cannot
be used for the empirical exercise. However, I show that it correlates reasonably well with the
baseline measure suggested here. I conclude that isolated industries among which workers move
do not signi�cantly bias the metric. In any case, any remaining “false positive measured broadness”,
that is, broadness in the metric that does not correspond to actual insurance against industry-
speci�c shocks, will lead to attenuation bias when we try to correlate broadness with labor market
outcomes.
Finally, we want to see whether the broadness of an occupation is a reasonably stable property

in the short to medium term. Figure 3 plots changes in occupation-speci�c broadness across time
against the number of observations used to compute broadness. �e di�erence is centered around
zero and is less dispersed for occupations with more observations, indicating that di�erences in
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Figure 4: Distribution of broadness across occupations
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broadness can largely be attributed to measurement error and less to actual structural change. �is
is in line with the argument that �rms cannot quickly change their production functions and hence
do not respond to short-run uctuations in the composition of labor supply and the distribution
of wages (Sorkin, 2015). I conclude that short-term changes in measured broadness mostly stem
from measurement error. �erefore, unless otherwise indicated, I will use several years of data to
compute a more precise estimate of broadness.

Broadness in the cross section I plot the distribution of broadness across occupations in Figure 4.
Broadness has full support: under the chosenmetric, some occupations aremeasured as very broad,
while others are very specialized. �ere are, however, more broad than specialized occupations in
the US economy. �e employment-weighted distribution looks similar, except for a much larger
share of workers at the upper end.

Broadness in the aggregate andmismatch �enotions of “mismatch” and “mismatch unemploy-
ment” have been used in various studies to describe situations in which the matching of workers to
jobs is non-optimal. I borrow the concept of mismatch unemployment as it is used by Şahin et al.
(2014). Let us reconsider the previous case of an economy that is segmented into di�erent occu-
pations and industries. �e reallocation of workers and jobs across submarkets is costly, and the
equilibrium distribution of unemployed workers and vacancies across these submarkets is subject
to these frictions. Şahin et al. (2014) use the notion of mismatch unemployment to measure how
much of unemployment in the economy is due to these frictions that prevent reallocation across
submarkets. �ey consider the hypothetical case of a social planner that can reallocate workers
across labor markets without cost. We denote the total hires in the competitive equilibrium and in
the planner’s solution as ht and h∗t . Şahin et al. (2014) then propose to measure mismatch asMt :

Mt =  −
ht
h∗t
.

Mismatch unemployment then refers to the excess unemployment in the competitive equilibrium
relative to the planner’s solution4.

4Clearly, the planner is not facing the same constraints as the market participants, and so this concept of mismatch
is not normative. Instead, it has an accounting character, and can be used to explain how much of the aggregate
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Figure 5: Average broadness of the unemployed
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Unemployment rates against the degree of broadness of the unemployed (correlation: .). �e Broadness of each occupation
is computed separately for each year. Observed unemployment refers to the unemployment rates among the subset of workers
for whom we can measure broadness using their occupation of previous employment. �e share of unemployed workers for
whom we cannot do that increases during the Great Recession, which is mostly caused by the increase in unemployment in
workers that had not been employed before. I refer to Appendix H for more information on the computation and robustness
checks.

A large body of literature has discussed the extent to which mismatch unemployment was
relevant in explaining the large unemployment response during the Great Recession. We now show
that, indeed, the type of industries and occupations a�ected during the Great Recession suggests a
high relevance of mismatch unemployment.
Figure 5 displays the average broadness of the unemployed over time. �e model will show

that this measure correlates well with the mismatch index popularized by Şahin et al. (2014). Two
features are remarkable. First, average broadness appears to be counter-cyclical: the correlation
between the unemployment rate and the broadness of the unemployed is .. To understand this,
note that increases in unemployment at the onset of recessions typically coincide with a large in-
crease in separations. It appears that these separations are such that the pool of unemployedworkers
becomes broader during the initial phase of a recession. Broader unemployed workers presumably
have more jobs to sample from and thereby they have a higher job-�nding rate, which makes them
leave the pool of unemployed workers faster than workers in more specialized occupations. �is is
consistent with the countercyclical pattern of average broadness displayed.
�e second feature is the decreasing trend in average broadness of unemployed workers over

time. It appears that the unemployed have become more specialized over the past 30 years. A
long-term comparison of occupations and industries is di�cult and, therefore, this should only
been taken as suggestive – in particular because of the structural break caused by the redesign of
the CPS in . However, it appears that the unemployed in the Great Recession were also more
specialized than those unemployed during the preceding  recession.

unemployment can be attributed to the speci�c distribution of workers across submarkets.
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3 Macroeconomic model

One would suspect that workers in broad occupations are better insured against industry-speci�c
shocks and less at the risk of being mismatched across sectors – indeed, I will show evidence in
line with this in section 5. However, Şahin et al. (2014) empirically estimate that mismatch did not
cause more unemployment during the Great Recession than it did during the  recession. �is
appears puzzling: the recession in the IT sector a�ected broad occupations of managers and pro-
gramming and led to almost no response in unemployment. Compare that to the Great Recession:
the high share of specialized unemployed workers and large unemployment response suggests a
causal link between the degree of broadness among the unemployed and aggregate unemployment
uctuations.
In this section, we build a model address the tension between the important role of mismatch

on unemployment risk in the cross section, and its apparent lack of aggregate e�ect. �e aim of this
model will not be to quantify the extent to mismatch increased aggregate unemployment for any
speci�c recent recession. We will rather test qualitatively whether high-mismatch recessions lead to
more aggregate unemployment than low-mismatch recessions. By providing a microfoundation of
mismatch, we can shed light on themissing link that brings together the large impact ofmismatch in
the cross-section, and its seeming absence in the aggregate: themodelwill show that the direct e�ect
of broadness – the insurance it provides in the cross-section – comes at the cost of an important
general equilibrium channel, which we will refer to as the relocation e�ect.
�e model needs to feature occupations that di�er in their level of broadness. �erefore, it will

feature both industries and occupations with a non-symmetric production network. Unemploy-
ment will be caused by frictional labor markets in each occupation. Occupational mobility gives
the unemployed the option of leaving and establishes a lower bound to the risk that one may face in
any given occupation. It is therefore an important substitute to broadness and will be included in
the model. First, I will develop the model’s stationary environment. �en, I will shed light on the
question of aggregate unemployment volatility by subjecting the model to unexpected productivity
shocks that di�erentially a�ect occupations by their broadness.
�e discrete-time model consists of three layers of building blocks.

At the micro level, there is a unit measure of occupations. Each occupation is modeled as a
Lucas et al. (1974)-type island. Workers can change their occupation, but have to incur the �xed
cost k when doing so. Frictional mobility across occupations is necessary to study the direct e�ect
of broadness and the relocation externality: there can be no ex-post di�erences in employment
outcomes across occupations without frictions to occupational mobility. �e labor markets in each
island however do not need to be frictional to study these two channels: broadness would have a
direct and an indirect e�ect even if labor markets cleared instantly. Still, I will assume that each
occupation consists of frictional Diamond-Mortensen-Pissarides (DMP) type labor market: this
allows us to relate broadness to mismatch unemployment. I indicate the state of an occupation
with the vector Ω, and refer to the tightness of its labor market as m(Ω). In each occupation,

11



Figure 6: �e input-output structure between occupations and industries
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�e production network of the economy. Notice that the two versions of this network are isomorphic, as Section 3.2 shows.

the unemployed workers consume b in each period. �ey meet occupation-speci�c vacancies in a
constant-returns-to-scalematching functionM(m(Ω)) and form occupation-speci�c �rms. �ese
�rms each produce one unit of occupation-speci�c output that they sell to industries at the price
p(Ω), and pay the workers the wage w(Ω). �e set of buyers of the occupation-speci�c output
varies across occupations. Figure 6 displays the input-output structure between occupations and
industries: the output of some occupations is only used in the production of a single industries
each, while the output of some industries is used in the production process of many industries.
�is renders some occupations specialized, and others broad5.

At the intermediate level, the occupation-speci�c output is bought by �rms in a unit measure
of industries. Firms in each industry i face persistent industry-speci�c shocks to their productivity
A(i) and produce an industry-speci�c output y(i). As Figure 6 shows, I assume that the produc-
tion network between occupations and industries is symmetric: “specialized” industries use the
output from a single specialized occupation, and “broad industries” use the input frommany broad
occupations.

In the aggregate, the �nal sector produces aggregate output Y using the intermediate output
from each sector y(i):

Y = [ ∫[,] y(i)
θ−
θ di]

θ
θ−

(2)

p(i) = (
Y
y(i)

)


θ

, (3)

5�e simultaneous presence of specialized and broad occupations allows me to study the response of the same
economy to shocks that generate di�erential degrees of mismatch.
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where θ denotes the elasticity of substitution, and p(i) the equilibrium price of the output of sector
i6.
�e model is stationary: individual industries and occupations are volatile, but we focus our

attention on steady states where aggregate variables such as total output and average unemployment
will remain constant over time. Next, I will describe occupations and industries in more detail.

3.1 Specialized Industries

Firms in both specialized and broad industries produce the industry-speci�c output y(i) at zero
pro�t. Each specialized industry i uses the intermediate output from a single occupation. I can
relabel occupations without loss of generality, and so we will refer to the occupation that is linked
to industry i as occupation i. I refer to the total output of occupation i as z(i). �e output and the
price of a specialized industry i is given by

y(i) = A(i)z(i) (4)

p(i) = pz(i)
A(i)

(5)

3.2 Broad industries

Firms in each broad industry i employ a CRS production function with elasticity of substitution
θb. �ey use labor services from occupations indexed o ∈ [, γ].

y(i) = A(i)x(i)

x(i) ≡ [Ax ∫[,γ] z(i , o)
θb−
θb do]

θb
θb−

where, as before, A(i) denotes industry-speci�c productivity. Ax is a constant productivity pa-
rameter, and z(i , o) denotes how much input of occupation o �rms in industry i are using. Firms
in broad industries also face perfect competition. �e �rms’ problem is to optimize their input
composition for a given vector of prices and a given level of output (6).

min
{z(i ,o)}o ∫[,γ] pz(o)z(i , o)do (6)

s.t. y(i) = A(i) [ ∫[,γ] z(i , o)
θb−
θb do]

θb
θb−

6�e only purpose of the �nal sector is to provide industry-level prices that are consistent with industry-level output.
Instead of adding this third layer, I could have assumed that the �nal sector produces its output using inputs from the
occupations according to a weighted CES aggregator that replicates the input-output structure displayed in Figure 6. I
believe that the explicit presence of industries facilitates the exposition of the two aggregate shocks that I introduce in
the next section.
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�e appendix shows that the optimal input composition is given by (7), where Px is the price
index associated with producing x(i). �e optimal input composition is identical across industries,
as they only di�er in their productivities. �is di�erence in productivities only a�ects their level of
output, but not the composition of x(i).

z(i , o)
x(i)

= (
Px

pz(o)
)

θb
,∀i , o (7)

Px = [Ax ∫[,γ] pz(o)−θb]


−θb

We use this result to solve for the equilibrium in the broad sectors as follows: we de�ne x to be the
total intermediate good available, produced using all occupation-level services as input:

x ≡ [Ax ∫[,γ] z(o)
θb−
θb do]

θb
θb−

x = ∫[,γ] x(i)di (8)

�e question remains as to how x is distributed across industries. �e appendix answers this
question by using feasibility (8) and a rewritten �rm’s problem to compute equilibrium x(i) shares
(9). For each industry, its share of intermediate inputs relates to its idiosyncratic productivity A(i),
an average productivity-index across broad industries Ab, as well as the elasticity of substitution
across industries θ, as shown in (9).

x(i)
x

= (
A(i)
Ab

)

θ−

(9)

Ab = [ ∫[,γ] A(i)θ−di]


θ−

Finally, the appendix shows how one can use this result, together with prices implied by perfect
competition (10), to compute Px in closed-form as in (11).

p(i) = Px
A(i)Ax

(10)

Px = AxAb (
Y
Abx

)


θ

(11)

3.3 Occupations

Figure 7 visualizes the timing of the following events that occur in each occupation in each period:
�rst, production occurs and vacancies are posted. Second, hiring and separations take place. �ird,
industry-speci�c productivity shocks occur. �ese only a�ects industries directly. However, since
industries are the purchasers of the occupations-speci�c output, these shocksmight indirectly a�ect

14



Figure 7: Timing of events within each period
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the pro�tability of �rms in each occupation. Fourth, workers can change occupation in response
to these productivity shocks. Finally, each worker retires from the labor force at rate ζ. A new
set of workers enters the labor market such that the total labor force remains constant. �ese new
workers have to choose an occupation before they can look for employment.
Figure 8 illustrates the frictional labormarket that inhabits each occupation. �e purple squares

indicate the standard components of a DMP model: the value functions for the employed, unem-
ployed, �rms, and vacancies in an occupation with state Ω are denoted as E(Ω), U(Ω), J(Ω) and
V(Ω), respectively. �e state vector Ω, all value functions and policy functions di�er across broad
and specialized occupations and require subscript j ∈ {b, s}. I here ignore this subscript for clarity,
but will add it when required.
�e �rst extension relative to the DMP framework is the exogenous exit rate ζ . It exists merely

for a technical reason: in its absence, multiple steady states may exist. When employed workers
exit the labor market, their match separates. From the �rm’s perspective, the e�ective separation
rate is therefore δ + ζ .
�e second extension is the occupational mobility. in each period, workers can choose to incur

the �xed cost k and change occupation. Workers have perfect information about the state of all
occupations and can decide to incur the �xed cost k and move to the best occupation available, in
which theywould then look for employment. For now, we denote the utility of being an unemployed
worker in the best occupation available asU . Unemployed workers leave an occupation if the utility
of staying in their current occupation,U stay(Ω) is dominated by the option ofmovingU . �e utility
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of an unemployed that has not yet made this decision is hence given by

U(Ω) = max{U stay(Ω),U − k}.

An unemployed that has decided to stay �nds a job at rate f (m). �eir value function is given
by

U stay(Ω) = b∆ + e−ρ∆ [( − e− f (m(Ω))∆
)E[E(Ω′

)] + e− f (Ω
′)∆E[U(Ω)]] , (12)

where ρ denotes the discount rate. Vacancies match at rate q(m). �e remaining value functions
can be written as

E(Ω) = w(Ω)∆ + e−(ρ̃+ζ)∆E [e−δ∆E[E(Ω′
)] + ( − e−δ∆)E[U(Ω′

)]] (13)

J(Ω) = [ps(Ω) −w(Ω)]∆ + e−(ρ̃+ζ+δ)∆E[J(Ω′
)] (14)

V(Ω) = −c∆ + ( − e−q(m(Ω))∆
) e−ρ̃∆E[J(Ω′

)]. (15)

In equilibrium, market tightness is governed by free entry, (16), and wages are determined by Nash
bargaining with workers’ bargaining power β (17).

V(Ω) =  (16)

βJ(Ω) = ( − β) (E(Ω) −U(Ω)) (17)

Pricing functions �e only intrinsic di�erence between specialized and broad occupations is the
set of industries that purchase their output, and therefore the price of their respective di�erentiated
output. �is price is determined by the output of each occupation and the industry-side demand
for their output. �e former is straight-forward: each �rm produces one unit of output, and so the
labor force in each occupation ℓ together with the unemployment rate u are su�cient to compute
the output of a given occupation. �e latter can be computed using the Constant Elasticity of
Substitution (CES) aggregation from the �nal sector.

ps(a, u, ℓ) = a (
Y

a( − u)ℓ
)


θ

(18)

pb(u, ℓ) = (
x

( − u)ℓ
)


θb
⋅ Px (19)

For specialized occupations, this amounts to using (3), industry-level technology (4), and free-
entry, (5), to compute ps. (18) shows that ps is the product of the productivity of the purchasing
industry, a, and the bracketed term, which is equal to the price of that industry’s output: industries
make zero pro�ts and occupation-speci�c prices capture the total revenue generated by their output.
�is pricing function ps determines the state vector: u and ℓ together yield the number of

one-worker �rms. For each specialized occupation, the productivity of the connected industry a is
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relevant for computing industry-level output and prices, and hence appears in the state vector. Ag-
gregate output Y is constant, and hence does not characterize the state space. �at is, the specialist
occupation’s state vector can be written as Ωs = {a, u, ℓ}.
We apply a similar logic for the price of output from broad occupations, pb. Using the appro-

priate equations from the industry side together with feasibility, we obtain pb (19). �is price is
composed of two products: the �rst bracketed term denotes the relative importance of any partic-
ular occupation in producing x. �e second term Px denotes the value of each unit of output x.
Broad occupations are perfectly insured against industry shocks since they can sell to any industry
i ∈ [, γ]. �is is why no productivity-related variable a is required to compute pb: the relevant
state vector for broad occupations is Ωb = {u, ℓ}.

Laws of motion Next we describe the transitions for Ωb and Ωs. I will denote by gx; j the law
of motion for dimension x ∈ {a, u, ℓ} and occupation type j ∈ {b, s}. We begin with specialized
occupations. For now, we will take the law of motion for the labor force gl ;s(a′, a, u, ℓ) as given.
Productivity a follows an AR(1) process, and the law of motion for the unemployment rate has to
be corrected for changes due to migration:

gu;s(a, u, ℓ, ℓ′) =  − e−ζ∆( − ũ(a, u, ℓ))
ℓ
ℓ′

(20)

ũ(a, u, ℓ) = ( − e−δ∆)( − u) + e− f (m(a,u,ℓ))∆u

where ũ(Ω) denotes the unemployment rate post separations andmatching, but prior to relocation.
Note that without relocation (ζ =  and ℓ′ = ℓ), we recover gu;s = ũ.
�e laws of motion for broad occupations are similar. �e main noticeable di�erence is the

lack of a as a state variable.

ũb(u, ℓ) = ( − e−δ∆)( − u) + e− f (mb(u,ℓ))∆u

gu;b(u, ℓ, ℓ′) =  − e−ζ∆( − ũb(u, ℓ))
ℓ
ℓ′

(21)

3.4 Mobility

So far, labor force ows across occupations have been taken as exogenous. Here I describe the labor
force ows that will be consistent with individual-level decisions.
�e unemployed can incur a movement cost k and move to any occupation of their liking.

Perfect information together with directed search imply that mobility is always towards the occu-
pation that delivers the highest expected utility to an unemployed worker, regardless of the type
(broad/specialized) of his origination occupation. �e highest attainable utility from moving U
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can therefore be written as

U = max{Ūb , Ūs}

Ub = max
(u,ℓ)∶gb(u,ℓ)>

Ub(u, ℓ)

U s = max
(a,u,ℓ)∶gs(a,u,ℓ)>

Us(a, u, ℓ)

, where gb and gs denote the density of broad occupations over the (u, ℓ) space, and specialist
occupations over the (a, u, ℓ) space. It will be useful to refer to the the migration utility net of the
moving cost as U ≡ U − k.
It is optimal for the unemployed to leave whenever their next period’s valueUb(Ω′

b) orUs(Ω′
s)

is belowU . All unemployedworkers have this option, andwill use it whenever their utilityUb(u, ℓ)
or Us(a, u, ℓ) is less than U .
�e laws of motion for the labor force in each occupation are such that either (i) the utility

of the unemployed of that occupation, U would be outside of the boundaries (U ,U) in the next
period, in which case workers leave or enter that occupation until U is within [U ,U] 7, or (ii) the
utility is within (U ,U), in which case changes in the labor force of that occupation stem only from
exogenous labor force exit.
Appendix F provides the formal equations and describes the logic in more detail.

3.5 General equilibrium

To close the model, three margins need to be addressed. First, Y is being taken as exogenous by
all agents in the economy, but must be consistent with industry-level output. Second, the amount
of inputs used by industries ∫ z(i , o)di has to be consistent with the employment level of each
occupation o. �ird, the distribution and ows of labor across occupations have to be consistent
with the (constant) aggregate labor force.
Industries are lined up on the unit line. Industries i > γ are specialist industries. Each industry

has a productivity state A(i). It is linked to a specialist occupation with state (ã, ũ, ℓ̃), where
ã = A(i), and (ũ, ℓ̃) are drawn from the stationary distribution Gs(ã, u, ℓ):

A(i) ∼ logNormal(s.t. stationary AR (1)) ∀i ∈ [, ] (22)

(u(i), ℓ(i)) ∼ Gs(a, u, ℓ∣a = a(i)) ∀i ∈ (γ, ] (23)

Industries i ≤ γ are broad industries. �ey have productivity states A(i), but no (ũ, ℓ̃) state, since
they are not linked to any particular occupation.
We have the following feasibility constraint:

z(o) = ( − u(o))ℓ(o) ,∀o ∈ [, ] (24)

7�ere exists a corner case in which U < U and u = : All unemployed have le� that occupation and the utility of
unemployed in that occupation is still below U .
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Prices for broad and narrow occupations come from the demand structure of the corresponding
industries:

pb(u, ℓ) = (
x

ℓ( − u)
)


θb
Px (25)

ps(a, u, ℓ) = a (
Y

a( − u)ℓ
)


θ

(26)

Feasibility in terms of labor is stated as follows:

L = γ ∫U×L ℓdGb(u, ℓ) + ( − γ) ∫A×U×L ℓdGs(a, u, ℓ)

L = Lb + ( − γ) ∫A×U×L ℓdGs(a, u, ℓ) (27)

,where we can normalize the total labor force L to one. Appendix F formally de�nes the general
equilibrium.

3.6 Parameter selection

Table 1 lists the chosen parametrization of the model. �e unit of time is a quarter.

Industries I assume that volatility and persistence of industry-speci�c productivity processes
are of similar magnitude to those typically measured for aggregate productivity. Higher values
here increase the insurance provided by broadness. I normalize the average broad and specialist
innovations to be zero. I set the sectoral elasticity of substitution θ in line with empirical �ndings
provided by Broda and Weinstein (2006). �ey show that these elasticities depend on the level
of aggregation of industry codes: their most recent estimates are between  and . for  and 
digit industry codes respectively. �e correct level of industry aggregation in line with the model’s
assumptions is one at which there are no frictions to worker mobility. Kambourov and Manovskii
(2009b) show that the returns to industry tenure decrease in the level of disaggregation – they
measure no returns beyond  digit industry coding. �e chosen elasticity of substitution implies
that industry-speci�c goods are substitutes: a positive productivity shock to an industry yields
higher equilibrium employment in linked occupations. �ese high values for σ and θ allow a
prominent role for broadness: large productivity shocks and highly substitutable industry-level
outputs will imply that labor demand is highly elastic with respect to productivity shocks. I will
discuss the role of σ when presenting the results.

Network To clearly expose underlying mechanisms, I will assume that the sets of broad and
specialized occupations are equally large. �is will ensure that high-broadness and low-broadness
recessions do not have di�erent e�ects on the economy purely due to the number of occupations
that are a�ected. In line with this, I set γ = ., and calibrate Ax such that the labor force in
broad and specialized occupations is identical. Finally, empirical evidence on θ is thin. In this
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Table 1: Parameters of the model

Parameter Value Description Source

General
ρ 0.001 Discount rate
∆ 0.333 Length of period
Industries
σ 0.050 Productivity std
ρA 0.800 Productivity autocorr
θ 4.500 Elasticity, Final sector
Network
Ax 4.346 Productivity (x) Labor force distribution
γ 0.500 Measure of broad occupations Illustration
θ 0.500 Elasticity, broad industries High complementarity
Occupations
A 1.355 Matching productivity Literature
α 0.510 Matching elasticity Literature
c 0.128 Vacancy posting cost Average unemployment rate
b 0.955 Home production HM (2008)
β 0.052 Bargaining Power: Worker HM (2008)
δ 0.100 Monthly separation rate Shimer (2005)
ζ 0.006 Labor force entry/exit Average working years
k 0.103 Moving cost

All rates in quarterly units.



model, all broad occupations are identical, and therefore aggregate uctuations will not induce
any substitution across occupations. Hence, θ is not relevant for the mechanisms that are studied
with this model: it only shi�s the relative productivity between broad and specialized occupations,
something that is already targeted using Ax – I set θ = ., which ensures that broad occupations
are complements.

Occupations �e elasticity parameter α is set to a median value of the many estimates reported
by Pissarides and Petrongolo (2001). A controls the average v-u ratio, an intrinsically meaningless
moment in this model – I set this parameter following Shimer (2005). I then calibrate c to match
an average unemployment rate of u = ..
�e many approaches to match the empirical uctuations of the unemployment rate in this

framework usually involve shrinking the �rm’s share of the surplus that is generated by each match
(Ljungqvist and Sargent, 2017). �ese approaches include choosing a relatively volatile process for
productivity, assume amore persistent wage process (Hall, 2005), or calibrate key parameters of the
bargaining process such that the �rm’s share of the surplus become be small and volatile (Hagedorn
and Manovskii, 2008). �ese di�erent approaches might have di�erent merits depending on the
context of the model. �e purpose of this model is to compare uctuations in the unemployment
rate of broad and specialized occupations in response to shocks that origin in di�erent sectors. I
choose the latter approach and employ the values of home production b and bargaining power β
that Hagedorn et al. (2008) �nd to match key labor market moments. For our purpose, it is not
relevant whether the unemployment uctuations stem from a high outside option of the worker, or
a more persistent wage process: Hagedorn et al. (2008)’s widely-used approach is shown to yield
a response of the unemployment rate to productivity shocks that is similar to more involved and
credible bargaining protocols (Hall and Milgrom, 2008).
Finally, k will govern the rate at which workers respond to shocks by changing occupations.

Unfortunately, there is no causal evidence of the link between occupation-speci�c shocks and exit
rates. I summarize this issue in Appendix E and argue that, in practice, observed occupational
mobility is not a good target for k. To calibrate k, I simulate an economy in which mobility is
impossible. I observe the uctuations in the unemployed’s value function, and compute the cor-
responding th and th percentiles. k is set to match the di�erence in these percentile values.
Notice that the resulting k is small: the costs of changing occupations are around one-tenth of a
worker’s average quarterly wage. I will emphasize results that depend on the resulting calibration
for k.

Stationary distribution It is useful to analyze the stationary distribution to gain some familiarity
with the environment before moving on to the question that this model was designed to address.
Figure 9 displays the cross-sectional distribution of labor markets. �e green and blue lines

denote the lower and upper boundaries of the labor force for any given unemployment rate and
productivity. Notice that these boundaries weakly increase in both productivity and unemployment
rates, as the value functions also increase in a and u. Occupations move in this state space for
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Figure 9: Mobility
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�e distribution of specialized labor markets across productivity, unemployment rates and labor force, for four selected
productivity states. Circle size is proportional to mass.

four reasons. First, productivity shocks will shi� occupations across these panels. Second, an
occupation’s (u, ℓ) adjusts if it �nds itself outside of (ℓ, ℓ) at the new productivity state a′. �ird,
unemployment rates change whenever they are not equal to the stationary unemployment rate
implied by the current job-�nding rate. Fourth, an exogenous labor force exit will lead to the slow
depreciation of labor until occupations are pushed towards ℓ.
Notice that occupations with the high productivity state tend to have a higher unemployment

rate than occupations with the low productivity state. �is becomes more clear in Figure 10, which
plots the marginal and the joint distribution of occupations across the state space. �e top panels
in that �gure show that distribution of occupations across log productivity and labor force are
symmetric and single-peaked, while the distribution of occupations across unemployment rates is
highly skewed: there is a small set of occupations with a very high unemployment rate.
�is is because unemployment rates are not only a function of the job-�nding rate, but also

of mobility: occupations with high productivity states will receive a lot of occupation switchers,
who start unemployed, thereby increasing their unemployment rate. On the other hand, the unem-
ployed leave low productivity occupations, decreasing their unemployment rate. �e bottom-right
panel of that �gure displays the joint distribution of unemployment rates and productivity: in this
model, highly productive occupations are those that have large unemployment, caused by workers
that enter the occupation. �ese workers however quickly �nd employment, and the high unem-
ployment rate does not persist in these productive occupations. �e bottom-le� panel of Figure
10 plots the joint distribution of occupations over productivity and labor force. In line with the
previous explanation, productivity and labor force are positively correlated.
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Figure 10: Cross-sectional distributions
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�e distribution of specialized labor markets across productivity, unemployment rates and labor force. Top panels: partial
distributions. Bottom panels: joint density of productivity with labor force and unemployment rate, respectively.

4 Aggregate shock

Having set up the machinery, we can now turn to the e�ects of aggregate shocks. We will com-
pare the impact of recessions that generate di�erential degrees of mismatch depending on what
industries are directly a�ected by the aggregate shock. We will then observe that recessions in
more specialized occupations do not lead to signi�cantly larger or more persistent unemployment
responses.

A(i , t) =
⎧⎪⎪⎪
⎨
⎪⎪⎪⎩

A(t) + Ã(i , t) if i ∈ I

Ã(i , t) else
(28)

Ã(i , t) = ϕA(i , t − ) + єt

A(t) =
⎧⎪⎪⎪
⎨
⎪⎪⎪⎩

µ if t ≤ T

 else

Equation (28) describes the productivity process. A common aggregate component A(t) will
a�ect the productivity of a subset of industries that belong to the set I . For those industries, their
e�ective productivity sequence is the product of their idiosyncratic productivity Ã(i , t) and A(t).
�e remaining industries are not a�ected by the aggregate component. �is aggregate component
has the constant value µ, and switches back to zero a�er T quarters. In the following illustrative
simulation, I set T to  quarters. �e productivity shock has size µ = −., and the size of I is
∣I ∣ = .: % of industries are a�ected by each recession.
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Figure 11: Cross-sectional responses
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I plot the evolution of the prices of the occupations that are directly a�ected by the recession. Orange dots are broad
occupations in the broad recession. Purple lines are directly a�ected specialized occupations in the specialized recession. �e
grey dashed lines denote the beginning and the end of the recessions. Top: output prices of �rms in the respective occupations.
Bottom: job-�nding rates in the respective occupations.

�is recession is unexpected by the agents. As soon as the initial shock occurs, all agents have
perfect foresight about the remaining evolution of the process. Zero-probability aggregate shocks
of this type are o�en referred to as “MIT shocks”.8

�is experiment is comparing recessions that are a�ecting either broad or specialized occu-
pations. �ese recessions are identical in all but the type of industries that are a�ected. In one
recession, the % of industries that are a�ected all have i < γ: only industries employing broad
occupations are directly a�ected, and I refer to that recession as a “broad recession”. �e other
recession draws % of industries among those with i > γ, and I call that recession a “specialized
recession”.
In what follows, we will study these two recessions in the following order. First, we analyze

the direct e�ect and study to what extent workers in broader occupations can adjust to shi�s in
industry demand. �en, we focus on the relocation e�ect, and analyze the general equilibrium
e�ects from workers’ adjustments to shi�s in sectoral demand. Another general equilibrium e�ect
is the workers’ decisions to change occupations, which we study subsequently. We then look at the
overall e�ect of all of these channels on the aggregate unemployment rate. Finally, in section 4.5, we
will study the evolution of mismatch in both recessions through the lens of the model introduced
by Şahin et al. (2014).

4.1 �e direct e�ect

�e top panel in Figure 11 compares the evolution of the prices of the directly a�ected occupations
across both recessions. �e orange dots display the evolution of the price of the output of broad
occupations. Not all specialized occupations are directly a�ected by the specialized recession: the
purple dashed line displays the output prices of specialized occupations that are directly a�ected
by the specialized recession. Workers in broader occupations are insured against industry-speci�c
recessions as they can sell their good to una�ected sectors. �is insurance manifests itself in lower

8Studying the economy’s deterministic response to shocks that are ex-ante unexpected is useful to understand its
response to recurring aggregate shocks, see Boppart, Krusell, and Mitman (2018).
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Figure 12: Changes in output and prices for shocked and non-shocked industries in each recession
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Each dot represents the immediate impact of a recession for a simulated industry. In the two top panels, I display the impact
of the specialized recession on all specialized industries. In the bottom panels, I display the impact of the broad recession
on all broad industries. Industries that are a�ected by the aggregate shock are colored in red. �e top-le� panel scatter-
plots the immediate changes in productivity against immediate changes in output at the onset of the specialized recession
for specialized industries. �e top-right panel scatter-plots changes in prices against changes in productivity for the same
industries. �e two bottom panels display the same characteristics for the broad industries in the broad recession.

sensitivity of the price of the occupation-level good to the respective aggregate shock. �e bottom
panel plots the evolution of job-�nding rates for the a�ectedoccupations in the respective recessions,
directly tracking the evolution of the prices.
�is evolution establishes the implications of the direct e�ect in the model and qualitatively

tracks what we measured in the empirical section.

4.2 �e relocation e�ect

Next, we identify the implications of the relocation e�ect in the model.
I simulate a number of occupations and industries to visualize the relocation externality. Figure

12 displays the impact of the recessions for the simulated industries. �e top panels illustrate that
all industries naturally face changes in productivity in each period. Industries that are a�ected
by the aggregate shock are highlighted in red: these industries face, on average, a larger drop in
productivity. In the model, industries that are less productive produce less. �e top-right panel
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shows the general equilibrium e�ect: in the model, the price of output increases in the scarcity of
the output. �erefore, the price of output of industries that are a�ected by the negative productivity
shock increases. Yet, this is only a second-order e�ect on revenue: the revenue of �rms in sectors
that are a�ected by the productivity shock decreases. �e two bottom panels depict the same
evolution in prices and output for the broad industries in the broad recession.
Note that all changes for the non-shocked industries in the top panel are centered around zero,

while the same is not true for the bottom panel. Firms in broad occupations sell to non-a�ected
broad industries in the broad recession, thereby increasing the average output of those sectors
and reducing the average price. �is is how the relocation e�ect plays out in this model. It can
also be seen in the fact that the uctuations in output and prices are much larger in the bottom
panels than in the top panels. Naturally, the relocation of broad occupations towards una�ected
broad industries means that the relative change in output between a�ected and non-a�ected broad
industries is higher than that between a�ected and non-a�ected specialized industries since no
such relocation can take place in the latter case.
Next, we study how the relocation e�ect plays out at the occupation-level. Figure 13 depicts the

changes in revenue for each industry, and the changes in output prices of each occupation for both
recessions. In both panels, we can see that % of industries are highlighted in red and are a�ected
by the productivity shock. In the top panel, we can see that the direct e�ect of this productivity
shock is isolated to the specialized occupations that are suppliers to the a�ected industries. In
the bottom panel, we can see, however, that workers in all broad occupations are a�ected by the
shock. �e revenue losses from a�ected broad industries are o�set partially by revenue gains from
una�ected broad industries. Yet, the overall e�ect is non-zero and equivalent to the direct e�ect of
the recession: the relocation channel distributes the direct e�ect of the recession equally across all
broad workers. While a�ecting each individual worker less, a broad recession a�ects a larger share
of workers.
In the real world, this important general equilibrium e�ect is more intuitive: engineers in

construction are insured against construction-sector shocks as they can move to other una�ected
industries. However, by moving to other industries, they will a�ect workers that were previously
already active in those industries. Broadness insures individuals against industry-speci�c shocks,
but the occupation as a whole has to take a hit.

Discussion �e strength of the relocation e�ect may be surprising. A standard search andmatch-
ing model in the spirit of Mortensen (1970) has no such externality, output is linear in the size of
labor markets. Relative to that model, we here feature industries with decreasing returns to scale.
�e production function of the �nal sector (2) implies that the elasticity of sector-level prices p(i)
with respect to output in that sector y(i) is given by −/θ. �ese decreasing returns to scale are
key in explaining the fact that relocations to other sectors adversely a�ect workers that are already
employed in those sectors.
However, this does not mean that the average substitutability of sectors θ changes the average

strength of the relocation externality in the economy. I illustrate this with the case of a negative
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Figure 13: Cross-sectional impact of the two recessions
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Each dot represents a single industry or the associated occupation. �e top panel displays the impact of the specialized recession,
and the bottom panel displays the impact of the broad recession. For each occupation and industry, I plot the change in price
and revenue, respectively, at the onset of each recession. Occupations and industries directly a�ected by the MIT shock are
colored in red.



productivity shock to some sector A, and the presence of sector B as a destination for workers. Let
us assume that the �nal sector aggregates over both sectors according to (2), with some θ that is
now higher than in the benchmark calibration. A higher θ implies that prices are less responsive to
output, and workers that move to sector B a�ect others in that sector to a lesser extent. However, a
higher θ also means that the same reduction of labor in the originating sector A has not the same
e�ect anymore: prices in sector A are now also less responsive to output, andmore workers have to
relocate until the marginal unemployed in A is indi�erent to relocating to B.
One might think that the elasticity of substitution di�ers: what if sector A had a low elasticity,

and sector B had a high elasticity? Yes, in that speci�c case, the relocation externality would be
weaker: few workers have to leave A, and will a�ect workers in sector B less when they arrive.
However, the relocation externality will be even stronger in the reverse case: eventually, a shock in
B will force workers to move back to A. It is unclear whether the combination of a weak relocation
externality from A to B and a strong externality from B to Awill average out to the same strength,
but it is clear that while we can pick a speci�c scenario under which the relocation externality is
weaker in one direction, it will likely be compensated by an even stronger externality in the other
direction: the average strength of the externality will remain roughly equivalent.
In the model, the decreasing returns to scale at the industry level imply that �rms make fewer

expected pro�ts when the size of the labor markets increases. �is reduces their match surplus
and leads to an overall reduction in the discounted present values of the match for the �rm, J(Ω),
and thereby to a reduction in vacancy posting. One might think that an alternative calibration
that dampens these transmission mechanisms would lower strength of the relocation externality.
For example, I follow the Hagedorn et al. (2008) calibration which implies that match surpluses
are relatively small. Indeed, alternative calibrations could render J(Ω) less responsive to changes
in p(i): vacancy creation in the destination sector would be less a�ected by a reduction in p(i).
However, the previous argument about symmetry still holds: less responsive match surpluses in
the destination sector B will coincide with less responsive match surpluses in the originating sector
A: more workers will leave sector A in such a calibration in response to a shock. To circumvent
this, one could assume that match surpluses are di�erentiably responsive in A and B. However,
this will – as before – reduce the strength of the externality for relocations in one direction, but
increase them in the other.
�is argument should hold more generally for modeling choices that weaken the relocation

externality, for example a lower outside option of the worker (which decreases the elasticity of �rm’s
pro�ts to productivity shocks), or an additional friction in occupational mobility (Carrillo-Tudela
et al., 2014)9. Such choices will weaken the strength of the relocation externality, but should also
render the originating sector less responsive to outmigration. �e equilibrium will lead to more

9In this model, changing the matching functions from constant returns to scale to either increasing or decreasing
returns to scale will not a�ect the relocation externality. �is is because mobility across industries is completely fric-
tionless: the matching function only operates at the occupation level. Indeed, an additional layer of matching at the
occuption-industry level would operate in a similar way as the other discussed channels. Workers that change industry
would cause less crowding out at the destination industry and less crowding in at their origin occupation: �e increase
in the returns to scale at each industry-occupation pair should reduce the strength of both the direct e�ect and the
relocation externality.
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Figure 14: Occupational mobility
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I plot the evolution of the labor force in the occupations that are directly a�ected by the recession. Orange dots denote broad
occupations in the broad recession. Purple lines denote directly a�ected specialized occupations in the specialized recession.

migration, which should roughly o�set the decreased relocation externality in the destination sector.
Asymmetries across sectors will weaken the impact of the relocation externality in one direction,
but strengthen it in the other.

4.3 Labor force mobility

As we just argued, each individual broad worker is a�ected much less in the broad recession than
specializedworkers in the specialized recession. Wenow study how this translates into occupational
mobility. Figure 14 displays the relative size of the labor force in broad and specialized occupations
over both recessions. When facing their respective aggregate shock, a larger share of a�ected
specialized workers leaves their occupation as compared to a�ected broad workers. �is is because
specialized workers are individually a�ected much stronger than their broad counterparts, and so
a larger share of specialized workers is willing to incur the �xed cost of moving occupations.
Workers are forward-looking, and so the return towards the steady state distribution of the

labor force begins before the impact of the recession has ceded. �ese changes in the labor force are
quite persistent: it takes approximately three years for the labor force to return to the steady state
distributions. �e length of this persistence is roughly as long as the duration of the productivity
shock.

Discussion I now discuss how themigration cost k a�ects these results. First, assume k = . Note
that in such a case the utility of any unemployed in any occupation in response to a occupation-
speci�c shock is identical. Now, unemployed workers in a specialized occupation can – in response
to a shock to their industry – freely relocate to any broad occupation: there cannot be an insurance
value to being in a broad occupation. Relocations will happen instantly in response to a shock. As
the shocked labor market recovers, workers slowly return.
As k increases, workers in specialized occupations have less incentives to respond to shocks to

their industry by changing occupation. In such a case, relocations will be only due to exogenous
labor force exit: workers in all occupations slowly leave the labor force, but new workers only enter
labor markets that deliver among the highest utility. Regardless of its source: a higher labor force
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mobility is indicative of a smaller ex-post di�erence in utility between workers in an adversely
a�ected occupation and the rest of the economy.
�is model does not feature idiosyncratic preferences about labor markets: all workers agree

on theU , and the occupations that deliver it. As a consequence, gross mobility and net mobility are
identical. Alternative speci�cations with heterogeneous preferences and preference shocks would
target the same stationary distribution of workers across labor markets, but ensure a continuous
ow of workers between occupations for reasons partially unrelated to the productivity of the
connected industries. It is unclear whether the inclusion of such heterogeneity would signi�cantly
alter the conclusions. Such heterogeneity would imply that – relative to this model – additional
workers would leave negatively a�ected occupations for reasons unrelated to the aggregate shock.
However, it would also mean an additional ow of workers to negatively a�ected occupations for
the same preference-based reasons. �e net migration e�ect on the labor ow of negatively a�ected
occupations is unclear.

4.4 �e aggregate unemployment rate

�e response of the aggregate unemployment rate is a composite of all these e�ects: the strength
of the direct e�ect, the size of the labor force that each shock a�ects, the relocation e�ect and the
occupational mobility. Figure 15 compares the aggregate unemployment responses of the whole
economy in both types of recessions. �e evolution of the aggregate unemployment rate is roughly
similar in both recessions. �at is to say, the relocation externalitymostly cancels out the direct e�ect
in the average: a shock to specialized occupations a�ects few workers a lot, while a shock to broad
occupations a�ects many workers to a smaller extent. However, the exact model speci�cations and
the built-in nonlinearitiesmay change which recession qualitatively leads to a larger unemployment
rate response.
In Appendix I, I show that this model-generated hypothesis is not rejected by the data: when

repeating my empirical analysis from the Great Recession and extending the analysis to all sectors,
the average correlation between broadness and job-�nding rates is not signi�cantly di�erent from
zero. �ere are many caveats to such an empirical approach and further study of this subject is
required. Yet, it at least suggests that the direct e�ect and the relocation e�ect are, on average, of
roughly equal size.

4.5 Mismatch unemployment in both recessions

We have so far speculated that specialized recessions generate more mismatch. In this section, we
will con�rm this hypothesis and study how mismatch unemployment evolves in each recession.
Figure 16 visualizes two empirical measures of mismatch. In the top panel, I plot ub(t), the

broadness of the unemployed. �is is the model analog to Figure 5. As expected, the recession
that predominantly a�ects broad occupations increases the share of broad workers in the pool of
unemployed. �e inverse occurs in the recession that predominantly a�ects specialized workers.
Here, the pattern is not as smooth as with the broad recession: there is a downward spike in the
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Figure 15: Aggregate unemployment response

−4 0 4 8 12 16 20 24

t (quarters)

0.054

0.056

0.058

u(t), broad
u(t), specialized

broadness of the unemployed in quarter , two quarters before the end of the aggregate shock. �is
is because workers relocate back to the specialized occupations at the end of the recession. In the
model, workers are indexed by their current, not their previous, occupation. �erefore, unlike in
the data, the relocation of broad workers to the specialized occupations will �rst lead to a decrease
in ub(t). �en, as these workers �nd jobs, ub(t) recovers.
�e bottom panel of Figure 16 displays a measure of mismatch following Şahin et al. (2014). As

described in section 2, it relates to the solution of a planner that can relocate workers across labor
markets without cost. In this context, it implies that the �xed cost of occupational mobility is set to
k = . �e planner’s problem is detailed in Appendix J. �e mismatch index is then computed as

M(t) =  − h(t)
h∗(t)

,

where h(t) and h∗(t) are hiring in the market’s solution and the planner’s solution, respectively.
To solve the planner’s problem in the context of this model, I follow Şahin et al. (2014) in

assuming that all shocks to an industry’s productivity are permanent. �is strong simpli�cation is
necessary for computational reasons: the planner believes that the specialized or broad recession in
each sector is permanent. �is additionally reduces the planner’s hiring at the onset of the recession,
h∗(). �e impact of this simpli�cation is so strong that mismatch actually decreases at the onset
of the specialized recession. �erefore, this approach is not suitable to analyze the development of
mismatch over time. Instead, we can compare both recessions within each point in time. When
doing so, the strong level e�ect stemming from our simpli�cation that starts at t =  should roughly
cancel out. We measure more mismatch in the specialized than in the broad recession. �is is in
line with our prior expectation: shocks to broad recessions generate less mismatch as broadworkers
can adjust to sectoral productivity shocks more easily.
Moreover, this suggests that we can use ub(t) as a mismatch index as well. �e disadvantage

of doing so is that ub(t) only correlates with mismatch across industries, and not for example
occupations or regions. Yet, it comes with a clear advantage: the computation ofM(t) is data
intensive both in the data and in themodel. For example, data on vacancies is usually less abundant,
and so the computation of occupation-industry speci�c vacancies can become challenging. �e
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Figure 16: Two measures of mismatch
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broadness of the unemployed ub(t) therefore is a useful complementary measure of mismatch as
it does not require any data on vacancies.

5 Empirical estimates of the direct e�ect of broadness

�e previous section emphasized the tension between the direct e�ect of broadness and the relo-
cation externality: we found a strong direct e�ect that is almost completely o�set by relocation
externality of the same size.
We will study these two e�ects empirically in the context of the construction sector during

the Great Recession. �is sector is a prime candidate for studying these e�ects for two reasons.
First, this sector employs both very broad and very specialized occupations, making it easy to
isolate the importance of broadness from other competing mechanisms. Second, a large number
of workers in the construction sector became unemployed during that period, ensuring su�cient
power in our analysis. We �nd that unemployed workers in broader occupations �nd jobs faster
than their counterparts inmore specialized occupations.10 Arguably, fewworkers relocated towards
the construction sector as it was one of the most severely a�ect sectors. Consequently, our strong
positive e�ects stem from the fact that we mostly measure only the direct e�ect of broadness. �ese
results will be qualitatively in line with the model predictions. We will conclude this section by
discussing the relocation externality: it is more di�cult to quantify as it is a general equilibrium
e�ect.

10Unemployment rates may be more interesting in the aggregate than job-�nding rates, but are the result of many
equilibrium forces. Appendix G studies changes in unemployment rates as an alternative outcome and �nds similar
results.
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Figure 17: Geographical heterogeneity of broadness
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Geographical variation of broadness for three di�erent occupations. Broadness measured for detailed occupation categories,
using data from  to .

In what follows, I want to relate occupation-level broadness to occupation-level job-�nding
rates or unemployment rates. Many characteristics vary across occupations, and subsuming all of
these di�erences into occupation-level broadness will lead to biased estimates. To isolate the e�ect
of broadness from other occupation-speci�c characteristics, I use geographic variation in industry
networks. As di�erent industries are present in di�erentUS states, occupationswill be di�erentiably
broad across US states. �is allows me to compute broadness mo,z for each occupation o and state
z, as in (29).

so,i ,z =
Eo,i ,z
∑i Eo,i ,z

mo,z =  −∑
i
so,i ,z (29)

I use data from the Current Population Survey (CPS). We will use data from  to  to
compute an estimate of occupation-state speci�c broadnessmo,z : the broadness of each occupation
is computed only using data prior to the Great Recession to prevent spurious correlations. �ere
was a minor change in the coding of occupations in the CPS in  which prevents us from using
data prior to that year.
Figure 17 displaysmo,z for three selectedoccupations in the construction sector. Cross-occupation

heterogeneity in broadness is much larger than within-occupation heterogeneity of broadness
across states. Yet, within-occupation heterogeneity still appears large enough to potentially cause
detectable di�erences in job-�nding rates.
I focus on unemployed workers that were previously employed in the construction sector. Two-

thirds of these unemployed workers had been employed in construction-related occupations that
under two-digit representation aggregate into a single major occupation. �erefore, I am using the
detailedoccupational categories ofwhich there are  inmy sample. However, as these occupations
are unevenly represented, most of the power will come from about  occupations with more than
 observations.
�e setup is then as follows: �x any particular month, and focus on all unemployed individ-

uals whose last employment was in the construction sector. Figure 17 displays the distribution
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Table 2: Job-�nding rates are higher for construction workers in broader occupations

Dependent variable: monthly probability of being hired

(1) (2) (3) (4)
Broadness 0.0724∗∗ 0.0794∗∗∗ 0.0600∗ 0.0714∗∗

(0.0293) (0.0253) (0.0353) (0.0347)

Occ FE Yes Yes Yes Yes

State x Month FE No No Yes Yes

Indiv Demographics No Yes Yes Yes

Only male No No No Yes
Observations 7865 7864 7756 7173

Data from CPS. Sample: unemployed workers in the construction sector in 
and . Broadness standardized and computed using data before recession.
Standard errors in parentheses. SE two-way clustered at the state and occupation
level. ∗∗∗ signi�cant at ., ∗∗ at ., ∗ at ..

of broadness across states for three typical occupations of the construction sector. I compute the
probability of being employed in the subsequent month for all of these occupations. Is it true that
individuals from the same occupation that are in a state where their occupation is broader have
a higher job-�nding rate? As before, this setup allows the introduction of state-level �xed e�ects
to control for the possibility that occupations are systematically broader in states that were less
strongly hit by the Great Recession. In theory, this single-month setup should be enough for iden-
ti�cation. As I have small samples in each period and many �xed e�ects to control for, I pool data
from  and  to estimate these e�ects. For this purpose, I create one �xed e�ect for each
state and month. �e regression I estimate is given by (30): I relate the job-�nding rate of each
individual j in occupation o, state z andmonth t to their occupation-by-state broadness, individual
demographics X j, occupation-�xed e�ects Θo and state-by-month �xed e�ects Λz,t . X j contains
three education groups, a squared term in age, three race groups, and gender.

f j,o,z,t = αmo,z + BX j + Λz,t +Θo + є j,o,z,t (30)

Table 2 shows the results. Columns (1)–(2) build the regression by adding controls and column
(3) shows the main speci�cation. �e average monthly job-�nding rate in that period for that
sample amounted to .. A one-standard-deviation higher broadness corresponds to an increase
in monthly job-�nding rates of ., or %. Column (3) is only signi�cant at the % level, but
this lack of precision can be attributed to the large number of controls, and di�erential job-�nding
rates by gender. To make this point, in column (4) I focus on the subset of males: when reducing
the sample to males, the results become more precise.
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Discussion One challenge in this speci�c context is that there is selection into the pool of unem-
ployed that varies with broadness. �e ability of an unemployed worker to �nd a job is expected
to correlate with market tightness: it is reasonable to believe that �nding a job is easier in labor
markets with a lower unemployment rate. �erefore, a randomly drawn unemployed worker from
a low-unemployment labor market is expected to have less ability to �nd a job than a randomly
drawn unemployed worker from a high-unemployment labor market. Broadness acts similarly:
being unemployed in a market with higher broadness therefore suggests a lesser ability to �nd a
job than being unemployed in a market with lower broadness. �is selection bias will be weaker in
labor markets with a larger inow of the unemployed. I thus try to address this issue by focusing
on the construction sector: any remaining bias will downward-bias the empirical estimate for α,
since we will instead assign some of the lower job-�nding rates caused by an unobserved lower
ability to the higher broadness of the occupation.

5.1 Measuring the strength of the relocation externality

So far, we focused on the construction sector, which was one of the most severely hit sectors during
the Great Recession. Naturally, most workers will leave rather then enter this sector. Consequently,
the net e�ect of being in a broader occupation is positive, since workers in this sector bene�t
from the direct e�ect and are less a�ected by the relocation externality. To measure the relocation
externality, one would have to study all the sectors that fared better in that recession, since broader
workers would use those sectors as destinations for their relocation. By construction, sectors that
fare better have lower unemployment rates, and so there will be fewer observations to estimate
job-�nding rates in those sectors. Furthermore, convincing evidence would have to rank sectors
in terms of their desirability, and show that workers in broader occupations and in more desirable
sectors su�ermore from the relocation externality. Not all occupations are employable in all sectors,
and so the ranking of sectors would have to be occupation-speci�c. Finally, in order to use the
geographical variation of occupational broadness that I have introduced in this section, one would
have to also compute these rankings at the US state level. �e CPS is designed to be representative
at the US state level only, and so all these additional intricacies render a convincing empirical
approach in this environment infeasible.

6 Conclusion

Understanding the determinants of unemployment is key to providing solid policy advice. �is
paper connects the phenomenon of mismatch unemployment to two key outcomes: heterogeneous
unemployment risk in the cross section, and unemployment uctuations in the aggregate.
We have shown in a general equilibrium model that workers in broader occupations are better

insured against industry-speci�c shocks. �is insurance partially protects workers that are in
negatively a�ected industries. Yet, when they use the broadness of their occupation to move to
better-faring industries, they a�ect workers in the same occupation in their destination sector. �is
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relocation e�ect turns out to be very strong in the model: for roughly every job saved due to the
broadness of the occupation, another job is lost due to the relocation e�ect: on average, workers in
broad and specialized occupations face similar unemployment rates in response to sectoral shocks.
We have seen that the strength of this general equilibriummechanism stems from the basic premise
of downwards-sloping labor demand curves at the industry level – an assumption that is o�en used
in macroeconomic models that feature sectoral heterogeneity.
�us, recessions that generate more mismatch and more mismatch unemployment do not lead

to larger unemployment responses per se. We have used the model to argue that the broadness of
the unemployed can be used as an empirical measure of mismatch across the industry dimension.
According to this metric, mismatch increased during the Great Recession. Yet, due to the strong
relocation e�ect, themodel suggests that the large unemployment response of that recession cannot
be explained by the increased mismatch at that time.
Empirical evidence from that recession is in line with the mechanism and the strength of

the relocation e�ect: workers in broader occupations in the severely-a�ected construction sector
bene�ted from the broadness of their occupation. Yet, broad occupations do not on average fare
better in that recession.
�is paper is microfounds the mechanisms underlying mismatch unemployment, and the

results complement the �ndings in Şahin et al. (2014). �ey �nd that mismatch unemployment
did not signi�cantly increase during the Great Recession, and cannot explain the large increase in
unemployment in that recession. I show that recessions that causemoremismatch do not inherently
lead to larger unemployment responses.
My measure of mismatch, the broadness of the unemployed, indicates that the degree of mis-

match was higher during the Great Recession than in previous recessions. �e model is geared
towards the analysis of the concept of occupational broadness, and was not designed to quantita-
tively match the Great Recession. �erefore, it cannot be used to con�rm whether the increase in
mismatch during that recession was, as Şahin et al. (2014) �nd, quantitatively insigni�cant. �e
solution methods used to solve the model render such a quantitative analysis di�cult.
�is paper emphasizes the importance of occupational and sectoral mobility to understand

mismatch unemployment. I hope that it motivates further empirical work on measuring the reloca-
tion e�ect directly, and theoretical work on further incorporating the underlying mechanism into
quantitative modeling.
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A Occupation-level unemployment during Great Recession

In the introduction, Figure 1 displays the standard deviation of occupation-level unemployment
rates.
I compute that by changing the data as little as possible: I take raw individual-level data from

the CPS and assign each individual into one of the 26 major occupation groups. I compute average
unemployment rates for each occupation and quarter. When I partial out other e�ects, I control
for three education groups, three race groups, and all industry-by-state-by-year groups before
computing occupation-quarter speci�c unemployment rates.
�en, to control for seasonal variation and other noise in the data, I apply a Savitzky-Golay

�lter with a third-order polynomial and a window length of  quarters, where the small window
length is chosen in order to pick up only short-term variation and not changes at business-cycle
frequency. As other �lters, the Savitzky-Golay �lter does poorly at the boundaries, therefore I drop
the �rst quarter of data.
�e resulting unemployment rates are displayed in Figure A.1. To give a feeling of which

occupations are a�ected most and least, I display the unemployment rates for the least and most
a�ected occupations in Figure A.2.

Figure A.1: Occupation-level unemployment rates during Great Recession
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Standard deviations of occupation-level unemployment rates. Le�: occupation-speci�c unemployment rates. Right:
occupation-speci�c unemployment rates, where I partial out individual demographics, and all combinations of industry,
state and year �xed e�ects. All unemployment rates �t through a Savitzky-Golay �lter and normalized in . Data:
CPS.
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Figure A.2: Occupation-level unemployment rates for subset of occupations
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B Classi�cation

In the introduction, I summarize �ndings from a machine learning exercise where individual-level
unemployment status is predicted using occupation, industry, year, month, county, metropolitan
area, age, sex, education, and race. Random forest is used to predict individual-level outcomes for
each individual non parametrically. To attribute outcomes to predictors, I follow Lundberg and
Lee (2018) by implementing Shapley Additive Explanations.
Shapley values constitute a solution concept in game theory: they uniquely distribute a surplus

to a coalition of players. Shapley values are the unique distribution that satis�es the following
four important characteristics for a given player set: they distribute the total surplus (“e�ciency”),
attribute the same outcomes for equivalently important players (“symmetry”), preserve linearity,
and attribute  to a null player.
Lundberg and Lee (2018) apply Shapley values to describing the relevance of “features” (inde-

pendent variables) in predicting an outcome. �e parallel to the game theoretical setup is clear:
the surplus generated is the predicted value, and the players are the features.
One can think about the Shapley value as each player’s average marginal contribution to the sur-

plus in a random ordering. �is is exactly the way one can compute Shapley Additive Explanations,
irrespective of the prediction method.
Figure B.3 plots average absolute Shapley Additive Explanations across all observations for each

independent variable.
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Figure B.3: Occupations are an important predictor of individual-level unemployment status

0.00 0.05 0.10 0.15 0.20 0.25
Importance of Predictor

Veteran status

Month

Metropolitan area

Sex

County

Age

Education

Race

Marital status

Year

Industries (235)

Occupations (451)

�e predictors of unemployment status ranked by importance. Data: CPS. Years: 2000-2010.



C Broadness and mismatch

�e strong assumptions put forward here will be relaxed in the quantitative model.
Assume that both electricians and engineers (indexed by e and m) are employable by the con-

struction sector but that engineers also are employable in �nance. �e construction sector has with
equal probability either a low or high number of hires hc ∈ {x , x} from each occupation, while �-
nance hires h f = x in each state of the world. Consider a two-period setup where in period  agents
have to choose between the two occupations, and in period  random hiring is realized. Given
labor force ℓo and hires ho, an occupation’s job-�nding probability f in a frictionless environment
is ho/ℓo, when we ensure ho < ℓo , o ∈ {e ,m}. Assume that all unemployed workers receive bene�ts
b, and workers get a �xed wage w > b.
�e general form of preferences for each occupation o is

Uo = E[ f (ℓo , ho)w + ( − f (ℓo , ho))b]

which for both occupations boils down to

Ue = b +


[(

x
ℓe

) + (
x
ℓe

)] (w − b)

Um = b + 

[(
x
ℓm

) + (
x
ℓm

)] (w − b)

Indi�erence in period one requires the expected utility to be the same, which here simpli�es
to equal average job-�nding rates.

Ue = Um ⇒ E[ f (ℓe , hc)] = E[ f (ℓm , hc + h f )]

⇒ ℓe =


ℓm

Notice that there will be more engineers than electricians to make up for the fact that there are
more jobs for engineers than for electricians. Next, we compute the variance of job-�nding rates
for both occupations, denoting by f the common average job-�nding rate.

Var [ f (ℓe , hc)] = E [


(

x

 ℓm

) +


(
x

 ℓm

)] − f 

Var [ f (ℓm , hc + h f )] = E [


(
x
ℓm

) +


(
x
ℓm

)] − f 

Using these expressions, we can show that the volatility of job-�nding rates is strictly higher
for electricians.
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Var [ f (ℓe , hc)] −Var [ f (ℓm , hc + h f )] =


( − ) (

x
ℓm

)

> 

In this example, an equal average job-�nding rate ensures that the occupationwithmore volatile
hires also has a more volatile job-�nding rate. Here, the fraction of unemployed workers is equal
to those that did not �nd a job, u =  − f . �erefore, broader occupations both have less volatile
job-�nding rates and less volatile unemployment rates. �is is because they are at lower risk of
being mismatched: broad occupations are employable in more sectors and therefore are insured
against volatile labor demand in any of their industries. Workers in the specialized occupation
might �nd themselves in a situation where only few of total hires occur in their occupation: they
are mismatched and therefore at higher unemployment risk.

Caveats Here, separation rates were �xed. �e result extends to volatile separation rates that
are not positively correlated with hires. �ese are typically negatively correlated, and the resulting
relationship between broadness and mismatch is even stronger.
In the example, one of the industries had constant hires. One can extend the previous frame-

work to show that in the insurance value of broadness is weaker when hires are positively correlated.
�e insurance value is completely lost when hires are perfectly positively correlated. Empirically,
that appears not to be true.
Several general equilibrium mechanisms potentially dampen these e�ects. First, individuals

might adjust their occupation a�er the shock has been realized. �e degree to which this happens
depends on the costs of changing occupations, among other the opportunity cost of not using their
occupation-speci�c human capital. As I show in Appendix E, a signi�cant number of unemployed
workers does not change their occupation – thereby dampening the expected e�ect fromoccupation
switching. Second, individuals might not be willing to change their industry – e.g. if they have
accumulated human capital in their previous industry. While Kambourov et al. (2009a) show that,
on average, there is less human capital associated with industries than occupations, this need not
be true for all occupation-industry pairs. �ird, as workers in more specialized occupations are
more dependent on �rms in fewer industries, those �rms might be able to bargain lower wages.
�is could lead to higher pro�ts, and thereby more jobs in industries that hire from specialized
occupations. Finally, the prices of industries that employ more specialized occupations might
interact with the aforementioned pro�t response.

D Mobility-based measure of broadness

�emeasure of broadness suggested in the main text looks at the distribution of occupations across
industries, without taking into account whether workers in those occupations are actually mobile
across those industries. Here, I suggest an alternative measure that considers mobility. Since it is
based on movers only, the estimated measure su�ers from data limitations. I do not use it in the
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main analysis, but show that it correlates well with the baseline measure.
Fix a time period. To study movers across industries, I look at workers that switch employer.

�e number of suchmovers in the CPS is small, so the measure designed cannot be too demanding.
I denote by zo,i ,i′ the number of workers in occupation o that switch from industry i to industry i′.

s̃o,i , j =
zo,i , j
∑ j zo,i , j

m̃o,i =  −∑
j
s̃o,i , j

z̃o,i =
∑ j zo,i , j
∑i∑ j zo,i , j

mmobilityo =∑
i
z̃o,im̃o,i

Essentially, I compute ameasure of broadness m̃o,i for eachoccupation-industry pair depending
on the concentration of the movers from that occupation and industry to other industries. To
generate my mobility-based measure of broadness, I compute a weighted average using z̃o,i , the
share of observations from the originating industry. It will be useful to also compute a placebo
measure.

Mo,i =∑
j≠i
zo, j,i

M̂o,i =∑
j
zo, j,i

ŝo,i =
M̂o,i

∑ j M̂o, j

mplaceboo =  −∑
i
ŝo,i

mplaceboo computes the same measure of broadness as the baseline measure from the main text.
However, it is computed over the set of movers only. It will be a useful indicator to judge the
noisiness of measures based on mover data.
�e mobility-based measure is much more data demanding: when aggregating over the 2002-

2007 years and all US states, we can only compute it for  out of  occupations. For comparison:
we can�e actual empirical estimation relies on state-level heterogeneity, and there are not enough
occupations for which we can compute the mover-based measure for multiple states. �erefore, I
fall back on showing how well this mover-based measure correlates with the baseline measure and
the new placebo measure. Figure D.4 shows the relevant scatter plots.
It correlates well with the placebo measure. If there was a substantial set of industries that

are isolated from other industries, the mobility-based measure should not correlate well with the
placebo measure. �e high correlation of . suggests that we can ignore this issue. �e lesser
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Figure D.4: Correlation between di�erent broadness measures
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(but still positive) correlation of the mobility-based measure with the baseline measure then can
to some extend be explained by the much higher noisiness of the estimate that has the higher data
requirements. I conclude that the baseline measure does not su�er heavily from isolated industries
that are add to themeasure of broadness without actually providing insurance. Any such remaining
bias will bias downwards the empirical estimates.

E Measuring occupation and industry switching

In the CPS, respondents are asked about their typically performed tasks. A�er the interview, these
are coded into occupation groups. �e reported tasks may change from interview to interview
even if the individual is still in the same occupation. �is may be the case when two occupations
have a large set of coinciding tasks, and the interviewee reports a di�erent subset of tasks in each
interview11.
As misreporting on either the �rst or the second interview is su�cient to miscode an occu-

pational transition when none was happening, measurements of occupational transitions will be
biased upwards in the data. While there is no translation from tasks present for industries, a similar
upwards bias is a problem there as well.
In order to address this problem, theCPS introduceddependent coding in 1994. If an interviewee

had reported an occupation in t − , and is employed in t, they will not be asked to report their
tasks. Instead, their previous occupation will be read to them, and they have to con�rm whether
their occupation is still the same or not. I compute for each individual transitions across either
occupations or industries. For example, denote by xi ,t the occupation of individual i in month t.
Sx ,i ,t measures whether an individual stayed in the same occupation between t and t − .

11Another question is whether these similar tasks should be coded into di�erent occupations, but out of the scope of
this summary.

47



48

Figure E.5: Occupation stayers by employment status
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Sx ,i ,t =
⎧⎪⎪⎪
⎨
⎪⎪⎪⎩

 if xi ,t = xi ,t−
 else

Denote byu the unemployment status of an individual. I compute the average probability of stay-
ing in the same occupation for employed-employed (EE) transitions and unemployed-employed
transitions (UE) as

Sx ,EE ,t = E[Sx ,i ,t ∣ui ,t− =  ∧ ui ,t = ]

Sx ,UE ,t = E[Sx ,i ,t ∣ui ,t− =  ∧ ui ,t = ]

Figure E.5 displays Sx ,u,t and Sx ,e ,t for the United States computed using the CPS, where t is
measured in monthly frequency. Note that, on average, Sx ,e ,t > Sx ,u,t . Additionally, the CPS re-
design in  introduced a sharp break in Sx ,e ,t : dependent coding increased the share of identi�ed
occupation stayers. �e same is not true for Sx ,u,t : as dependent coding was only introduced for
the employed, estimated transitions for the unemployed are still very noisy.
In analogue, I can de�ne x to instead hold industry status. Figure E.6 displays industry stayers

for the same sample. �e similar patterns are clear here: staying is more likely in EE than in UE
transitions. Again, the CPS redesign increases the measured stayers for the employed, but not the
unemployed.
�is suggests that switchers are overestimated for the unemployed, both across industries and

occupations. In the model, we want to calibrate k against the responsiveness of occupational tran-
sitions to occupation-speci�c productivity shocks among the unemployed. �is leads to two prob-
lems: �rst, it is di�cult to isolate productivity shocks and the likelihood of switching occupations
in the face of selection issues. Second, even the unconditional likelihood of switching occupations
is di�cult to measure, given the suggested bias in occupation coding for the unemployed.
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Figure E.6: Industry stayers by employment status
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F Model supplementary

In this section, I supply additional information on the model regarding the laws of motion for the
labor force, and the formal de�nition of the general equilibrium.

F.1 Laws of motion for labor force

In what follows, I describe the law of motion for the labor force in the broad occupations (F.1).
To understand mobility, denote by U ′(gℓ) the next period’s utility as a function of mobility

at the end of this period. �ere are four cases to distinguish. In case (i) U ′() ∈ (U ,U). If
without mobility, next period’s utility is strictly between the boundaries, there is no incentive for
workers to leave. Moreover, as the occupation does not belong to the set of “best occupations for
the unemployed to enter”, no worker will enter. In case (ii) U ′() ≥ U : next period’s utility would
be at or above U . In equilibrium, U has to be the highest attainable utility value: we will observe
positive mobility into the occupation. However, positive mobility is only an equilibrium outcome
if U ′(gℓ) ≥ U . �us, we know that mobility will be such that U ′(gℓ) = U . Next, we have to deal
with U ′() ≤ U . Whenever that is the case, unemployed workers will leave the occupation. �e
measure of workers that are leaving is such that either (iii) all unemployed workers have le�, but
next period’s utility remains below the threshold, or (iv) that utility has moved to the threshold U –
whatever requires fewer relocations. �e law of motion for the specialist occupations’ labor force
(F.2) follows the same spirit.
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F.2 General equilibrium

De�nition 1. A General Equilibrium is a collection of

1. Aggregate output Y
2. Specialist industry states {A(i), u(i), ℓ(i)}i∈(γ,]
3. Broad industry states {A(i)}i∈[,γ]
4. Occupation-level distributions {Gb(u, ℓ),Gs(a, u, ℓ)}
5. Occupation-level output {z(o)}o∈[,γ]
6. Leaving threshold U
7. Laws of motion for labor {gℓ;s(a, a′, u, ℓ), gℓ;b(u, ℓ)}
8. Prices of occupation-speci�c output {ps(a, u, ℓ), pb(u, ℓ)}
9. All previous variables (value-functions, masses, prices...)

such that

1. Y is consistent with industry output (2)
2. z(i) is consistent with occupation-level output (24)
3. Specialist industry states are consistent with specialist occupation distribution (23)
4. U is consistent with Gb ,Gs

5. Prices are consistent with industry-level demand and feasibility (25)-(26)
6. Laws of motion for labor are consistent with {U ,U} (F.1)-(F.2)
7. {Gb ,Gs} are consistent with the productivity process and {gℓ;s , gℓ;b , gu;s , gu;b}
8. ∀i ∈ (γ, ]: given {A(i), z(i)}: {p(i)} solves specialist industry prices (5)
9. ∀i ∈ (γ, ]: given {ps(a, u, ℓ), gℓ;s ,U}: {Js , Es ,Us ,w , gu;s ,ms} solve Stationary Recursive
Specialist Occupation PE

10. ∀i ∈ [, γ]: given {Y , {z(o)}i∈[,γ]: {x , x(i), pz} solve Broad Industry PE
11. Given {Lb , pb(u, ℓ),U ,U}: {Jb , Eb ,Ub ,m, u, gu;b} solve Recursive Broad Occupation PE
12. Feasibility w.r.t L (27)

G Did broader occupations have a lower unemployment response dur-
ing the Great Recession?

In section 5, we cleanly isolated the impact of broadness on job-�nding rates for workers in the con-
struction sector. In order to tie these estimates back to the motivating di�erential unemployment
responses in the cross-section, I now aggregate the individual unemployment status to compute
occupation-by-state unemployment rates. �en, I relate changes in unemployment rates to broad-
ness. To reduce noise, I will aggregate occupations into major groups, and use several years of
data prior to the recession to compute mo,z . For each occupation and state, I regress the di�erence
in unemployment rates between  and  against the occupation-state level of broadness. I
choose  and  as the two years since they characterize the peak and troughof unemployment
during that period. �e regression setup is summarized by (G.3).
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uo,z, − uo,z, = αmo,z + Λz +Θo + єo,z (G.3)

Figure G.7 draws the regression line against all observations. Table 3 summarizes the empirical
results a�er standardizing mo,z . �e baseline result is displayed in column (3): on average, one
standard deviation increase in broadness is associated with a reduced increase in unemployment.
To put this into perspective, the mean increase in occupation-state speci�c unemployment rates
between  and  weighted by occupation-by-state cell sizes was . (unweighted: .),
implying that a one standard deviation change in broadness explains a third of the increase in
unemployment during that period.
�e coe�cient of interest increases between columns (1) and (3). As occupations vary on other

dimensions besides broadness and it is unclear how that correlates with broadness, I will not read
too much into the results in column (1). �e coe�cient becomes stronger when controlling for
state-�xed e�ects (3). �is suggests that high-broadness states also tended to be a�ected more by
the Great Recession, which biased the estimates in columns (2).
Finally, I control for two types of heterogeneities across occupation-by-state bins. One type is

individual-level characteristics which control for demographics that are potentially associated with
a lower reemployment rate. Another type is the industry of last employment, interacted with state.
Industry-by-state �xed e�ects control for a di�erential exposure of industries to the recession, which
is allowed to vary by state. I control for both heterogeneities by appyling the Frisch–Waugh–Lovell
theorem: in each year, I partial out individual-level broadness and unemployment status for a
quadratic term in age, three racial groups, three education groups, two sex groups, and  × 
industry-by-state groups. �en, I compute cell means for each state, occupation and year, and
compute the inter-year di�erence as before. �e �ndings are summarized in column (4) in Table 3.
�e point estimates rise considerably, suggesting that one standard-deviation decrease in broadness
contributed more than half of the rise in unemployment during that period.

�reat to identi�cation All remaining variation a�er the residualization at the occupation-by-
state dimension is captured by my measure. Any such variation that is unrelated to broadness will
bias my estimates. For example, individuals’ selection into riskier occupations might depend on
their risk aversion. If the correlation between risk aversion and ability is not zero, individuals’ ability
will vary by occupation-by-state and inuence unemployment changes that bias the the estimate
for α.
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Figure G.7: Broader occupation’s unemployment responses were mitigated
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Occupation-speci�c unemployment responses during the great recession as a function of their broad-
ness. Top panel: only controlling for occupation and state-�xed e�ects, correponding to column (3)
in table 3. Bottom panel: controlling for individual demographics, and state-year �xed e�ects – as in
column (4).



Table 3: Broader occupations’ unemployment rates are less responsive to recession

Dependent variable: di�erence in unemployment rates between  and 

(1) (2) (3) (4)
Broadness -0.00960 -0.0153 -0.0168∗∗ -0.0273∗∗

(0.00912) (0.00992) (0.00769) (0.0103)

Occ FE No Yes Yes Yes

State FE No No Yes Yes

Individual Demographics No No No Yes

Industry × State No No No Yes

N 1228 1228 1228 1228

Observations weighted by the number of observations used to compute cell averages.
Broadness standardized and computed using data before recession. Standard errors in
parentheses and two-way clustered at state and occupation level. ∗∗∗ signi�cant at .,
∗∗ at ., ∗ at ..

H Broadness of the unemployed

In Figure 5, I plot the time series of average broadness of the unemployed. �is is done as follows:
I compute mo,t for each occupation, using a whole year to compute the shares si ,o,t and the cor-
responding broadness. I then essentially compute the average broadness of the unemployed mt

as

ho,t =
uo,t
∑o uo,t

mt =∑
o
ho,tmo,t

Note thatmt is not a�ected by the level of the unemployment rate, only the composition of the
underlying occupations ho,t , or the broadness of those occupations mo,t . As I am computing these
results for a long time horizon, I prefer recomputing mo,t every year over collapsing the data. �e
disadvantage of doing so is that the measure might be more noisy in each year, but it is more robust
to changes in broadness over long time horizons, or changes in occupational coding.
Figure H.8 displays several robustness checks to that baseline computation. �e top-le� panel

is identical to the �gure in the main text. �e top-right panel computes mo,t in  and holds it
constant. �e second row computes both versions for aggregated industry groups.
�e key take-away is that the long-term patterns are more sensible whenmo,t is allowed to vary.

Naturally, aggregating industries reduces averagemo,t , as the set of industries is reduced and hence
the dispersion will be less. However, qualitatively, the cyclical and trend patterns are the same. In
all four panels, the broadness of the unemployed was much lower during the Great Recession than
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in previous recessions.
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I Empirically measuring the relocation externality

In the main text, I have argued that convincing evidence on the relocation externality would show
that workers in more desirable sectors andmore broad occupations su�ermore from the relocation
externality. �is type of setup is infeasible in the environment that I study in the empirical part of
the paper.
In the general equilibriummodel, I �nd that the relocation externality is on average roughly as

strong as the direct e�ect: the evolution of the aggregate unemployment rate is roughly equivalent
in recessions that a�ect broad or specialized occupations. In this section, I show that I cannot reject
the model-generated hypothesis that both e�ects are of equal magnitude.
To do this, I extend the previous analysis of studying the job-�nding rates of unemployed work-

ers during the Great Recession. Instead of focusing on unemployed workers from the construction
sector only, I include unemployed workers from all sectors in my analysis. �e setup is described
by (I.4).

f j,i ,o,z,t = αmo,z + BX j + Λz,t + Γi ,t +Θo + є j,i ,o,z,t (I.4)

Since I now study workers in all sectors of the economy, I add a series of industry-by-month �xed-
e�ects relative to the previous speci�cation in (30). Table 4 summarizes the �ndings. In short, the
average e�ect of broadness on job-�nding rates across all sectors is statistically indi�erent from
zero, and statistically much smaller than the e�ects that we found when studying the construction
sector.
�is is consistent with the previously discussed theory: being in a broader occupation helps

workers in the severely a�ected industries more than the average worker. Moreover, it suggests
that – on average – the relocation externality is as strong as the direct e�ect: the broadness of an
occupation does not increase its job-�nding rates on average over all sectors.
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Table 4: Job-�nding rates are not higher for individuals in broader occupations

Dependent variable: monthly probability of being hired

(1) (2) (3) (4)
Broadness 0.00297 0.00827 0.00382 0.00182

(0.0135) (0.0148) (0.0137) (0.0158)

Occ FE Yes Yes Yes Yes

State x Month FE No No Yes Yes

Indiv Demographics No Yes Yes Yes

Industry x Month FE No No Yes Yes
Observations 50688 50688 49913 36825

Data from CPS. Sample: unemployed workers in  and  from all
sectors. Broadness standardized and computed using data before recession.
Standard errors in parentheses. SE two-way clustered at the state and occu-
pation level. ∗∗∗ signi�cant at ., ∗∗ at ., ∗ at ..

J A measure of mismatch unemployment

We solve the problem of a planner that can move unemployed workers across labor markets free
of cost. Following Şahin et al. (2014), we write this problem in recursive formulation as follows.

V(u, e , z, v) = max
u i≥

Y + b( −∑
i
(ei + hi)) + βE[V(u′, e′; z′, v′)]

s.t.∑
i
ui ≤ u (J.5)

hi = Am(ui , vi) (J.6)

e′i = exp(−δ)(ei + hi) (J.7)

u′ = ℓ′ −∑
i
ei (J.8)

Y =∑
i
(y

θ−
θ
i ,t )

θ
θ−

(J.9)

yi =
⎧⎪⎪⎪
⎨
⎪⎪⎪⎩

Ai (
A i
Ab

)
θ−

x if i < γ

yi = Aizi if i ≥ γ
(J.10)

x =
⎡
⎢
⎢
⎢
⎢
⎣

Ax ∫[,γ] z
θb−
θb
o do

⎤
⎥
⎥
⎥
⎥
⎦

θb
θb−

(J.11)

�e planner maximizes the discounted sum of total output, which consists of output produced
at work plus home production of the unemployed. (J.5) states that the unemployment in each labor
market has to sum up to the total amount of unemployed workers in the economy. Equations
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(J.6-J.8) specify the law of motion for unemployment in line with the model described in this paper.
Equations (J.9-J.11) de�ne aggregate output consistently with the model developed in this paper.
To solve this system, I hereina�er assume that the industry-speci�c productivity shocks follow

a Martingale process. �is allows to solve for the planner’s solution in closed-form. �is simpli�ca-
tion introduces the bias that the planner overestimates the impact of changes in productivity, both
for changes in productivity in industries that are connected to broad and to specialized occupa-
tions. Under this assumption, Şahin et al. (2014, See Online Appendix A.2) show that the Planner’s
solution for the optimal unemployment rate equalizes weighted unemployment rates across each
labor market. In this environment, that entails to equalizing the surplus-weighted matching rate
in each occupation:

χiAv−αi u−αi

, where χi denotes the present-discounted output net of home production in industry i, which
varies across broad and specialized occupations:

χi =
(∑i y

− 
θ

i Y

θ Ai (

A i
Ab

)
θ−

Axx

θb z

− 
θb

i − b)

 − β( − δ)
, i < γ

χi =
(y−


θ

i Y

θ Ai − b)

 − β( − δ)
, i ≥ γ.

�e implied share of unemployed workers in each occupation is then given by

u j
u
=



(χ jAv−αi )


α− ∑i


(χ jAv−αi )


α−

.

Hereina�er we will use stars to indicate the planner’s solution. �e total amount of hiring in
the competitive equilibrium and in the planner’s solution are given by

ht =∑
o
Auαov−αo

h∗t =∑
o
Au∗o

αv−αo .

Finally, we use these to compute the Mismatch index speci�ed in Şahin et al. (2014) as

Mt =  −
ht
h∗t
.
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