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Abstract

| build a model in which structural change creates a mismatchbetween the skill
requirements in the available jobs and workers' current skis. When the mismatch is
severe, labor markets go through a prolonged adjustment preess wherein job creation
is low and unemployment is high. Due to matching frictions, rms nd it harder to
locate workers with the requisite skills for novel jobs and hey respond by creating
fewer jobs. The paucity of novel jobs increases unemploymeiffor all workers|including
those who already hold the requisite skills|Jand discourages skill acquisition by workers.
Moreover, structural change interacts with the business cgle, causing a large and long-
lasting increase in unemployment that concentrates in recssions. | demonstrate that the
decline in routine-cognitive jobs outside manufacturing| a pervasive structural change
that has a ected U.S. labor markets since the late 90s|created a skill mismatch that
contributed to the long-lasting increase in unemployment dserved during the Great
Recession. My evidence suggests that the ampli cation e ec introduced by matching
frictions are important. Moreover, | nd that the skill mism atch has a larger e ect during
recessions and in labor markets where the demand for goods @uservices is depressed.

Keywords: Unemployment, Skill Mismatch, Structural Change, Great Recess.
JEL Classication:  E24, E32, J21, J24.

| thank Daron Acemoglu, Abhijit Banerjee and Ilvan Werning for the ir thorough guidance with this
project. Special thanks go to David Autor for his advice on the emjrical work. For their suggestions and
support | thank Arianna Salazar, Nicolas Caramp, David Colino, DiegoFeijer, Mateo Montenegro and Roman
D. Zarate. | also obtained valuable comments from participants at he MIT Macro Seminar, and from Alex
Bartik, Atif Mian, Emi Nakamura, Brendan Price, Mathew Rognlie and Dejanir Silva. David Dorn, Georg
Graetz and Bart Hobijn contributed some of the data used in this project.



mailto : pascual@mit.edu
http://pascual.scripts.mit.edu/
http://pascual.scripts.mit.edu/research/01/PR_jmp.pdf

Structural change leads to the obsolescence of old jobs and exgignovel jobs that embody
new technologies. But the expansion of novel jobs does not guatese that workers reallocate
at no cost. Old and novel jobs require di erent skills, and a large siha of the workforce lacks
the skills that novel jobs require. Structural change can creai skill mismatch

Since the mid 90s, cheaper computers have allowed rms to carrytdasks that previously
had been performed by clerks, technicians, bookkeepers, sagespns, and other white-collar
workers. This technological change led to a major restructuringf the labor market, charac-
terized by a decline in routine-cognitive jobs that can be easily comprized because they
follow precise procedures (see Autor, Dorn and Hanson, 2015)igle 1 shows that, from
1996 to 2015, the share of the workforce employed in these o cebs declined from 25.5% to
21%]la 4.5 percentage points decline, or 7 million jobs. (The more publized decline in man-
ufacturing during the same period removed 9 million jobs.) The decline moutine-cognitive
jobs coincided with the expansion of a wide range of professionabgcsuch as audio-visual spe-
cialists, executive secretaries, data administrators and analystsomputer support specialists
and engineering jobs. Workers displaced from routine-cognitivelye redeployed to professional
jobs, but many of them lacked the analytical skills, training and forral education that are
required in these jobs. By removing employment opportunities for iehdle-skill workers who
specialized in routine tasks, the decline in routine-cognitive jobs ated a skill mismatch.

Employment rates by occupational category in the U.S.
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Figure 1: U.S. employment rates for di erent occupational categories. Dat from the BLS.

In this paper | argue that when the skill mismatch is severe, labor mieets go through a
prolonged adjustment process in which job creation is low and unefopment is high for all
workers. | also argue that the adjustment interacts with the busess cycle, which causes a



long-lasting increase in unemployment that concentrates in recesss; booms, on the other
hand, mask the negative consequences of structural changedsing data for the U.S., |
demonstrate that during the Great Recession, the decline in rougacognitive jobs caused a
skill mismatch that added to the large and long-lasting increase in ungloyment.

In Section1 1 develop my argument. | study a model in which an economy adjusts a one-
time structural change that leads to the gradual obsolescencé a@d jobs|routine-cognitive
jobs, in my example|and expands novel jobs that require di erent skills|professional jobs,
in my example. The economy adjusts as the unskilled workers who latie skills required in
novel jobs retrain by taking stepping-stone jobs.

The key assumption in my argument is that labor markets are frictioal and are character-
ized by bargaining over the product of labor. Firms and workers faanatching frictions when
they form jobs; once matched the worker and the rm bargain ovehe surplus of the relation-
ship. Matching frictions are such that when rms post novel jobsliey are less likely to obtain
a skilled worker if the share of the unskilled among the unemployed is dg@. Thus, a surge
in the share of unskilled workers that are searching for novel jgbssevere skill mismatch|
reduces the ability of rms to locate workers with the requisite skillsdr novel jobs and crowds
out matching opportunities for skilled workers. | think about this asumption in terms of
the following metaphor: rms may be able to target their search e as based on imperfect
signals|a test, an interview, a resume or referral, a job requiremet|because rms either
only observe these signals or their search technology cannot befeetly directed. Conditional
on a given signal, the employer's posterior probability that a worker iskilled decreases when
the unskilled are numerous (see Coate and Loury, 1993; AcemogR9&), which reduces the
ability of the rm to locate skilled workers.

Structural change causes temporary but long-lasting unemploynt. Because they lack the
skills required in novel jobs, unskilled workers go through a prolong@eriod of unemployment
and low wages until they retrain. | refer to this as thedlirect e ect of structural change, which
is the usual mechanism emphasized in the literature on job displacemand reallocation (see
Kambourov and Manouskii, 2009; Alvarez and Shimer, 2011; and Jaimic and Siu, 2014).

The direct e ect is only a part of the story. Matching frictions introduce two ampli cation
mechanisms that depend on the aggregate extent of skill mismajitte share of unskilled
workers among those who are searching for novel jobs. There igoh creation externality
that ampli es unemployment. The skill mismatch lowers employer's exgctations about the
probability of obtaining a skilled worker, and rms respond by creatig less novel jobs. Thus,
when the unskilled abound, the skill mismatch lowers the job- nding ate of both skilled
and unskilled workers. This constitutes an externality because ahges in the nding rate of
workers have a rst-order e ect on their utility. Moreover, there is acomplementarity e ect,
which dampens retraining and prolongs the adjustment. Since r@ining is only useful in



novel jobs, during periods of skill mismatch, the paucity of novebps reduces the incentives
of workers to retrain. Firms respond by creating few stepping-@he jobs even if there are no
contractual frictions or nominal rigidities involved (see Caballero amHammour, 1996).

The distinctive implication of my model is that, due to the job creationexternality and
the complementarity e ect, the nding rate of a worker not only dgends on his skills, but
also on the skill mismatch in his labor market. The skill mismatch redusgob opportunities
for skilled workers and a ects the redeployment and retraining of nskilled workers

Although the decline in routine-cognitive jobs started in the mid 90grigure 1 shows that
about two thirds of the decline in the last 20 years occurred duringhe Great Recession (see
also the evidence by Jaimovic and Siu, 2014). Also, as | show in my enafl exercise, the
e ects of this structural change on unemployment concentratén economic downturns. My
framework underscores two potential mechanisms by which thersttural change interacts
with the business cycle, causing a long-lasting increase in unemploymnthat concentrates in
recessions.

First, because unskilled workers produce a low surplus in the availabtebs, their job-
nding rate is more responsive to changes in productivity. Thus, during periods of low
aggregate productivity, unskilled workers cannot nd novel jobgasily; the share of unskilled
workers among the unemployed rises, which exacerbates the skilsmatch and its negative
externalities (see also Pries, 2008, who emphasizes the same nrashg.

Second, a literature going back to Schumpeter (1942) argues thaue to the low op-
portunity cost of adjustment during recessions, rms use crisisotreplace old jobs with new
technologies or restructure and close job positions that will soorebome obsolete due to ad-
vances in technology. In the case of routine-cognitive jobs, the data supports the agsption
that rms adjust their labor requirements during recessions, whit caused a permanent shift
in the demand for routine-cognitive labor during the Great Recessio Figure 2 shows that
during the recession, job openings for routine-cognitive jobs|tle analog of old jobs in my
model|su ered a permanent decline of about 55% relative to other pbs?

| incorporate this possibility by assuming that recessions bring a tgmorary increase in
the rate at which rms permanently close the available positions forld jobs and stop hiring
labor to produce these tasks. During good times, old jobs are stillemtiful; workers are
not displaced nor forced to redeploy to novel jobs and the skill misatch is modest. During

1Hagedorn and Manouski (2008) and Ljungqvist and Sargent (208), too, emphasize that when the net

surplus is low, wages become endogenously rigid and the job- ndingate of workers becomes more cyclical.
2See also Davis and Haltinwanger (1990), Hall (1991), Caballero and &nmour (1994), Aghion and Saint

Paul (1998), Koenders and Rogerson (2005), and Berger (2014
3A recent report by Burning Glass Technologies (2014) shows thateven within the remaining job openings

for middle-skill jobs, rms are demanding higher quali cations and workers are expected to perform di erent
tasks than before.



Job openings by occupation

60
I

0 20 40
\
/
N\
\
/
|
\

-20

40

/l\
N

|

|

60
/
\

\

Percent change (relative to 2007q1)
/N
N\

/
|
|
/
\
.
\
\
/
I
|
\

-80 -
I

T T T T T
2007q1 2009q1 2011q1 2013q1 2015q1

Occupations at 90th percentile of routine-cognitive content
Occupations at 10th percentile of routine-cognitive content

Figure 2: Percent change in quarterly vacancies posted within broad occug@nal groups (relative to the
rst quarter of 2007). The light-blue bars plot 90% con dence intervals for the di erence between both series
in each quarter. Data for 22 occupations from Help Wanted Online, ly the Conference Board.

recessions, rms adjust the type of jobs that they post and thre is a permanent decline in
openings for old jobs. The paucity of old jobs pushes unskilled workento unemployment and
to redeploy to novel jobs, which exacerbates the skill mismatch drits negative externalities.
| show that when training costs are high, the resulting increase in employment may outlast
the recession and create a jobless recovery.

The theory section presents the formal statements and intuitianfor these results. The
model is dynamic and has several state variables, but a carefuloate of assumptions allows
me to characterize the adjustment path when gross ows are seiently large (as is the case
in the data for the U.S.). Moreover, | characterize the ine cienciesthat arise because of
the job creation externality in terms of wedges between the privatand social value of job
searching for di erent workers (as in Shimer and Smith, 2001). Theedges indicate that
the ine ciencies arise because unskilled workers deteriorate maiag opportunities for all
workers, while skilled workers improve them. Workers and rms do nanternalize these rst-
order e ects when forming matches or creating stepping-stoneljs. The ine ciencies arise
even if the Hosios condition holds (Hosios, 1990).

Section2 supplements my theoretical analysis with a quantitative explorationf the model.
For plausible parameters, the external and complementarity e ¢ég explain about 40% of
the increase in unemployment along the adjustment. The e cient alloation exhibits about
30% less unemployment than the decentralized one and featuresrengtepping-stone jobs.
Although rms and workers bargain over small quasi-rents (matdhg frictions are small in the
parametrization | use), matching frictions can have a signi cant eect on skill acquisition and
job creation. Moreover, the interaction between structural cdainge and recessions is signi cant.
| parametrize a recession as a decline of 5% in productivity and an ieease in the rate at which



rms close available positions for old jobs. This shock is calibrated to awch the permanent
decline in job openings for routine-cognitive jobs that | present b@wv in Figure 2. Both shocks
last for 10 quarters. When the recession a ects an economy that adjusting to structural
change, it increases unemployment by up to 3 percentage pointsvé-years after the recession
ends, unemployment remains above its pre-recession trend fortlbbdypes of workers. In the
absence of structural change, the same recession would only @ase unemployment by 1
percentage point, and unemployment would exhibit no propagatiors¢e Shimer, 2005).

Section 3 presents my empirical analysis of the decline in routine-cognitive jekin the
United States. In line with the patterns in Figuresl and 2, | nd that the decline in routine-
cognitive employment concentrated during the Great Recession dit prompted the rede-
ployment of workers who specialized in these jobs to professionatb$. This structural change
brought a skill mismatch which contributed to the large and long-laghg increase in jobless-
ness that was observed in the U.S. during the Great Recession arslrécovery (from 2007 to
2013).

The key empirical implication of my framework is that, due to the job reation externality,
the nding rate of a worker not only depends on his skills|the direct eect|, but also on
the extent of the skill mismatch in his labor market, which reduces # creation of novel
and stepping-stone jobs and ampli es unemployment. My empiricaltrategy separates the
direct e ect of the skill mismatch from the job creation externality and the complementarity
e ect|the external e ects of skill mismatch for short|that ope rate in a local labor market.

To estimate the direct e ect of structural change, | partition wakers in the American
Community Survey into 200 skill groups (de ned by age, educatiorsex and region of resi-
dence) and measure their specialization in routine-cognitive jobsing their year 2000 share
of employment in these jobd. As expected of the direct e ect, from 2007 to 2013, workers in
skill groups at the 90th percentile of specialization in routine-cognite jobs|the analog of un-
skilled workers in my model|su ered a decline of 2.4 percentage point&é their employment
rate relative to workers in skill groups at the 10th percentile.

To estimate the external e ects of the skill mismatch, | compare arkers in the same skill
group who reside in commuting zones|or local labor markets|exposed to di erent levels
of skill mismatch® | measure the skill mismatch in each commuting zone by the share of
workers who in 2000 were employed in routine-cognitive jobs|the aalog of the share of

4This builds on work by Acemoglu and Autor (2011) and Foote and Ryan(2014), who follow the same

procedure to study the e ects of technology on workers in di erent skill groups.
5This approach builds on the work of Autor, Dorn and Hanson (2013,2015), who explore the aggregate

consequences of trade and technology on local labor markets. Mapver, a growing literature documents that
the impact of shocks that require reallocation of workers are morevisible not in national-level outcomes, but
in the most exposed commuting zones (see Acemoglu et al. 2014; aAdtor, Dorn and Hanson, 2015). These
authors argue, as | do here, that this re ects adjustment coss that a ect all the workers in a labor market.



unskilled workers in my model. As expected of the external e ect$, nd that workers who
were located in commuting zones that had a worst skill mismatch sured from a more long-
lasting decrease in employment than workeia the sameskill group who were located in other
zones. These external e ects are signi cant and may explain abobalf of the decrease in
employment associated with the decline in routine-cognitive jobs. bmplement this evidence
with an instrumental-variable strategy and a placebo test using th#990 recession, which show
that the estimated external e ects do not capture unobservedli erences across commuting
zones.

My ndings imply that, during the Great Recession, unemployed wordrs in the most
exposed commuting zones experienced a large and long-lasting dedlirtheir job- nding rate.
Figure 3, which uses data from the Longitudinal Employer-Household Dynaios, previews this
result. Workers in commuting zones at the 90th percentile of mismelt su ered a persistent
15% additional decline in their job- nding rate from 2007 to 2014, tative to workers in zones
at the 10th percentile of mismatch. This represents an additional3 percentage points decline
in their employment rate by 2014.

Job-finding rates during the Great Recession
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Figure 3. Percent change in unemployed workers' job- nding rate (relative to the rst quarter of 2007).
The light-blue bars plot 90% con dence intervals for the di erence between both series in each quarter. Data
from the Longitudinal Employer-Household Dynamics.

The incidence of the external e ects provides more concrete eeiace of the external e ects
of the skill mismatch. The job creation externality and the complemarity e ect should
a ect workers who specialize in professional jobs and workers thaeed to redeploy to these
jobs. When | estimate the incidence of the external e ects of skilnismatch, | nd that
they are associated with a reduction in employment for groups of wkers who specialized in
professional jobs|the empirical analog of skilled workers in my mod¢and a reduction in
employment and wages of workers who specialized in routine jobs.r Amrkers displaced from
routine-cognitive jobs, the external e ects manifest partly as éower probability of successfully
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reallocating to professional jobs, which is consistent with the paitg of stepping-stone jobs
predicted by my model. Remarkably, | do not nd evidence of an exteal e ect of skill
mismatch on workers specialized in service or managerial jobs.

To support my interpretation of the evidence, | evaluate alternave explanations for the
existence of ampli cation e ects at the commuting-zone level. Hypbetically my estimates
could capture local demand externalities (see Beaudry, Galizia andifer, 2014), or they
could result from the decreasing marginal value of jobs receiving plisced workers. But
none of these alternatives explain my ndings. The estimated nega¢ external e ects are
present among workers who specialize in the tradable sector ana arot present on workers
who specialize in the non-tradable service jobs, which rules out anpéanation based on local
demand externalities. In addition, the estimated negative exterma ects are robust when |
control for changes in employment by occupation, which deals withogential changes in task
prices that stem from decreasing returns.

Finally, my evidence suggests that the secular decline in routine-cotve jobs interacted
with the Great Recession. Although the e ects of the skill mismatchvere small or negligible
before the Great Recession, during the recession and its recgvére e ects are large and
signi cant, as anticipated in Figure 3. The same occurs during the 2001 recession, but not
during the 1990 recession, which preceded the decline in routineyeibive jobs. Moreover, |
nd that reductions in local economic activity|proxied by a decline in h ousehold net worth
in a commuting zone (see Mian and Su, 2014)|interacted with the skil mismatch. In the
commuting zones most exposed to structural change, the declindocal demand exacerbated
the skill mismatch by accelerating the decline in routine-cognitive jab Through this interac-
tion, the decline in local demand had a large and persistent e ect onmployment that lasted
up to 2013. In the least exposed commuting zones, the decline in lodamand had a modest
and short-lived impact on employment, which fully vanished by 2013.

Related literature:  The mechanism behind the job creation externality builds on the
work of Acemoglu (1996, 1997), who presents models in which themost bargaining of work-
ers and rms over their joint surplus reduces investments in capitaand training.® My paper
incorporates this mechanism into the canonical search model, whighows me to quantify the
externalities that arise solely from the small matching frictions thatre typically calibrated in
the literature. Unlike previous studies, | examine if this mechanism a&cts how the economy
adjusts to structural changes and if this mechanism interacts witthe business cycle. | also

8In a related paper, Coates and Loury (1993) argue that imperfetlearning by employers creates a negative
spillover on all workers and reduces incentives for skill acquisition. Bmer and Smith (2001) also emphasize
the role of externalities in a matching model with ex-ante heterogerous agents. Beaudry, Green and Sand
(2012) provide evidence that openings for high-paying jobs cre&t a positive externality, as the job creation
externality does in my model.



provide evidence of the external ampli cation e ects implied by this nechanism.

My paper contributes to the literature on job polarization (Autor, Levy and Murnane,
2003; Goos and Manning, 2007). In a recent paper, Autor, Dormad Hanson (2015) explore
the aggregate consequences of polarization on employment fra®@®Qto 2007, when the decline
in routine-cognitive jobs did not have a major impact. Closest to my gper is a study by
Jaimovic and Siu (2014), who argue that employment polarization intacted with the last
three recessions and generated jobless recoveries. Their ndirand mine are complementary,
but our studies dier in several respects. Jaimovic and Siu presemvidence that is based
on employment counts at the national level, and they focus on theedline of all middle-skill
jobs, which includes manufacturing jobs. Their ndings were criticied by Foote and Ryan
(2014) on the grounds that their time series patterns could be ebgined by di erences in
cyclicality among manufacturing industries. By focusing on the reduion of routine-cognitive
jobs outside manufacturing and controlling for di erences in indusy cyclicality, my empirical
approach overcomes this criticism. Unlike my model, in the Jaimovic anfliu (2014) model
there are no externalities that amplify unemployment, which is drivesolely by the assumption
that displaced workers have a low matching e ciency. Also di erent inthe two models is the
nature of the interaction with recessions. In the Jaimovic and Siu (84) model, recessions
increase the separation rate for middle-skill workers, and, in caat to my model, once
productivity recovers the nding rate of workers returns to its rend|there is no propagation.

My paper also contributes to the literature that examines how sectal or occupational
shocks, as opposed to aggregate shocks, drive unemploymenttuations.” This literature
goes back to Lillien (1982) and re-emerged with the debate over winer unemployment
during the Great Recession re ected a sectoral or occupationalismatch between available
jobs and unemployed workers (see Kocherlakota, 2010). Using Udata, Chodorow-Reich
and Wieland (2015) construct a measure of sectoral reallocation the local labor market
and show that this reallocation contributes to worst employment aeomes, especially during
recessions (see also Garin, Pries and Sims, 2013; and Mehrota aad&/ev, 2013). Using a
decomposition based on aggregate data, Sahin et al. (2014) nd maler role for industry
mismatch or sectoral shocks in explaining unemployment during ther@t Recession, though
they nd some role for occupational mismatch. However, the rolef accupational or skill
mismatches remains a matter of debate (see Lazear and SpletZ812; and Wiczer, 2013).

| contribute to this literature by showing that the lack of skills amongdisplaced routine-
cognitive workers|a source of occupational or skill mismatch|contributed to the large and

’The literature on unemployment that arises from reallocation started with Lucas and Prescott (1976).
Recent papers focus on the stationary properties of unemployrmm in models of reallocation and technolog-
ical change (see Aghion and Howitt, 1994; Mortensen and Pissaride 1998; Alvarez and Shimer, 2009; and
Birchenall, 2011). Carrillo-Tudela and Vischers (2014) also study rallocation during the business cycle.



prolonged increase in unemployment during the Great RecessibiThe external e ects of the
skill mismatch mean that the impacts of the decline in routine-cognite jobs are most visible
not in national-level outcomes, which are the focus of the existing ditature on mismatch, but
in the commuting zones that were more exposed to this structurahange, which are the focus
of this paper.

Finally, | contribute to the literature that examines the empirical paformance of Mortensen
and Pissarides's (1994) matching model. | show that through theirt@raction with structural
change, recessions can generate a large and long-lasting increas@employment. As shown
by Shimer (2005) the canonical search model by itself fails to geat these patterns’ In
keeping with the available evidence, due to their lack of requisite skillanemployment spells
for unskilled workers who have been displaced from old jobs may bemaeostly than in the
canonical search model (see Davis and von Wachten, 201%).

1 A Model of Structural Change

| extend the matching model of Mortensen and Pisarides (1994) toclude several types of
jobs and workers. Time is continuous and | omit it whenever it causa® confusion. All
individuals are risk neutral and discount the future at a constantate r.

In its status quo, the economy produces a nal good (with price normalized to 1) by
combining a mass of taskg(i) with i 2 [0; 1]:

z 1
Y = y(i)di:
0

A mass 1 of workers are employed in jobs, each of which producesngle taski.
Structural change shifts the productive structure by an amoun as shown in Figure 4.
The shift in the productive structure partitions the task space in avariety of jobs:
Old jobgindexed by the superscript o|, which produce tasks in [0; ). These jobs are
at risk of becoming obsolete due to the competition from technology because these jobs

8Kroft et al. (2014) and Barnichon and Figura (2015) emphasize therole of pure duration dependence as
opposed to worker ex-ante heterogeneity or ampli cation e ects of the sort that | propose. However, these

approaches assume there is no unobserved heterogeneity or extalities that a ect job creation.
9Shimer's paper sparked a whole literature that modi ed the canonicd search model or the calibration

used to improve the model's ability to match the data (see Hall, 2005; kgedorn and Manouski, 2008; Hall

and Milgrom, 2008; Pissarides, 2009; and Ljunquist and Sargent,®L5).
In my model, unemployment spells for unskilled workers are more colt during recessions and when

markets face a severe skill mismatch. The reason is that the paugitof novel jobs a ects the redeployment of
unskilled workers. This provides an alternative perspective to recet scholarship (see Huckfeldt, 2014; Jarosch,
2014; and Krolikowski, 2014), which emphasizes how recurrent jolbsses create costly unemployment spells.



Figure 4. Task space and a graphical representation of the e ect of strutural change on the productive
structure. The top panel presents the status quo and the botbm panel the structural change.

embody old technologies. In the example in the Introduction, old jabcorrespond to the
routine-cognitive jobs.

Old jobs in [ [ (t); ) still hire labor. | (t) determines the number of available old jobs.
These jobs become obsolete at an exogenous rafe) > 0, so that

L= 1 (t); with 1(0) =

Old jobs in [0 | (t)) are obsolete and do not hire labor.

The rate (t) may be constant during normal times, which re ects the seculardwancement
of structural change. Increases in(t) re ect fast technological change or periods of adjustment
in which rms adopt the existing technologies and permanently closeogitions for old jobs,
such as during recessions.

Regular jobgindexed by the superscript r|, which perform tasks in [ ;1]. Structural
change does not a ect these jobs. Regular jobs do not requirewakills, and they provide
feasible employment alternatives for workers displaced from old j@bin the example cited in
the Introduction, regular jobs correspond to service jobs thado not require retraining.

Novel jobgindexed by the superscript n|, which perform tasks in (1 ;1+ ]. Struc-
tural change expands these additional jobs. The de ning chartaristic of novel jobs is that
they require additional skills which unskilled workers lack. In the exaple described in the
Introduction, novel jobs correspond to professional jobs thaely on analytical and cognitive
skills, and tend to require more training, job-related experience dnformal education than
routine-cognitive jobs.

Among novel jobs we havetepping-stone johswhich provide retraining opportunities that
allow unskilled workers to become skilled on the job. | think of steppirgtone jobs as created
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by rms that have enough time and resources to undertake costiywestments to train new
hires. For instance, a stepping-stone job for secretaries woullioa them to learn over time
the skills needed to become an executive secretary. Or rms coulgin technicians to perform
some of the tasks reserved for professional engineers. Stegystone jobs become an attractive
option for rms when unskilled workers abound and skilled workers arhard to nd. Though
the rm must incur training costs and wait for workers to become skKed, it can extract in
the form of lower wages part of the gains of training, especially whemskilled workers highly
value the acquisition of new skills (see Becker, 1964).

On the labor supply side, workers are of two types: skilled|indexed # the subscript
s|or unskilled|indexed by the subscript u. Skilled workers producez(t) units of any task.
Unskilled workers producez(t) " units of new tasks andz(t) units when employed in
regular or old jobs. Herez(t) is the marginal product of labor andg" > 0 re ects unskilled
workers' lack of expertise in novel jobs (it is in this sense that woeks are unskilled). By
taking stepping-stone jobs unskilled workers retrain and becomeéiled through on-the-job
learning. When employed in these jobs, unskilled workers produog) o' d units of output
and become skilled at a rate > 0. Here,d > 0 denotes the costs of training. Moreover,
unskilled workers become skilled at a small exogenous rate 0, which captures other forces
not modeled that can include the entry of new college cohorts or tretandardization of new
technologies. This exogenous rate guarantees that all the waskée eventually becomes skilled.

As old jobs obsolesce and close, rms stop hiring labor for these gond workers redeploy
to novel jobs. The skill mismatch arises because unskilled workere déess productive at novel
jobs. The economy adjusts as unskilled workers take steppingse jobs and become skilled,
so that in the long run, all workers are employed in jobs that prodwctasks in [ ;1 + ].

To introduce my mechanism, | depart from competitive labor market and assume that
there are matching frictions. For each task, there is a separakering market. Unemployed
workers populate these hiring markets in an undirected fashion, rstantly churning across
markets, tinkering at job opportunities in di erent tasks until they are matched to a job
opening. When unemployed, skilled workers spend a share of theiinhe searching in the
hiring markets for novel jobs, and they spend the remaining shafe  searching in hiring
markets for regular jobs. These frequencies re ect the sharé regular and new tasks in the
economy. Unskilled workers also take advantage of available old jobShey spend a share
o7 Of their time searching in the hiring markets for novel jobs; a shar§+—I in the markets
for regular jobs; and the remaining sharqi—I searching in the hiring markets for the available
old jobs. Thus, at each point in time, the hiring market for old jobs is ppulated by unskilled
workers, while the hiring markets for regular and novel jobs are palated by both types of
workers.

To hire workers, rms post vacancies at a ow cost , which are aimed at a particular type
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of worker. When hiring for novel jobs ini 2 [1;1+ ], rms may post stepping-stone jobs
aimed at unskilled workers V! (i). As emphasized above, the creation of stepping-stone jobs
is the main endogenous margin that drives the adjustment of the @womy.

Alternatively, rms can attempt to hire workers who already hold the requisite skills by
posting vacancies for jobs that do not o er any training,v{ (i), and that are aimed at skilled
workers. The key assumption is that, when posting these jobs,ms cannot perfectly direct
their search e orts, and so with some random probability they will bgmis)matched to an
unskilled worker who is searching in the hiring market for task 2 [1;1 + ]. To model this
possibility, | assume that with probability > 0, unskilled workers fail to be screened out
and end up in the queue for vacanciegl(i). This allows some unskilled workers to obtain
jobs faster, although these jobs do not o er training. In this cas, rms only realize they were
mismatched after meeting with the worker and having already incued in search costs. With
probability 1 < 1, unskilled workers reveal their true type and queue only for stpmg-
stone jobs. Skilled workers who search for novel jobs always geeor the vacanciess (i).
Thus, rms that post vacanciesv{ (i) are randomly matched to both skilled and unskilled
workers at frequencies that depend on and on the number of skilled and unskilled workers
who are searching for novel jobs.

My model captures succinctly how random matching a ects the piwability with which
rms expect to obtain a skilled match when posting a novel job. Let" denote this probability,
and be the share of skilled workers among the unemployed. Then

n :(1 )_ " : (1)

1+1

When the unskilled abound among the unemployed (is low) and structural change makes
more old jobs obsolete I( declines and pushes unskilled workers to redeploy to novel jobs),
rms become pessimistic about obtaining a skilled match and about thexpected pro ts from
job creation, captured here by a reduction in ". Lower values of " re ect a severe skill
mismatch.

The de ning feature of random matching is not that rms cannot direct their search e orts
(they could wait for a skilled match if they wanted to), but that an in ow of unskilled workers|
the skill mismatch|crowds out matching opportunities for skilled workers and increases the
risk for rms of being mismatched (see Shimer and Smith, 2001). Eation (1) captures this
feature succinctly in a reduced form way. Here, represents the noise in the signals used by
rms to screen candidates or the extent to which rms cannot pdectly direct their search
e orts. Both of which reduce rms' ability to locate skilled workers during periods of severe
mismatch !

1170 think about the role of the random matching assumption, | nd it u seful to consider the case of goung
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For tractability, and because they play no major role, the interagons in the hiring markets
for regular and old jobs are simpler. In the market for regular johsrms post vacancies
that are aimed at hiring skilled workers,v{(i), or unskilled onesv(i), for all i 2 [ ;1).
Firms are able to separate workers by their type, and skilled workeiin this market queue
for vacanciesv((i); while unskilled workers queue for vacancieg,(i). Finally, in the hiring
market for old jobs, rms post vacancies aimed at the unskilled wogts that populate it,
vo(i)8i 2 | | (t); ). Hiring does not feature a random component in these markets.

When rms post a vacancyvj"(i), they are matched to the workers in the queue for the job
atarateq( )= a ,with 2 [0;1]. Here, |the tightnesdequals the ratio of vacancies
to the number of workers who are searching for this particular jobWorkers queuing for a
vacancy are matched at a ratef () = a ! . Thus, the matching process in each hiring
market exhibits constant returns to scale. Once matched, the m observes the worker type
and decides whether to keep the match. If they do so, they split ¢hsurplus through Nash
bargaining and the worker obtains a share> 0. Ongoing matches separate at an exogenous
rate > 0 and there are no endogenous separations. Finally, there is fredrg of rms.

To complete the description of the environment, | now present thbehavior of the state
variables. | have to keep track ok(t), the number of skilled workersu(t), the unemployment
rate; s(t), the number of stepping-stone jobs; (t), the share of skilled workers among the
unemployed; andl (t), the remaining old jobs. The state variables evolve according to e¢h
backward-looking di erential equations:

x=s+ u@ ) u= (1 u) ufg ul@ )Hfy
s=ul )y 7A@ (W (+ ) =@ ) (fu fo+

L= 1 (1): )

+(1 ),

Here, | is the tightness in the queue for stepping-stone jobs., and fs are unskilled and
skilled workers nding rates, respectively, which depend on the etjbrium tightness in all
labor markets. The nding rates are given by (assuming all matchegeld a positive surplus):

fo= fCH+@ ) F(o)

1 |
fu:m[(l )f(L)"' fC+

1+|f(L)+mf(3): 3

rm that has just entered the market and is deciding whether to create a professional job. This rm has no

large human-resources department, it does not receive hundradf job applications from the best workers, and
cannot go through long and costly processes to select its persoeh Such a rm must take chances, and will

choose to expand depending on the expected skill level of workevgho are searching for jobs. This example is
relevant because the evidence suggests thgbung and new rms are responsible for the bulk of employment

growth (see Haltinwanger, Jarmin and Miranda, 2011).
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Given a starting value for the state variabled x(0); u(0); s(0); (0);1(0)g, an allocation
consists of a path for tightness 1(t); L(t); L(t); (t); 9(t)g, and a path for the state
variablesf x(t); s(t); u(t); s(t); | (t)g that solves the system of di erential equations given by
their initial condition and equation (2).

1.1 Characterizing the Equilibrium

An equilibrium is given by an allocation in which the tightness of all markes is determined by
rm entry decisions, and rms enter the market motivated by the pro ts from job creation.

The surplus of di erent matchesSj"| k indexes the type of job and the type of worker|
satisfy the Bellman equations:

(r+ )SI=2z(t) (rUs Us)+ ST; (r+ )S{=2z(t) (rUs Us)+ SI;
(r+ )Si=z(t) o (U, U,)+ Sg; (r+ )Si=z(t) (U, U)+ S
(r+ )S§=2z(t) (rUs, Uy)+ Sp; (4)

The discounted surplus on the left equals the ow value of productip minus the opportunity
cost of workers (their reservation wagesU;  U;), plus the appreciation of the match value.
Free entry by rms implies that their opportunity cost of engaging ina match is zero.

The surplus of stepping-stone jobs has a di erent Bellman equatiathat is given by:

(r+ )Sy=2z(t) d+maxf o+ (Us U)+ (S! S));0g (U, U)+ S (5)

The terms (S! Sl)and (Us U,) correspond to the gains, shared by the worker and the
rm, when the worker becomes skilled. The max operator on the rigthand side indicates
that rms have the option value of not training workers if it is not pro table for the pair.
The term (Us U,) underscores the fact that workers recognize the bene ts ohking these
jobs and they share these bene ts with the employer through bgaining, who is then able
to recover part of the training expenditures. No contractual psblems a ect stepping-stone
jobs!? However, as it will be clear in my analysis, when forming these jobs them and
worker do not take into account the bene ts that accrue to futwe employers, who benet
from the better chances of matching with a skilled worker.

120ne could incorporate these ine ciencies by assuming that with someprobability H > 0, the worker
captures the value of the increase in his outside option. This could ats represent a lower bound on wages.
I nd that small values of H reduce training, exacerbate the skill mismatch, and have a large esct on
unemployment. See also Caballero and Hammour (1996) for models inhich contractual problems slow down
the adjustment of the economy.
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Workers' reservation wages are given by the Bellman equations:
ws=rUs Us=b+ f (J)maxfSl;0g+(@1 ) f ({)maxfS{;0g;

wy = ru, U, =b+ [f (D)maxfS);0g+ (1 )f( ) maxfS);0q]

1+1
1

1+1 1+1
The reservation wage equals the value of leisurg, plus a share of the expected surplus at

=+

f ()maxfS|;0g+ f (maxfSS;0g+ (Us Uy): (6)

di erent jobs multiplied by the rate at which the worker obtains thes jobs.
The equilibrium tightness for each type of job is determined by freenty:

o ()L )Es[maxt S;0gjk;j] (7)

with equality when J-k > 0. Here,Es[maxf S;0gjk; ] ] denotes the expected surplus of a match
that is obtained by posting a vacancyvj". The max operator indicates that a rm rejects
matches that yield a negative surplus. Given that vacancies in old,gelar and stepping-stone
jobs are matched to a single type of worker, the expected surplissmaxf S¥; Og.

Because rms that post novel jobsy? (i), are matched to both skilled and unskilled workers,

their free entry condition becomes:
Es[maxf S;0gjn;j]= "maxfS{;0g+ (1 ")y maxf S; Og; (8)

with " the probability that vacancies for novel jobs yield a match with a skillé worker (see
equation 1). BecauseS. > S| (see lemmaAl in the Theory Appendix), when the mismatch
is severe and rms are pessimistic about nding skilled workers [ is low) they create less
novel jobs and reduce tightness. This response constitutes tjod creation externality. The
externality arises because rms earn quasi-rents in the form of &are of the surplus of the
match, and so they care about obtaining workers who yield the largiesurplus. If rms
paid workers their full marginal product, wages would adjust to rect the dierences in
productivity and this mechanism would not operate.

Given a starting value for the state variabled x(0); u(0); s(0); (0);1(0)g, an equilibrium
consists of an allocation in which the value functionBUs(t); U,(t); S (t); Si(t); SL(t); S, (t);
S\ (t); So(t)g satisfy the Bellman equations 4), (5) and (6); and the equilibrium tightnesses
fo); L) Lt); L(t); o(t)g are determined implicitly by equation (7).

1.2 Analysis of the model

Throughout | assume thatx(0) < 1 so that not all workers are skilled and the structural change
induces a skill mismatch. The Theory Appendix contains the proofd all the propositions.

| start by analyzing the long-run behavior of the equilibrium. Beforehe structural change,
| assume thatz(0) = 1 and that the economy is in steady state. Byu; ;f andv |
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denote the equilibrium unemployment rate, tightness, nding rate ad number of vacancies,
respectively, in the status quo of this economy. These corresmbto the equilibrium objects
in the usual search and matching model with no heterogeneity. Proposition 1 shows that
the e ects of structural change are only temporary and the ecmmy reverts to its status quo.

Proposition 1 (Steady-state behavior) The economy converges to a unique steady state
with x(t); (t)! 1, u(t)! u and (t)! . In this steadyfg(t) ! f andf,(t)! f,.

The economy adjusts a«(t) ! 1 andI(t) ! 0, both because the economy creates
stepping-stone jobs and because unskilled workers eventually e skilled at the rate > 0.
Because structural change does not a ect the measure and drativity of jobs available to
skilled workers, the economy reverts to its initial status quo ovemhe long run.

To characterize the transitional dynamics, | focus in the case in wdlh gross ows are
large. In this case, all state variables buk(t)|the share of skilled workers|and 1 (t)|the
number of available old jobs|adjust immediately and exhibit no propagation on their own,
which simpli es the analysis and allows me to derive analytically a clean crecterization of
the adjustment. Because gross ows are so large in U.S. marketsge¢ Davis and Haltinwanger,
1990) this case is also empirically relevant.

Lleta=a and = € | and suppose !1 |, so thatthe gross ows between employment
and unemployment are large. Because separation rates are larygure reservation wages or
productivities do not a ect the current surplus of jobs. The nornalized surpluses, S¥, in
each job, the reservation wagesys and w,, the nding rates, fs and f,, and the tightness

|, are well de ned in this limit and only depend on the current value of(t);x(t); ! (t) and
(1) = Us(t) Uy(t)|the incentives to acquire skills (see the Theory Appendix for detals).*
Moreover, the right hand sides of the equations fan; _and s must converge to zero, so

13n particular, tightness and unemployment are implicitly de ned by th e equations (1 )1 b) =

r+ + a9 ) - .
Ta) and u O

Yletf=a! andg=a Formally, the normalized surpluses are well de ned and given by:

n
sh = Z(t)e Ws., SI= Z(t)e Ws., s = z(t) 2 Wy,
St = z(t) W S0 = z(t) W S! = z(t) o' wy+maxf d+ 9.

e e e

The reservation wages are well de ned in the limit, and are given by

ws =b+ J)maxf SJ;0g+(@1 ) & {)maxf S{;0g;

1 |

[ # D)ymaxf SI;0g+ (1 Y& | ymaxf S);0q] + T € [ ymaxf S|;0g+ e

wy =b+ ( 3)maxf S2;0g +
u u

1+1

Finally, the equilibrium tightnesses are given by a( jk)(l )JEs[maxf S; 0gjk;j]: These equations coincide
with a steady state in which z;x;1; are xed over time.
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that u(t); (t) and s(t) are determined solely by the current value af(t); x(t); I (t) and ( t):

wT@ (L)
+ fy )

+ fs+(1 )y
+ fy

1 =(1 x) ;U= ;7 s=(1 x)

+ fs+( o' ©)
These equations implicitly de ne (z;x;1; ) ;u(z;x;l; ) and s(z;x;l; ), which are inde-
pendent of their past values and adjust immediately. Here, 1 (t) tracks 1  x(t), but
takes into account the di erent nding rates of skilled and unskilled vorkers. Unemployment
depends on the average nding raté = f o+ (1 )fu. The variable (t) summarizes the
incentives to acquire skills, which determine employment in steppingesie jobs.

To analyze the model, | maintain three assumptions. First, | assumiat ¢ > g, with
q=( +r) q" (here, s the steady-state value for (t)). This restriction guarantees
that S7 S| < S! in equilibrium, so that unskilled workers produce a lower surplus than
skilled workers in novel jobs. Second, | assume thak . This restriction guarantees that
the job- nding rate of unskilled workers decreases when(t) is low and old jobs close. For
large values of , a decline inl (t) lowers unskilled workers' reservation wages so much that
rms could end up creating a large number of regular jobs and incre@g unskilled workers'
nding rates. Third, | assume that < . This restriction guarantees that the equilibrium
is unique and that the externalities do not introduce instabilities in theadjustment of the
economy. The thresholds; => 0 are derived in the Appendix. The conditions <  and

< T are not demanding. For the parametrization of my model introduakin Section?2, any
value of 2 [0;1) and values of as large as 0.9 satisfy these conditions.

The following proposition summarizes the properties of the transiti@l dynamics.

Proposition 2 (Transitional dynamics) leta=a and = € , and suppose !1

1. The current values ofx;l; and are a su cient statistic for the equilibrium objects.
The behavior ofx;l and boils down to the system of di erential equations:

wr@ Y |

X_=(1 X) 1+1 " f
u

: =1+ w, W = (H1;

coupled with an initial condition for x(0) and | (0), and paths forz(t) and (t).

2. The system is globally saddle-path stable and converges(t) =1;1(t)=0; ( t) =
If z(t) = 18t, the stable arm is described by a curve in whict{t) and ( t) increase
monotonically to their steady-state values anidt) declines at the exogenous ratg(t).

Figure 5 shows the phase diagram for the equilibrium (holdingi(t) and z(t) constant).
The dotted lines are the loci forll = 0 and x = 0 (a vertical line through x = 1). Starting
from any x(0), the incentives to upgrade skills, (0), jump to the stable arm and both ( t)
and x(t) converge monotonically to the steady state.
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Figure 5: Phase diagram for the equilibrium in terms ofx(t) and ( t).

When gross ows are large, as they are in the U.S. data, the bulk di¢ state dependence in
my model and the labor market consequences of structural chggnare driven by the behavior
of x(t) and I (t). The dynamics of the remaining state variables introduce minor eds, as is
the case in the usual parametrizations of the canonical search deb (see Shimer, 2005).

The following proposition characterizes the adjustment when(t) = 1;1(t) = 08t; there
are no aggregate shocks and unemployment is driven by the endomgs behavior ofx(t).

Proposition 3 (Structural unemployment) Supposez(t) =1 and I (t) = 0 for all t.
The adjustment to structural change satis es:

1. fu(t) <fs(t) forallt o

2. Along the transition, we have thafs(t) <f andf,(t) <f, forallt 0. Moreover,
both fs(t) and f,(t) increase over time for allt 0.

3. A lower x(0) shifts down the entire equilibrium path forx(t), the average nding rate
f (t) and the nding ratesf(t); fy(t).

The proposition shows that the skill mismatch induced by structurechange|captured by
the share of unskilled workers, 1 x(0)|causes unemployment along the transition. Unem-
ployment is driven by a decline in the average nding raté = (t)f(t)+(1 (t)fu(t). The
deviation of the average nding rate with respect to its initial level isgiven by:

fof =0 @I fsOI+[fs() f I

The rst term, (1 (t)[fu(t) fs(t)] < O, captures the direct e ect of structural change|
as | labeled it in the Introduction. A lower x(0) increases the share of unskilled workers
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among the unemployed at all points in time, 1  (t), and these workers have a lower nding
rate.’®> The second term,f¢(t) f 0 captures the e ect of the job creation externality.
When x(0) is small, rms anticipate that more unskilled workers will be searang for novel

jobs. Firms respond to the skill mismatch by creating less novel jelper searcher), which
reduces the nding rate of both skilled and unskilled workers below #ir steady-state levels:
fs(t) <fg;fu(t) <f,. Incontrast, in the limit when =0 and there is no random matching
we havef¢(t) = f , and the skill mismatch only increases unemployment via the direct ect.

The proposition also clari es the nature of unemployment in my modelDespite the fast
ows, the skill mismatch|the interplay between a low x(t) and the lack of old jobs|creates
unemployment by reducing the average nding rate. Contrary to radels of reallocation that
build on Lucas and Prescott (1976), the time it takes workers to nve from searching for old
to new jobs|search unemployment|plays no role in my framework (o r at most a minor role
if my model is parametrized to match the large gross ows in the daja® Matching frictions
are important not because of the search unemployment they cteabut because of the way in
which they a ect job creation by rms.

Given the large in ow of unskilled workers searching for novel jobsne would be tempted
to conclude that rms could prot from creating a large number of $epping-stone jobs and
that the skill mismatch would not last for long. However, through tle complementarity e ect
outlined in the Introduction, the skill mismatch dampens the creatio of stepping-stone jobs.

Proposition 4 (Complementarities in skill upgrading) Supposez(t) = 1. Along
the adjustment, we have that( t)|the incentive of unskilled workers to become skilled|
increases over time. Moreover, a lowex(0) shifts the entire equilibrium path for ( t) down.

The upward-slopping locus for the stable arm in Figur® depicts the complementarity
e ect: for small x(t), the incentives to acquire skills, (t) are lower, and these increase over
time as more workers become skilled.

The complementarity e ect results from the fact that skilled workes derive a larger increase
in their utility from the novel jobs that are a ected by the job creation externality than
unskilled workers do. Thus, a worst skill mismatch hurts skilled worke more than it hurts
the unskilled and reduces the value of becoming skilled, tY. In my model, this feature
follows from the fact that S{ < S[|which re ects unskilled workers lower productivity in

S|ntuitively, this is the case because all workers are matched to nost and regular jobs at some rates, but
because of training costs @ > 1) and their lower productivity, they face lower nding rates for nov el jobs than

skilled workers.
16pijlossoph (2014), too, argues that sectoral reallocation can cege little unemployment when gross ows

are large. The result for my limit case echoes her ndings, and it show that my theory of unemployment,
which is based on the mismatch of skills, is not a ected by this criticism.
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novel jobs|and the assumption that skilled workers exogenously earch more often for these
jobs than do unskilled workers. | nd this assumption plausible and intitive. If workers were

able to direct their search e orts, and given thatS] < S|}, skilled workers would still search
for novel jobs more often than will unskilled workers!

The main implication of 4 is that the complementarity e ect reduces the creation of
stepping-stone jobs, which further amplify unemployment and ptongs the skill mismatch.
This occurs because stepping-stone jobs are pro table to thetexrt that workers are willing
to take wage cuts to retrain (see equatio®). During periods of severe mismatch, workers
perceive a lower value of acquiring skills. Thus, rms not only post fewovel jobs; they do
not take full advantage of the large in ow of unskilled workers whonthey could retrain.

Propositions 3 and 4 combined imply that, due to the job creation externality and the
complementarity e ect, unemployment will be accompanied by a drom tightness and vacancy
creation. My model overcomes the critiques of Abraham and Kat4986) and Blanchard and
Diamond (1989) to theories of structural unemployment.

As mentioned in the Introduction, the negative e ects of structual change may concentrate
in recessions. To explore the interaction between structural chge and the business cycle,
| characterize the equilibrium of an economy adjusting to structa change which is hit by
an unanticipated recession that lasts from timd; to T;. | model recessions as bringing two
aggregate shocks. First, the recession causes a temporaryidedn productivity from z(t) = 1
to z. < 1fort 2 [T;; Tf). In addition, the recession increases the rate at which rms clossd
jobsto~fort 2 [T;; T¢], while (t)= < — otherwise. The high rate™ re ects the possibility
that rms use recessions to replace old jobs with new technologiesmd restructure or close
job positions that are at risk of becoming obsolete due to advancestechnology, as discussed
in the Introduction. The following proposition characterizes the eects of both shocks. To
emphasize the business-cycle e ects of the recession, | descnberesults in terms of the
deviations from the trend that would result if there were no recess.

Proposition 5 (Interaction with a Recession) Consider an economy that is adjust-
ing to structural change in whichx(T;) < L and I (T;) > 0. Then:

1. The decline in productivity reduces boths(t) and f,(t) below their trend fort 2 [T;; T¢).
When x(T;) is small, the average nding ratef (t), and both nding ratesf¢(t) andf(t)
are more cyclical.

17 To substantiate this point, in the Theory Appendix | present an extension of my model in which workers
are able to partially direct their search e orts. In this extension, workers allocate their search e orts based
on idiosyncratic shocks that garble their expected utility of searching for jobs in each particular task. | derive
the equilibrium distribution of workers searching for each job and stow that skilled workers allocate a greater
share of their time to searching for novel jobs than unskilled workes. | also show that, even if allowed, skilled
workers would search for old jobs less than unskilled workers do.
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2. For any T, > T, there exists a training costg(T,) 2 [q;1 ), such that ford = q(T,) we
have that the increase in (t) reduces bott s(t) andf,(t) below their trend fort 2 [T;; T,].
For a givend, the reduction in the average nding ratef (t), and in bothf ¢(t) and f(t)
is larger and more long-lasting wher(T;) is small.

Numeral 1 shows that the temporary fall in productivity reduces bth workers' nding
rates. The interaction with a small x(T;) follows by noting that unskilled worker's nding
rate is more responsive to changes in productivity. Because theseevation wage of unskilled
workers is close to their value of leisure, their wage does not adjustich in response to pro-
ductivity shocks, but their nding rate does. Due to their low nding rate during recessions,
unskilled workers become numerous among the unemployed, whicduees (t) and exacer-
bates the job creation externality (see also Pries, 2008). This eeincreases the cyclicality
of both nding rates fs and f, as well as the average nding rate.

Although this mechanism explains why the nding rate ofboth workers is more cyclical, it
does not create any signi cant source of propagation. When pradtivity recovers so does the
nding rate of both workers. By itself, a temporary productivity shock causes no propagation
because it does not a ect the behavior ok(t) nor I (t). This observation extends to an
environment with heterogeneous agents, the result that prodticity shocks create no internal
propagation in the canonical search model (Shimer, 2005).

In contrast, Numeral 2 shows that the temporary increase in theate at which rms
close old jobs causes a long-lasting decline in bdth and f,,. This is so because a low(t)
reduces employment opportunities for unskilled workers and pushthem to redeploy to novel
jobs. Following a recession, the in ow of unskilled workers that aresarching for novel jobs
exacerbates the skill mismatch|an e ect that becomes more seve whenx(T;) is small. Firms
respond by creating less novel jobs, which reduces both workenging rates in a persistent
manner.

The nding rates f¢ and f, will be depressed until workers retrain and the skill mismatch
abates. Numeral 2 of the proposition emphasizes this point and st® that when training
costs are high, the e ect of the decline inl (t) on job- nding rates outlasts the recession.
This mechanism creates a jobless recovery in which the nding raté both workers remains
depressed, relative to their trends, even though productivity lmalready recovered®

The e ect of a decline inl (t) on labor markets hinges on the assumption that it a ects
the nding rate of unskilled workers more than it a ects the nding rate of skilled workers.
In my model this feature follows from the fact that only unskilled wdkers search for old jobs.

18As this discussion clari es, the closure of old job positions during reessions is di erent from an increase
in the separation rate (as emphasized by Jaimovic and Siu, 2014). Aincrease in separations contributes
to unemployment but it does not a ect the state variables x(t) and I (t), and therefore cannot generate
propagation.
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Though clearly a stark simpli cation, the general idea that unskilled wrkers will search more
frequently for old jobs than skilled ones seems plausible. After all, skilled workers lack
the skills that are required in other jobs (see also footnot&7). Moreover, both results in
Proposition 5 hinge on the assumption that the worsening composition of the unghoyment

pool aects rm hiring e orts. This would still apply if, while on the job , workers also
searched for jobs so long as they do so less frequently than unéyed workers. All the same,
my analysis applies to rm's hiring e orts directed at workers who arecurrently unemployed,

and implies a reduction in the rate at which unemployed workers nd jos.

| derived the results in Proposition5 under the assumption thatl (t) declines exogenously
during recessions. Although my empirical ndings and Figur@ support this assumption,
it is worth discussing it more thoroughly. The purpose of the assurtipn is to show what
could happen if rms restructured their demand for di erent types of labor during a recession,
without explaining why that could be the case. My results here indicatthat it is important
to understand when and why do recessions prompt such behavior bms. In the Theory
Appendix | show that one possibility is that, due to the competition fom technology, the
production of old tasks using labor becomes unpro table. Firms doat close this vacan-
cies because they made irreversible investments which they havelituidate or redeploy to
the production of other tasks. But liquidating or redeploying inveshents disrupts current
production (see Aghion and Saint Paul, 1998). Thus, rms would ermjenously concentrate
their liquidation and restructuring e orts during recessions, wherthe opportunity cost of the
foregone production is small. When the recession is over, rms dotnoeate new openings
for old jobs because these are unpro table. This extension geatgs the same pattern as an
exogenous increase in(t) during recessions.

Proposition 5 has two key implications. First, it suggests that the incidence of skilnis-
match rises persistently and lowers job creation both during the cession and the recovery.
This feature is consistent with the evidence by Sahin et al. (2014), show that the in-
cidence of occupational mismatch rose at the onset of the Greaeéession. However, using
indices of occupational mismatch that are based on the Jackmarefer condition (see Jack-
man and Roper, 1987), the literature nds a fast recovery of oapational mismatch after
the recession. My model suggests that these indices decline fast@n the underlying skill
mismatch because, although unskilled workers redeploy to novebgjas required by the
Jackman-Roper condition|, they lack the requisite skills in these joks. In my model, the
required redeployment of unskilled workers exacerbates the skiligmatch and continues to
dampen job creation during the recovery.

Second, the proposition shows that a recession that takes plaaeidg periods of structural
change produces a di erent business cycle, which exhibits a largemdamore long-lasting
increase in unemployment.
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| complete my theoretical exploration of the model by characteriag the ine ciencies in
the decentralized allocation. This characterization holds for the geral case in whicha and
take any positive values.

Proposition 6 (Welfare analysis) Suppose that = and the Hosios condition holds.
The constrained e cient allocation has the same structure s the decentralized equilibrium,
but the planner values the opportunity cost of workers at and  given by

s Ws=(1 ) (1 Mf ( )(maxfSl;0g maxfS;0g) > 0;

e wy= (1 ) "f( )(maxfSl;0g maxfS];0g) < O: (10)

1+1
Thus, the adjustment of the economy is ine cient. However,he decentralized allocation is
constrained e cient in steady state or in the limit case in whch =0.

The intuition behind the ine ciency is that, because workers earn gasi rents when they
are employed, a reduction in their nding rate has a rst-order e et on their utility. Thus,
the job creation externality renders the adjustment ine cient.

The Hosios condition internalizes some but not all of the failures in thenarket. For
instance, when = 0 and there is no job creation externality, the economy is constiaed
e cient. In this case, workers who acquire skills are held up by fute employers, but this is
o0 set by the congestion these workers create on other skilled vers, as shown by Acemoglu
and Shimer (1999). When workers are heterogeneous this reasgrbreaks down. Under these
circumstances, when a worker becomes skilled he improves matchapportunities for rms
that post novel jobs. These rms will be able to extract part of the higher surplus and avoid
unskilled matches. This additional external bene t, which transla¢s into more job creation,
is not internalized by the Hosios condition (see Shimer and Smith, 2001

The proposition shows that the planner allocation could be decentized by taxing search
e orts by unskilled workers and subsidizing search e orts by skilled rees (see Shimer and
Smith, 2001)¥® The proposition also implies that the returns to training are compresd
relative to their social value. When workers become skilled, they nece the incidence of the job
creation externality, but rms and workers do not internalize this ®cial bene t. Subsidizing
training increases welfare, as the following corollary shows.

Corollary 1 The social val%e of skill upgrading exceeds its private coenpart:
1

et (s d > (1)

t
A temporary subsidy to stepping-stone jobs reduces unenyph@nt and increases welfare.

19This resembles what unemployment insurance and other welfare pgrams achieve when, as critics argue,
they reduce search e ort by unskilled takers. Subsidizing old jobs @&cted by structural change to keep them
from becoming obsolete would produce a similar result because it woulkeep unskilled workers from searching
for novel jobs.
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2 Quantitative exploration

This section explores quantitatively the mechanisms in my model. My merical exercises
also show that the insights derived analytically in the previous sectiotontinue to apply when
| calibrate gross ows @ and ) to match the U.S. data.

Table 1 describes a quarterly parametrization of my model. The top panelusimarizes
standard parameters from the matching literatur&® The bottom panel presents the param-
eters that quantify the structural change. For these paramets, | de ne two scenarios: one
calibration with =1 and another with =0 :8. The small values for 1 re ect the fact
that workers displaced by structural change may have few emplment alternatives that do
not require retraining. In the case of workers displaced from rome-cognitive jobs, service
jobs correspond to the main alternative that does not require redining (see Autor and Dorn,
2013). Despite their growth since 1980, service jobs only employd ®f workers, and these
jobs involve lower wages, which makes them an inviable alternative forany displaced work-
ers. Moreover, during the last 30 years, new professional joltwt are intensive in analytical
tasks|reminiscent of novel jobs in my model|laccount for the bulk o f employment growth
(see Acemoglu and Restrepo, 2015), which supports my choice da@e value for .

My choice for is supported by data fromO NET, which shows that it takes on average
3 years of training and experience to master a particular occupaticor job.?* | set 1= to
half this value (6 quarters) to account for the possibility that worlers productivity increases
throughout this period. | also set £ = 16, so that on average workers exogenously upgrade
their skills every four years. This choice is motivated by the entry aiew college cohorts, and
the speci c value | use plays no role in my results so long as it is small apdsitive.

In the rst scenario, | calibrate values ofg" = 0:05 andd = 0:45 to match estimates for
the wage and earning losses for an unskilled worker displaced fromad job (see Davis and
von Wachten, 2011). The literature estimates that 15 years aftdoosing a job, a displaced
worker's earnings are 10% lower than his previous income|which infans my choice for"|,
and the present discounted value of the losses amounts to a fullayef his income|which
informs my choice ofy. For these parameters, Figuré presents the paths for earnings, wages

20| set the elasticity of the matching function, , to 0:5 following Pissarides (2009) and the evidence in
Mortensen and Petrongolo (2000). | also impose the Hosios conditio = . In this case with random
matching the usual argument that justi es this assumption does rot apply (see Shimer 2005). Instead, |
assume the Hosios condition to isolate the role of the job creation égrnality from the other well-known
ine ciencies present in matching models. | target quarterly data and setz =1, a=1:3, =0:235b=0:7,
= 0:1; which guarantee in steady state = 1|a normalization|, a quarterly nding rate of 1.3 and a

unemployment rate of 7% in steady state. Finally, | set the quartetly discount rate to r = 0:012.
21Among 729 occupational groups in theO NET data, workers require on average 2.98 years (standard

deviation=2.45) of vocational training, plant training or job-relate d experience to master each occupation.
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Table 1: Quarterly parametrization of the model.

Scenario 1 Scenario 2 Source or target

Search model Parameters:

Steady-state productivity, z(t) 1 1 Normalization.

Discount rate, r 0.012 0.012 From Pissarides (2009).

Matching function elasticity, 0.5 0.5 Mortensen and Petrongolo (2000).
Workers' value of unemploymentb 0.7 0.7 From Pissarides (2009).

Matching function scale,a 1.3 1.3 Quarterly rate from Shimer (2005).
Flow cost of vacancies, 0.235 0.235 Normalization = 1.

Separation rate 0.1 0.1 Quarterly rate from Shimer (2005).
Workers' bargaining power, 0.5 0.5 Hosios condition.

Structural change parameters:

Share of novel jobs, 1 0.8 Employment growth in high-skill jobs.
Learning rate in stepping-stone 16 16 Half the average time required to
jobs, master occupations inO NET.
Exogenous replacement rate 1/16 1/16 Replacement by new college cohort.
N . Wage losses for displaced workers
Lower productivity in novel jobs, ¢ 0.05 0.05 ,
(Davis and von Wachten, 2011)

L | Earning losses for displaced workers

Training costs, 0.45 0.3

(Davis and von Wachten, 2011)

Random matching, 0.5 0.5 Assumed.
Notes: The table presents the value of the parameters used in my numeridaxercises. The columns labeled

Scenario 1 and Scenario 2 present the two alternative scenarios kglore.

and employment (relative to their pre-displacement level) for an ukdled worker displaced
from an old job at time 0. Expected earnings are 10% lower 15 yeardea and the present
discounted value of the earning losses amounts to 1.06 times the kests yearly earnings?

For the second scenario with = 0:8, | scaleq down to 0.3, which keeps the surplus
of stepping-stone jobs at a level that is similar to that of the rst senario|roughly 0.32 in
steady state. The purpose of this scenario is to investigate howetlavailability of regular jobs
that require no skills a ects the adjustment of the economy.

Finally, | assume = 0:5, so that there is an intermediate but large degree of random

22This coincides with the cost of unemployment spells estimated by Davisand von Wachten (2011) during
periods with low aggregate unemployment. To match this setting in mymodel, | estimate the earning losses
for a single unskilled worker assuming that the tightness of all labor narkets is at its steady state level. The
large value ofq implies unskilled workers upgrade their skills at a low rate, matching thepersistent losses in
earnings and wages in the data. The small positive value af® implies unskilled workers may be able to obtain
novel jobs without upgrading their skills for several years, but ata slightly lower wage than what they earned
before. A larger value ofg" implies a counterfactual sharp drop in earnings followed by a rapid reovery.
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Figure 6: Earnings, wages and employment for a displaced unskilled worker. Relts for Scenario 1.

matching. Larger values of exacerbate the externalities in my modef®

2.1 Numerical results

| start by computing the equilibrium adjustment to structural change whenl (0) = 0, so that
no old jobs are available. Figure7 depicts the equilibrium, which presents the results for
the rst scenario with = 1 in the top panel and for the scenario with = 0 :8 in the
bottom panel. In both cases, the blue lines present the equilibrium fhes for an economy with
x(0) = (0) = 1=3, so that a third of the workers are skilled, and the black lines presethe
paths for an economy withx(0) = (0) = 2=3. In addition, | set u(0) = u and s(0) = 0.
When old jobs close immediately, structural change creates a largad long-lasting in-
crease in unemployment. In the rst scenario with (0) = 1=3, structural change raises the
unemployment rate by 3.2 percentage points in the short run and lpercentage points 10
years thereafter. Unemployment is accompanied by low tightnessdafew vacancies, which
shows that my model overcomes the Abraham and Katz' (1986)ittique; during periods of
structural change, vacancies and unemployment trace a downaasloping Beveridge curve.
The increase in unemployment is driven by the 30% lower nding rate aomg unskilled
workers|the direct e ectland by the 17% decline in skilled workers' nding rate (relative
to its steady state levelf = 1:3) that is caused by the job creation externality. Figure3
decomposes the unemployment rate for the rst scenario and fe(0) = (0) = 1=3. The
solid line depicts the unemployment rate. The dashed line shows theamployment rate that
would prevail if both workers' nding rates were set at their steag-state levels, thus removing
the job creation externality. The dotted line shows the additional@duction in unemployment
that would result if the incentives to acquire skills along the transitionwere given by
instead of (t), which removes the complementarity e ect. Although this is one oeveral

23The values of and used satisfy the restrictions derived for the particular case in whib a; ! 1
Moreover, the condition d > T is satis ed. In the rst numerical scenario, | have g = 0:34, which is smaller
than d = 0:45. In the second numerical scenario, | havg = 0:19, which is smaller thand = 0:3.
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Figure 7: Equilibrium adjustment paths for di erent variables in my model in bot h scenarios.

possible decompositions, it shows that the job creation externalignd the complementarity
e ect may explain up to 40% of the increase in unemployment.

The market failure is quantitatively relevant. This can be seen from aomparison of the
market equilibrium with the paths for the constrained e cient allocation forx(0) = (0) =1=3
in the dotted blue lines in Figure7. The constrained e cient allocation involves about 30%
less unemployment along the transition and a faster adjustment &t is driven by the creation
of 50% more stepping-stone jobs in the rst years of the adjustmt. The gures also show
that the private value of acquiring skills is about 10 to 15% smaller thaits social value.

This is surprising given that in the calibration used search frictions eate only a small
wedge between wages and the marginal product of labor. In padiar, workers earn a share
% 2 [90% 93%] of thegross valueof a match, which implies that they are e ectively
bargaining with rms over small rents. The ine ciencies are large dgsite the small matching
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Unemployment decomposition

Figure 8: Unemployment rate decomposition computed for Scenario 1 in the e with x(0) = (0) = 1=3.

frictions for two reasons. First, rents determine job creation aésions. Even if these rents
are small, changes in the frequency at which rms that post novebps match with skilled or
unskilled workers cause large changes in the creation of novel jobEhus, the job creation
externality is large (as my decomposition in Figuré con rms), and this introduces a wedge
between the private and social value of retraining of about 10-15%econd, when the surplus of
stepping-stone jobs is small|as in my calibrations|, a small change in the value of retraining
can have a large e ect on the number of stepping-stone jobs thate created. In this case,
the wage paid to unskilled workers in stepping-stone jobs is close teetr outside option and
becomes endogenously rigid. A decline in the gross value of steppitmpae jobs|driven by
workers' willingness to acquire skills|results in large changes in quaities instead of wages.

A complementary intuition is that, due to the large training costs, thke quasi-supply of
unskilled labor in stepping-stone jobs is very elastic, as is shown in Frgw. In addition,
because of the complementarity e ect, the demand curve for §iging-stone jobs (i.e., their
ow value) is upward sloping in equilibrium. Both forces imply that a smallchange in the
gross value of these jobs creates a large increase in quantitieghéf surplus of stepping-stone
jobs were large, there would still be an externality. But because ¢tplanner would face a much
inelastic quasi-supply of unskilled labor, it would not create many adddnal stepping-stone
jobs in response. The ine ciencies would be re ected in prices and ho quantities, and the
welfare cost (shaded in gray in the gure) would be smaller than in myadibration.

Finally, 1 ask whether my model generates a large interaction betem an underlying
structural change and recessions. For both scenarios in Talilel consider an economy that is
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Figure 9: Representation of the equilibrium employment in stepping-stone jols.

adjusting to structural change and | compute its response to amanticipated recession that
takes place 5 years into the adjustment (so thal; = 20). | assume initially (0) = 1=5 and

I (0) = 1 so that the recession hits the economy when(T;) 1=3 and I (T;) is still large.

The recession lasts for 10 quarters and reduces labor productwiily 5%, which matches the
available estimates for factor productivity during the Great Receson. | set = 0:01 so
that old jobs become obsolete at a small secular rate, and | calibeat = 0:09 to match the
permanent decline in old job openings of roughly 55% depicted in Figuze

Figure 10 presents the deviations in unemployment from its level af; for both scenarios,
as well as the equilibrium path for ". For simplicity, | normalize the starting time of the
recession to zero in the gures so that productivity fully recoverby 2.5 years. The gray dotted
line presents the (almost negligible) trend in unemployment in the absee of a recession. The
slow decline inl (t) guarantees the absence of a trend. The red line presents thehbeor of
unemployment in the recession. As stated in Propositioh, when the economy is adjusting to
structural change, the recession creates a large and long-lagtincrease in unemployment. In
the rst scenario, unemployment increases by 2.75 percentageiqe above its trend during
the crisis and it remains 1 percentage point above its initial level (antend) 5 years after the
recession ends. In both scenarios, the share of skilled workersoagthose who are searching
for novel jobs, ", falls in a persistent manner during the recession, which shows haduwetcrisis
exacerbates the skill mismatch.

As emphasized in my theoretical analysis, the permanent decline in glubs has a long-
lasting e ect because it exacerbates the skill mismatch. The skill migatch lasts because rms
and workers do not take full advantage of the opportunity to ratain workers. For comparison,
Figure 10 presents the constrained e cient allocation in green. In this allocabn, rms and
workers engage in the e cient amount of retraining, the increase ithe skill mismatch abates
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Figure 10: Adjustment paths for unemployment relative to its initial value at tim e 0. The gray line plots

the counterfactual trends in an economy adjusting to a structual change that started att = 5. The recession

a ects the economy fromt =0 to t =2:5 (in years)

shortly after the recession ends, and there is little propagation ahemployment?* However,

in the e cient allocation, unemployment may be larger during the onseof the crisis. This

occurs because the planner keeps skilled workers searching fbsjm compensate for the more

volatile nding rate of unskilled workers. By doing so, the planner maitains a more favorable

composition of the unemployment pool, which reduces the job créa externality.

The black line in Figure 10 presents the response of unemployment in an economy that

is not experiencing structural change. In line with Shimer's (2005)ndings, unemployment

only increases slightly (by less than a percentage point) and the g rate recovers fully

by the end of the recession; there is no propagation. The blue lineegents the response of

unemployment toonly the decline in productivity in an economy that is adjusting to structual

change. In this case, unemployment is ampli ed during the crisis, antbecomes about two

24The unemployment rate goes below its initial trend because the redction in old jobs causes workers to
upgrade their skills at a faster rate than what they would otherwise do.
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times more volatile than in an economy that is not a ected by structual change. But as
anticipated, in this case, too, there is no signi cant propagation b@nd T; .

Vacancies-unemployment space

_#10°

Vacancies

0 0.005 0.01 0.015 0.02 0.025 0.03
Unemployment

Figure 11: Beveridge curves. Both gures center around the initial unemployment and the number of
vacancies prior to the recession. Each point corresponds to a dirent year since the onset of the recession.

Finally, my model matches two salient facts of recessions. First, &gyure 11 shows, when
the recession interacts with a structural change the economycmvers through a more pro-
nounced and sluggish counter-clockwise trajectory in the vacanunemployment space, as
was observed in recent recessions (see Barlevy, 2011 and Veraxi®011). The black line
shows that the adjustment is less pronounced and faster for anomomy not undergoing any
structural change. Second, in keeping with the evidence, my mageedicts that unemploy-
ment spells are more costly during a recession (see Davis and von ki, 2011). Due to
the lack of old jobs and the skill mismatch, displacement costs unskidlevorkers an additional
18% loss in earnings when it occurs during a recession.

3 Empirical Implications

| study the implications of my model in the context of a pervasive strictural change a ecting
U.S. labor markets: the decline in routine-cognitive jobs outside mafacturing. These jobs
are the empirical analog of old jobs in my model. | start by documentgthe nature of
this structural change and the skill mismatch it brought. Then | esmate its e ects on
employment, unemployment and wages. | nalize by exploring if ther&vas an interaction
between this structural change and the Great Recession.

Using data on 330 occupational groups that are consistently desd over time and include
all non-military jobs in the U.S. Census, | de ne routine-cognitive jbs on the basis of indices
of task content for each occupation provided by Autor and Acengdu (2011). 1 label as
routine-cognitive jobs those in the occupational groups among eéhtop tercile that have the
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highest routine-cognitive content. These jobs comprise precisadarepetitive tasks, which
are typical of middle-skill o ce jobs. The occupations with the highest indices are telephone
operators, payroll, postal and time-keeping clerks, and bank tette

3.1 The decline in routine-cognitive jobs

In this subsection | document the shift in the occupational struatre created by the decline
in routine-cognitive jobs. | focus on the time period from 2007 to 2@ because my model
suggests the e ects of this structural change are stronger dag the Great Recession.

| start by estimating the reallocation patterns of workers who spmalized in routine-
cognitive jobs. To do so, | partition the working-age population in te Census into skill
groups that are de ned by their demographic characteristics. Tib yields 200 groups that are
de ned by sex (male, female), age (16-24, 25-34, 35-44, 45-54 #5-64 years), education
(less than high school, high school, some college, completed colleg# raore than college),
and region of residence (Midwest, North, South and West). For el skill group, | use the
2000 Census to compute the share of workers outside manufaictg who were employed in
routine-cognitive jobs. This procedure yields a measure of the gjpadization of each skill group
in routine-cognitive jobs, GRC,4. Workers in skill groups that specialized in routine-cognitive
jobs are the empirical analog of the unskilled in my model; computersié new technologies
depreciated the value of their skills and forced them to reallocate tiher jobs as | will show?®

The focus on jobs outside manufacturing separates routine-cutyve jobs from other rou-
tine jobs in manufacturing. The latter declined mostly from 1980 to @00 and brought di erent
patterns of reallocation (see Autor, Dorn and Hanson, 2015). Meover, during crisis, routine
jobs in manufacturing are subject to the large volatility of the mantacturing sector, which
confounds sectoral and aggregate shocks (see Foote and Ryf1i4).

Using data from the American Community Survey, | estimate the edtion:

The dependent variable Yj; is the change between 2007|before the start of the Great
Recession|and year t in the share of workers at di erent occupational categoriesy;. |

measure these shares using the American Community Survey; thiaglude both workers who
are currently employed in each occupation and unemployed workes$ho were last employed
in each occupation. The categories include service, routine, pred®nal, and managerial jobs.
Service, professional and managerial jobs have the least routicentent, and they are not

25Underlying my approach are two assumptions: that employment shaes in 2000 re ect each skill group's
inherent abilities for di erent jobs; and that these abilities persist over time. | chose the year 2000 as the
baseline because it precedes the sharp decline in routine-cognitiveljs experienced in the U.S. in recent years.
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directly a ected by the computerization of routine tasks. The coeient measures the
di erential change in employment for workers who specialized in routine-cognitive jobs.

On the right-hand side of equation {1), X, are group characteristics measured using the
2000 Census. These include the share of employment in manufactgr durable, tradable
and construction industries, which takes into account di erences industry cyclicality and
other sectoral shocks® 1 also include a full set of gender, age, education, and region of
residence dummies so that my estimates do not capture di erencesformal education, female
participation in the labor force or life-cycle dynamics!

Panel A in Figure 12 shows that, during the Great Recession and its recovery, workein
skill groups that specialized in routine-cognitive jobs redeployed teervice and professional
occupations. The gure plots year-by-year estimates of equatio(11) that are scaled so that
they re ect the di erence in reallocation between workers at the Gth percentile of specializa-
tion in routine-cognitive jobs and workers at the 10th percentile. '®m 2007 to 2013, among
the skill groups that were the most specialized in routine-cognitiv®@ps, employment in these
jobs fell by 5 percentage points relative to the least specialized skgifoups. The decline was
matched by a redeployment to professional jobs (2 percentageipts increase) and service jobs
(2 percentage points increase). The reallocation concentratedrthg the Great Recession and
its recovery; it did not occur before, from 2005 to 2007, as is showy the estimates in light
blue for these years.

The same patterns emerge when | move from the national-level dabn skill-groups and
zoom in at the local labor market. To do so, | use data for 722 commmyg zones, which cover
the entire continental U.S. territory. For each commuting zone, tompute from the 2000 Cen-
sus the share of workers outside manufacturing who were empldya routine-cognitive jobs.
This procedure yields a measure of specialization in routine-cognitiyebs at the commuting-
zone level,RC;, which | depict in Figure 13. The variation in RC; stems from historical
patterns of specialization as | show in detail below. | think oRC; as the empirical ana-
log of the share of unskilled workers and the availability of old jobs in el local economy.
Commuting zones that have high values d®C; are the most exposed to the decline in routine-
cognitive jobs and they experience the largest change in produdigtructure. As Autor and
Dorn (2013) have shown, in recent decades these commuting zoaw a fast adoption of
computers and information technologies, as cheaper computetaed rms to replace labor
in many of the repetitive tasks that comprise routine-cognitive jos.

26] use data from the County Business Patterns aggregated to theeommuting zone level to compute these
employment shares. The de nition of tradable industries follows Acemoglu et al. (2014), who include agricul-

ture/forestry/ shing, mining, manufacturing and wholesale trad e.
2’When estimating this equation, | allow the error term "¢ to be correlated within skill groups and |

compute standard errors that are robust to this correlation structure and to heteroskedasticity. Finally, |
weight groups by their size in 2000.
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Panel A: GRCy measured using the 2000 Census.
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i i
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Panel B: GRCy measured using the 1980 Census.
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Figure 12: Estimated change in the share of workers in service, routine, pressional and managerial jobs
and their 90% con dence intervals. The estimates compare skill graps at the 90th percentile of specialization
in routine-cognitive jobs relative to skill groups at the 10th percenrtile (2007 is the base year). Each panel
indicates the occupational category.

To test if exposed commuting zones saw a larger shift in their prodine structure, |
estimate the commuting-zone level analog of equation 1):%®

Yi = RC;+ X+ " (12)

The covariatesX; include a full set of Census Division dummies as well as the year 200@rgh
of employment in manufacturing, durable, tradable and construain industries, which takes
into account di erences in industry cyclicality and other sectoral Bocks. | also control for

28When estimating this equation, | allow the error term "; to be correlated within States and over time,
and | compute standard errors that are robust to this correlation structure and to heteroskedasticity. Finally,
| weight commuting zones by the size of their workforce in 2000.
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Figure 13: Geographical distribution of the exposure of U.S. commuting zoneso the decline in routine-
cognitive jobs.

observable characteristics of the workforce, as measured in 2@00 Census, which determine
changes in the labor supply. These characteristics include the shaof the population of

di erent races, the share of the population that is older than 65 ya's, the share of foreign
workers, the share of workers who have di erent levels of schoainthe female labor force
participation and the share of workers who earn the minimum wage.

Panel A in Figure 14which is the analog of Figure 12plots year-by-year estimates of
equation (12), which are scaled to re ect the di erence between commuting z@s at the 90th
percentile of exposure to this structural change and zones atel10th percentile. The gure
reveals that, during the great recession, the most exposed cooting zones experienced an
increase in job polarization (relative to other zones) that did not tke place before.

The ndings in Figures 12 and 14 describe the nature of this structural change and un-
derscore the parallels with my model. Due to the sharp decline in rouircognitive jobs that
concentrated in the Great Recession, workers redeployed to bhatervice jobs|the analog of
regular jobs in my model|and professional jobs|the analog of novel jobs in my model.

As subsumed in my model, the redeployment of routine-cognitive wars to professional
jobs caused a skill mismatch because professional jobs requirditoinal skills and training.
Several pieces of evidence support this view. Data fro® NET shows that professional
jobs are among the most intensive in analytical tasks, while workers these jobs perform
few routine tasks. Workers who specialized in routine-cognitive jebmay lack these analytical
skills. Data fromO NET also suggests that professional jobs have stringent training rece-
ments: they require on average 2.5 years of training and experiencinlike routine-cognitive
jobs, which require only 1.5 years. Figur&5 shows that, among workers who specialized in

35



Panel A: RC; measured using the 2000 Census.
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Panel B: RC; measured using the 1980 Census.
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Figure 14: Estimated change in the share of workers in service, routine, pressional and managerial jobs
and their 90% con dence intervals. The estimates compare commumg zones at the 90th percentile of exposure
to structural change relative to commuting zones at the 10th pecentile (2007 is the base year). Each panel
indicates the occupational category.

routine-cognitive jobs, and in exposed commuting zones, the adjment to this structural
change required the reallocation of workers to the top tercile ofjg with the most stringent
training requirements. The increase in retraining took place duringhe Great Recession but
not before.

Professional jobs also di er in other dimensions. In 2000, 94% ofethvorkers in professional
jobs had some college education, but only 64% of the workers in rm#&-cognitive jobs did.
This, too, points to a mismatch in educational requirements. Finallydata examined by Lin
(2013) show that, according to the 2000 Census, 12% of profesal jobs corresponded to
new job titles. The novelty of these jobs suggests that, particuly among those specialized
routine-cognitive job, many of the requisite skills were not commonligeld by workers.
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Figure 15: Estimated change in the share of workers reporting jobs in the togercile of occupations with

the highest training requirements and their 90% con dence intervds. The left panel presents estimates at the
commuting-zone level, and the right panel presents estimates athe skill-group level. Both gures compare

the e ects at the 90th percentile of exposure to structural change relative to the 10th percentile.

The redeployment of workers deteriorated the expected qualityf aew hires in professional
jobs. In additional results not reported here, I nd that the conposition of workers employed
in professional jobs deteriorated during the Great Recession bt before. The rate at which
workers who had no college education were hired in professionalgobcreased by 30%. The
rate at which professional jobs hired workers from skill groups #tin 2000 were not specialized
in these jobs also increased. This was driven by a 4% decline in the ratevhich professional
jobs hired workers from skill groups that in 2000 were specialized inalytic tasks, and a 10%
increase in the rate at which professional jobs hired workers froskill groups that in 2000
were specialized in routine-cognitive tasks.

The ndings in this section do not result from a mechanical decline in # share of workers
currently employedin routine jobs or from mean reversion. If workers did not reallocaf
they would still report they were last employed in routine-cognitivegbs, and the patterns in
the gures would not emerge’® Contrary to what | nd in the data, mean reversion would
show up strongly before the Great Recession. Moreover, PanelsnBhoth Figures present my
estimates when | measur®C; and GRCy using employment shares from 1980. Although mean
reversion should not play any signi cant role in this case, | obtain simila ndings.3° Finally,

29The ACS reports the occupation held by non-employed workers in teir last job, provided that they had

a job in the last 5 years. Thus, it is unlikely that these facts are explaned by di erences in attrition.
30For the period from 1990 to 2000, | estimate an annual convergease rate of 0.0429 percentage points per

year (standard error=0.0275) in the share of workers employed imoutine-cognitive jobs among areas with a 10
percentage points additional share in 1980. For the period from 180 to 1990, | estimate an annual convergence
rate of 0.01 percentage points per year (standard error=0.003)n the share of workers employed in routine-
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in results presented below, I nd that local demand shocks in a comuting zone prompted a
faster decline in routine-cognitive employment, which weighs in favaf my interpretation of
the ndings in this subsection.

3.2 Estimating the e ects of the skill mismatch

The key empirical implication of my model is that, due to the job creabn externality, the
nding rate of a worker not only depends on his skills, but also on thexeent of the skill
mismatch in his labor market. The mismatch results from the large regloyment of dis-
placed workers to professional jobs during the Great Recessiavhich causes a reduction in
professional-job openings.

Let fi;: be the nding rate for workers from skill groupg who reside in commuting zone
i, and let fi; be the change in their nding rate that is caused by structural chage during
the Great Recession. My theoretical analysis establishes thaty the case of two skill groups
g 2 f u;sg we can approximate the change in their nding rate as:

@f @f @f f @f
fi — z+ fg= — + == = +—-—= N
T ] @ @ ‘@
The rst term %f‘z captures the e ect of a lower productivity during the Great Receson,
z < 0, that is common to all workers. The second tem€t | + &L €L 7 < ¢

captures the direct e ect of the structural change and the rexssion, which is specic to all
unskilled workers. For instance, unskilled workers face lower ndintates because there are
less old jobs (recall that | < 0 during recessions) and aggregate productivity is lower (recall
that the nding rate of unskilled workers is more cyclical).

My model underscores the role of the additional tern% ', which captures the role
of the job creation externality and the complementarity e ect on d workers' nding rates.
This term captures the worsening of the skill mismatch during the &at Recession, which is
quanti ed by " < 0 and which reduces the creation of novel and stepping-stone $ob

This equation motivates the following regression model:
figg = 1+ 9GRCy+ °RCi+ Xg+ X+ "igi: (13)

Here,  parametrizes the common e ect of aggregate shocks. The terfiGRC, parametrizes
the direct e ect, which depends only on workers' skills. | proxy wders' skills using the
measure of specialization in routine-cognitive job&RC.

cognitive jobs among areas with a 10 percentage points additionalsre in 1980. Both estimates imply a level
of mean reversion that could explain at most a tenth of the documeted decline in routine-cognitive jobs from
2007 to 2013 in highly exposed commuting zones. Similar ndings applydr skill groups.
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The term °RC; parametrizes the e ect of the worsening skill mismatch in a local lalbo
market. As shown in Figurel4, during the Great Recession, commuting zones with high
routine-cognitive employment experienced a large redeployment displaced workers to pro-
fessional jobs. Thus, in commuting zones with a higRC;, the adjustment of the economy
during the recession created a severe skill mismatch|a sharp decknin  ". In commuting
zones with low routine-cognitive employment, the number of routireognitive workers that
redeploy to professional jobs is small in comparison to the numbef workers who already
posses the skills required in these jobs. Thus, the recession onlgates a modest skill mis-
match. My model predicts that © < 0, so that the more severe skill mismatch in exposed
zones a ects unemployment through the job creation externalityand the complementarity
e ect.

To interpret 9 and ¢ as the direct and external e ects of the skill mismatch, | require
two key assumptions. First, that a workers' commuting zone of sedence does not explain un-
observable heterogeneity in skills or abilities within a skill group; worke in a given group are
comparable across di erent commuting zones. Otherwise the measment error in workers'
skills could show up in © as a spurious external e ect (see Acemoglu and Angrist, 200%).
Second, that commuting zones that were highly exposed to the dlee in routine-cognitive
jobs do not di er in other characteristics that a ect employment. Otherwise the e ect of these
characteristics could be misinterpreted as the external e ect akill mismatch.

With these assumptions in mind, | estimate equation3) using as dependent variable the
employment rate, the unemployment rate and the average log hdumwage for each skill group
in each commuting zone. The data for each cell comes from the Cesmisand the American
Community Survey. To remove the role of sectoral shocks and drences in cyclicality across
industries, | control for the 2000 employment share in manufacting, construction, tradable
and durable goods industries (all are measured using the 2000 Ges)sfor each commuting
zone and each skill group. In addition, in each commuting zone | coat for factors that
determine the labor supply and that | introduced above. | also inclugla full set of dummies
for characteristics of each skill groups, including sex, age, regiohresidence and educational
level. These controls guarantee that the estimate of' does not confound the direct e ect of
structural change with the e ects of di erences in education, fi@male participation in the labor
force, and life-cycle dynamics.

3170 see why this is required, write an individual's true specialization in routine-cognitive jobs as Sjq =
GRCy + jig . Here, | indexes the individual, GRCy is the observable group component that | observe and
jig iS an unobservable individual component. Plugging this term instead & GRCy in equation (13), shows
that the regression estimate of © converges in probability to ¢+ 9Cov( iy ; RCijg)=V ar(RC;i): Thus, this
regression identi es the external e ects if and only if Cov( jg ; RCijg) = 0, which boils down to the stated
assumption.
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Panel A in Table 2 presents my estimates. In Columns 1 to 3, | focus on the averagmnge
in the employment rate, the unemployment rate, and the log of holyr wages from 2007 to
2009 and 2010|the recession years|as the dependent variables.The Column 1 estimates
show that the direct e ect was signi cant. From 2007 to 2009-201, 10 percentage points
of additional specialization in routine-cognitive jobs were associatevith a 0.89 percentage
point reduction in the employment rate of workers in that skill group(standard error=0.22
p.p.). As Column 2 con rms, the reduction in employment translated ito a 0.64 percentage
point increase in the unemployment rate of these workers (standherror=0.14 p.p.). Only
about 20% of the displaced workers quit the labor force; the restmained unemployed and
searching for jobs.

These direct e ects, however, do not account for to the full gemal equilibrium e ect of
structural change, which also encompasses the externalities atexl by the skill mismatch
within local labor markets. From 2007 to 2009-2010, a 10 perceg&apoint increase in the
exposure to the decline in routine-cognitive jobs (roughly the gapebween the least and the
most exposed commuting zones) was associated with a 1.23 perageatpoint reduction in
employment (standard error=0.3 p.p.). The joblessness translateinto a 1.15 percentage
point increase in the unemployment rate and a 2.67% reduction in wagésee Column 3). In
line with the main prediction of my model, within local labor markets, theexternal e ects of
the skill mismatch signi cantly ampli ed unemployment and joblessnes.

In the bottom rows of Panel A, | present two counterfactual esenarios to illustrate the
economic importance of my estimates. From 2007 to 2009-2010¢ thnemployment rate
increased by 3.1 percentage points. This increase would have betR.68 percentage points
if all skill groups with above-average specialization in routine-cogine jobs had experienced
the same labor market outcomes as the average worker. In thiesario, the direct e ect of
structural change explains up to 14% of the observed increase memployment. Moreover, the
increase in the unemployment rate would have been of 2.24 perceyggoints if, in addition,
commuting zones with above-average exposure to routine-cogvetjobs had experienced the
same labor market outcomes as the average zone. The externates of the skill mismatch
explain an additional 14% of the observed increase in unemployme#tlthough these are just
a pair of many potential counterfactual scenarios, they show &t both the direct and external
e ects of structural change had a sizable impact.

Columns 4 to 6 in Panel A show that the e ects of structural chang were long-lasting.
In these models | focus on the average change in the employmenteraunemployment rate,
and the log of hourly wages from 2007 to 2011, 2012 and 2013|thecovery years|as the
dependent variables. The increase in joblessness observed duthwegcrisis persisted during
the recovery years, for both workers specialized in routine-cative jobs and in the commuting
zones that were more exposed to structural change.
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Table 2: Direct and external e ects of mismatch on employment, unempjment and wages.

Recession years Recovery years
Change from 2007 to 2009-2010 Change from 2007 to 2011-2013
Dependent variable: Employment  Unemployment Wages Employment  Unemployment Wages
@ @ 3 4 ®) (6)
Panel A. Decomposition of direct and external e ects.
Skill group’s specialization in -0.089 0.063 0.033 -0.099 0.026 0.057
routine-cognitive jobs,GRC,q (0.022) (0.014) (0.030) (0.023) (0.011) (0.034)
CZ's exposure to routine- -0.107 0.102 -0.254 -0.138 0.106 -0.421
cogpnitive jobs, RC; (0.034) (0.024) (0.047) (0.046) (0.031) (0.075)
R squared 0.19 0.16 0.06 0.19 0.13 0.11
Observations 70534 70534 70232 106259 106259 105907
Counterfactuals:
Mean dependent variable (p.p.) -2.568 3.100 -1.681 -2.795 2.324 -6.659
Removing direct e ect -1.978 2.680 -1.899 -2.136 2.149 -7.035
Removing also external e ect -1.567 2.290 -0.924 -1.607 1.743 -5.420
Panel B. Estimation of external e ect controlling for skill group e ects.
CZ's expoure to routine- -0.105 0.103 -0.261 -0.134 0.108 -0.427
cognitive jobs,RC; (0.034) (0.024) (0.047) (0.047) (0.030) (0.075)
R squared 0.21 0.17 0.08 0.22 0.14 0.13
Observations 70534 70534 70232 106259 106259 105907

Signi cance of skill groups:

Panel C. Estimation of external e ect controlling for obseved heterogeneity.

CZ's  specialization in -0.106 0.111 -0.221 -0.114 0.105 -0.398
routine-cognitive jobs,RC; (0.037) (0.025) (0.048) (0.046) (0.030) (0.068)
Observed heterogeneity:

Cell specialization in ana- -0.021 0.011 -0.024 0.011 -0.009 -0.005
lytic tasks (0.013) (0.010) (0.023) (0.012) (0.007) (0.029)
Cell  specialization  in -0.024 0.013 0.086 0.025 -0.015 0.106
routine-cognitive tasks (0.015) (0.011) (0.020) (0.015) (0.008) (0.038)
Cell  specialization  in -0.014 -0.006 0.019 -0.018 -0.004 0.052
routine-manual tasks (0.016) (0.011) (0.026) (0.018) (0.009) (0.031)
F-statitic for workers' skills 1.3 1.6 10.7 1.9 1.6 5.7

R squared 0.22 0.18 0.08 0.23 0.15 0.14
Observations 70531 70531 70229 106255 106255 105903

Panel D. IV estimation of external e ect controlling for skil group e ects.

CZ's exposure to routine- -0.179 0.150 -0.396 -0.166 0.106 -0.595
cognitive jobs,RC; (0.040) (0.026) (0.076) (0.052) (0.035) (0.113)
R squared 0.21 0.17 0.07 0.22 0.14 0.13
Observations 70534 70534 70232 106259 106259 105907
First-stage F statistic 224.4 239.0 2245 224.6 224.6 224.6
Notes: Panel A presents estimates of the di erential change in labo r market outcomes from 2007 onward among commuting zones mor e exposed to
structural change (the external e ect), together with the d i erential changes for workers in skill groups directly exp osed to structural change (the
direct e ect). The dependent variable is indicated in top of each column, as well as the period for which I estimate the mod el. Panel B presents
estimates of the external e ect of structural change contro lling for a full set of skill-group dummies. Panel C presents estimates of the external
e ect of structural change controlling for a full set of skil l-group dummies and observed cell heterogeneity. Panel D pr esents instrumental-variables
estimates in which | instrument for the share of employment i n routine-cognitive jobs in 2000 using the historical share in 1980. In all models, |
allow the error term "igt to be correlated within States and over time, and within skil | groups and over time, and | compute standard errors that
are robust to this correlation structure and to heteroskeda sticity. Finally, | weight each commuting zone skill group cell by its size in 2000.

To illustrate the e ects of the decline in routine-cognitive jobs ovetime, Figure 16 plots
year-by-year estimates of equationl) (the estimates are computed relative to 2007, which
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is the base year). The gure presents the average employmentdamnemployment rate in
the sample from 2005 to 2013. | add the estimated di erences fakils groups at the 90th
percentile of exposure to structural change (in blue circles), tether with their corresponding
90% con dence intervals. On top of these series, | also add the iesited external e ects in
commuting zones at the 90th percentile of exposure to structdrahange (in red triangles),
together with their corresponding 90% con dence intervals. Theesies depicted by the red
triangles corresponds to the predicted outcomes for workers ikils groups at the 90th per-
centile of specialization in routine-cognitive jobs who reside in commuaog zones at the 90th
percentile of exposure to structural change.

The gures show that, during the Great Recession, workers in skifjroups that specialized
in routine-cognitive jobs su ered from worst labor-market outcames than other workers, even
though the outcomes of the two groups moved in tandem beforedlyreat recession. Workers
located in highly exposed commuting zones also su ered during thecession from worst labor-
market outcomes; while di erences across commuting zones werd nausing any divergence
before.

In the bottom panel of the gure, | present estimates using as gendent variable a measure
of long-term unemployment, which | compute as the share of womsewho currently are
unemployed and report that they did not have a job during the last gar. Because in my
model the skill mismatch and its external e ects depress the ndig rate, the increase in
unemployment should coincide with an increase in unemployment durah. In keeping with
this logic, Figure 16 shows that the incidence of long-term unemployment drove the doe
e ect on workers specialized in routine-cognitive jobs, and the eattnal e ects of the skill
mismatch in commuting zones exposed to this structural change.ofitrary to models that
emphasize how recurrent job losses or an increase in separatiorectadisplaced workers
(see Lillien, 1982; and Jarosch, 2014), my evidence shows that mpéoyment is driven by a
decline in job- nding rates and turnover (as Figure3 in the introduction also con rms), and
is associated with an increase in long-term unemploymetit.

The distinctive prediction of my model is that the external e ects & the skill mismatch
are important. | devote the rest of this section to exploring in deththese external e ects and
their robustness.

A potential concern is that the external e ects are picking up unbserved heterogeneity
within skill groups, which violates the rst assumption stated above For instance, the index

%2In the Data Appendix, | analyze data from the Longitudinal Employe r-Household Dynamics. Unfortu-
nately, the public-use version of this data cannot be broken into nely de ned skill groups and so it must be
aggregated at the commuting zone level. | nd that, during the Great Recession, highly exposed commuting
zones experienced a decline in job- nding rates and a decline in turner (separation rates declined slightly as
well, especially during the recovery years).
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Figure 16: Estimates for the external e ect in commuting zones at the 90th percentile of exposure to
routine-cognitive jobs, and estimates for the direct e ect on skill groups at the 90th percentile of specialization
in routine-cognitive-jobs, relative to the sample average. Data fom the American Community Survey.

GRCy may not capture the full bundle of skills held by workers. Or in commung zones
where routine-cognitive jobs abound, workers within a skill group ay have less experience
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with analytical tasks.

| address this concern in several ways. First, Panel B in Tabereproduces the estimates
of the top panel but includes a full set of skill-group dummies. Inst&l of measuring the
direct e ect using groups' specialization patternsGRCgy, these models control exibly for the
xed characteristics of skill groups (observable and not). Thesmodels exploit within-group
variation and compare workers in the same skill group across di erelocal labor markets, so
they do not rely on my particular measure folGRCq being accurate. | nd that the external
e ects at the commuting-zone level remain roughly unchanged. Ehskill-group dummies are
jointly signi cant in all models, as the large F statistics reported in the bottom row of the
Panel indicates; during the Great Recession skill groups were an iarfant determinant of
labor market outcomes.

Second, to gauge the importance of unobserved heterogeneitighi skill groups, Panel
C in Table 2 reproduces the estimates of Panel B but also controls for the chdirel special-
ization in analytical and routine(cognitive or manual) tasks. | compte these measures of
specialization as the year 2000 employment share in highly analytical routine jobs for each
skill group commuting zone cell. These measures capture observed di ereneathin skill
groups across commuting zones. Reassuringly, there is no evigen€ any signi cant source
of heterogeneity within skill groups that a ects labor market outomes (except for wages). In
Columns 1,2 4 and 5, the point estimates for these observed di ex@s are a fraction of the
external e ects' estimates, and are not jointly signi cant. As eyected, my estimates of the
external e ects remain signi cant and of a similar size to the previosi models®

In additional exercises not reported here, | obtained similar estines of the external e ects
if, instead of using the skill groups described above, | partition wkers by the occupation they
report in the Census and American Community Survey. Though repi@d occupations may
be informative about workers' skills and relevant labor-market exgrience, this exercise faces
the problem that reported occupations are a bad control (see Arnist and Pishke, 2008).

A nal concern is that the external e ects are picking up unobserable di erences across
commuting zones. To address it, | present estimates in Panel D in igh | instrument the
external e ects (using the speci cation in Panel B) with the 1980 lsare of employment in
routine-cognitive jobs in each commuting zone. The rst-stagg statistic of roughly 200 sug-
gests there is a considerable degree of persistence in specializgiaiterns. The instrumental-

33Moreover, this is a common assumption used in the literature that deomposes the increase in unem-
ployment during the Great Recession in structural and other facbrs. For instance, Kroft et al. (2014) and
Barnichon and Figura (2015) decompose the nding rate of workes in a component determined by demo-
graphic characteristics (as the ones | use here) and a componetitat they attribute to duration dependence.
Both decompositions preclude the existence of unobserved hetsgeneity, which is interpreted as pure duration
dependence. In a di erent context, Beaudry, Green and Sand (212) rely on a similar assumption to estimate
the spillovers of the industrial composition of a local labor market.
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variables estimates, which are slightly larger, support my previousndings. The historical
persistence of specialization patterns provides a plausible exogemgource of identi cation,
as it removes recent changes in exposed labor markets that couldc their outcomes during
the Great Recession. In the next Subsection, | show that commng zones that were highly
exposed to routine-cognitive jobs historically did not fare badly dumg the 1990 recession.
Since this recession preceded the decline in routine-cognitive jothss result lends support to
the view that exposed commuting zones do not di er in historical andinobservable factors
that shape their response to recessions.

Overall, |1 see the assumptions required to interpret my estimatesd 0° as the external
e ects of the skill mismatch as plausible. There may be small di erems within skill groups
across commuting zones, but it is unlikely that these explain the largeects at the commuting-
zone level that | estimate (see Panel C in Tabl@). A more plausible interpretation of the
large e ects found at the commuting-zone level and that one woulahiss in the national-level
comparison across skill groups, is that they re ect the externalosts of adjustment borne out
at the local labor market.

My model predicts that due to the job creation externality, theseadjustment costs are
borne out by workers who specialize in professional jobs, althouthiey are not directly a ected
by the computerization of routine tasks. Moreover, The paucity fonovel and stepping-stone
jobs that emerges as a consequence of the skill mismatch also &segorkers who specialize in
routine jobs (both cognitive and manual). Because of the lack of gloyment and retraining
opportunities in professional jobs, workers cannot redeploy torgfessional jobs easily and
are forced to stay at service and routine jobs or remain unemplale There should be no
external e ects on workers who specialize in managerial jobs|whie do not absorb displaced
workers|or service jobs|which absorb displaced workers but do not require additional skills
or much training.

| test these predictions by estimating the incidence of the exterha ects on di erent

groups of workers. | estimate the following extension of equatiod3):

X
Yigt = gRCi Sgo‘l' gt t iXi + ”igt: (14)

o
Here, Sy, is the specialization of each skill group in di erent occupational cagwries,o, in-
cluding managerial jobs, professional jobs, routine-cognitive @amanual jobs and service jobs.
| measure specialization patterns using the 2000 share of employmfor each skill group in
the di erent occuBationaI categories listed above. Because easbcupation falls within one of

these categories, , Sy, = 1 and the external e ects © are a weighted average of the coe -

(0]
cients &, which decompose the incidence of spillovers on di erent groups obrkers. | control
for a full set of skill-group dummies allowed to vary by year, ;. Equation (14) identi es the

incidence of the external e ects of the skill mismatch by comparingiorkers in the same skill
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group across di erent commuting zones. | pool the change in labonarket outcomes from
2007 to all years from 2009 to 2013, so that | estimate the aveemcidence of external e ects
during the Great Recession and its recovery,

Table 3 presents my estimates. Columns 1 and 2 use the employment ratdlas dependent
variable; Columns 3 and 4 use the unemployment rate; and Columns Bda6 use the log of
hourly wages. Consistent with the predictions of my model, the estaes in Columns 1 and 3
show that the external e ects of the skill mismatch a ect workes who specialize in professional
jobs, routine-cognitive jobs and routine-manual jobs. A 10 peeotage point increase in my
measure of mismatch at the commuting zone level is associated withaage decline of 3.4
percentage points in the employment rate of workers who fully spatize in professional jobs
and an increase of 0.8 percentage points in their unemployment ratéfhese large e ects
are comparable in size to the direct e ects of structural changenoworkers who specialize in
routine-cognitive jobs, which underscores the importance of @thal e ects in the data.

As expected, | also estimate negative external e ects on the etopment of workers who
specialized in routine-cognitive and routine-manual jobs. This lastgup comprises production
workers who were also leaving manufacturing jobs during my period analysis.

Remarkably, there is no evidence of spillovers on workers who spéezed in managerial
or service jobs, and for which my theory predicts there should beone. In line with these
ndings, in additional results that | do not report, I nd that spillov ers were concentrated
among workers who specialized in occupations that require an inteediate level of training,
such as professional jobs, but were not borne out by workersegalized in occupations that
require the most training and the least training. These ndings area@assuring because we
would not expect displaced workers to become radiologists, who vég 15 years of specialized
training and several licenses. Nor should the deployment of routhoegnitive workers a ect
hiring in jobs that do not require much training or specialized skills.

Workers who specialized in routine-cognitive jobs and who resided ihe most exposed
commuting zones also su ered a decline in their wage of about 13.8%etMespite the negative
external e ect on their employment rate, workers in the most expsed commuting zones who
had the skill set needed for professional jobs experienced a waggease of 3.78%.

Although my model predicts that both wages should decline, this lashding is easy to
reconcile with a slight variant of my theory. In my model, the behaviowof wages is pinned
down by the assumption that the number of vacancies adjusts immiately, which search
models make for tractability. In the Theory Appendix | relax this asamption and assume
that existing vacancies close gradually when they become unprolike. In this case, the skill
mismatch always increases the wage of skilled workers in the shorhrand reduces it in the
medium run, when rms close unpro table vacancies. Intuitively, wien unskilled workers
abound, the outside option of rms matched to a skilled worker detérate in the short
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Table 3: Estimates of the incidence of external e ects on di erent skill gpups.

Dependent variable:

Employment rate Unemployment rate log of wages
(1) (2 3) 4 (5) (6)
External e ect on workers
specialized in: Panel A. Incidence of external e ects on workers specialiden di erent occupations.
_— 0.051 0.045 0.084 0.092 0.250 0.262
Managerial jobs
(0.180) (0.178) (0.091) (0.091) (0.332) (0.326)
. . -0.343 -0.340 0.081 0.086 0.378 0.481
Professional jobs
(0.092) (0.090) (0.048) (0.046) (0.179) (0.184)
. T -0.258 -0.259 0.245 0.242 -1.384 -1.419
Routine-cognitive jobs
(0.116) (0.114) (0.071) (0.070) (0.227) (0.218)
. . -0.248 -0.248 0.145 0.150 -0.735 -0.690
Routine-manual jobs
(0.095) (0.093) (0.049) (0.049) (0.157) (0.154)
. 0.182 0.173 -0.026 -0.012 0.306 0.343
Services
(0.230) (0.224) (0.120) (0.118) (0.463) (0.443)
R-squared 0.21 0.21 0.15 0.15 0.14 0.16
Observations 176793 176793 176793 176793 176139 176139
External e ect on workers
specialized in: Panel B. Incidence of external e ects on workers specialidén tradable occupations.
. . -0.133 -0.133 0.151 0.153 -0.075 -0.010
Tradable industries
(0.069) (0.066) (0.045) (0.044) (0.104) (0.102)
. . -0.165 -0.172 0.096 0.103 -0.972 -0.995
Non-tradable industries
(0.125) (0.123) (0.057) (0.055) (0.213) (0.207)
R-squared 0.21 0.21 0.15 0.15 0.14 0.16
Observations 176793 176793 176793 176793 176139 176139
Additional covariates:
Employment change by occupation X X X
Notes: The table presents estimates of the incidence of the externa | e ect of structural change on di erent groups of workers, i denti ed in each row
and panel. The dependent variable is the indicated in the top rows. In each column | pool together the change in each depend ent variable from 2007
to 2009, 2010, 2011, 2012 and 2013. All models include a full s et of skill-group dummies allowed to vary by year. When estim ating this equation, |
allow the error term "igt to be correlated within States and over time, and | compute st andard errors that are robust to this correlation structure
and to heteroskedasticity. Finally, following a common pra ctice in the literature, | weight each commuting zone skill group cell by its size in 2000.

run. This opportunity-cost e ect allows skilled workers to obtain hidier wages (see Acemoglu
1997b). However, this e ect reverts as rms exit the market andhe outside option for skilled
workers deteriorates, shifting the balance of the bargaining beden skilled workers and rms.

The behavior of wages in the data weighs against alternative thewsig¢hat emphasize
nominal rigidities or contractual frictions as the main limit to the redgloyment of displaced
workers, at least when such redeployment requires retraining viers. Unlike models with
wage rigidities, unemployment is associated with large decline in average wages for routine-
cognitive workers and an increase in wage dispersion. In fact, thibserved wage decline
roughly matches the behavior of wages in my numerical calibrationsemn though wages are
not exogenously rigid in my model.

The incidence of external e ects and the behavior of wages alsoigfes against other
interpretations of my ndings. The precise patterns of incidencehat | estimate are empirically
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di cult to reconcile with the possibility that external e ects re ect unobserved heterogeneity
across commuting zones or skill groups.

One alternative explanation able to generate ampli cation at the commuting zone level,
is that labor may have a decreasing marginal value in jobs receiving plidced workers (pro-
fessional and service jobs). In this case, reallocation could dirgct ect the employment
opportunities for workers specialized in professional jobs. This@anation does not t sev-
eral features of the data. First, in Columns 2, 4 and 6, | controlicectly for the change in the
log of employment in professional, managerial and service jobs, whiaptures the potential
decline in the marginal value of these occupations. Because these bad controls (people
change occupations due to the structural change. See AngristdaPishke, 2008), | instrument
them using the log of employment in each occupation at the start ohé recession. It is re-
assuring to see that my estimates do not change in their presenceecond, this mechanism
cannot explain why there are no spillovers on workers specialized ireteervice sector, which
would also be subject to decreasing returns, or why do wages f&illed workers increase.

Another alternative emphasizes the role played by local demand spibrs. For instance,
workers might consume less when they are displaced from routinggaitive jobs and learn that
their skills became obsolete. This mechanism reduces local demand arects employment
for other workers (see Beaudry, Portier and Green, 2014; andé@moglu et al., 2014). However,
demand externalities would have the strongest e ect on workers itme highly non-tradable
service sector and would lower the wage of workers who specializegrofessional jobs, which
are not the case in the data. Moreover, in Panel B | address thisro@ern by decomposing the
spillovers on workers who specialized in tradable and non-tradable ustries (following the
classi cation by Acemoglu et al., 2014). | nd evidence of negative djpvers on both groups,
which suggests that the external e ects were not driven by localemand spillovers on workers
who specialized in non-tradable industries.

As a last test of the external e ects, | present evidence of theomplementarity e ect. In
my model, the complementarity e ect implies that, in highly exposed labr markets, rms
will create few stepping-stone jobs to help displaced workers rain and relaunch their careers
in professional jobs. To test this implication, | estimate an extensimof equation (L1):

Ygt = GRC 4+ GRC 43 RCi+ i+ gXg+ "igi: (15)

Here, Y is the change in the share of workers from skill groug in commuting zonei
employed in di erent occupational categories. | focus on the chge from 2007 to 2013, so
that workers have had enough time to redeploy. This equation inviggates whether in the
top half of commuting zones that were more exposed to structdreahange (measured by the
dummy RC; = 1), displaced workers redeployed to professional jobs at a lowste|captured

by . On the other hand, captures reallocation patterns in the bottom half of commuting
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zones that had less exposure. | partial out all commuting zone claateristics, ;, and include
all the controls for the demographic groups used previously.

Table 4 presents my results. Column 1 shows that workers who specializedroutine-
cognitive jobs redeployed to professional jobs at a lower rate indhiop half of commuting zones
that were more exposed to structural change. In these areagrkers redeployed to service jobs
instead. Column 5 shows that in commuting zones that had low expasy workers redeployed
to jobs that had high-training requirements, but among workers imighly exposed commuting
zones this occurred less frequently. The estimates for the inteteon term  are all sizable
relative to the main e ect, , on the top row. These ndings support the key mechanism that
slows down the speed of adjustment in my model. Workers in highly exped areas were not
willing to accept wage cuts in order to take stepping-stone jobs hbeagse they anticipated that
professional jobs would remain scant in their commuting zone for aile. In response, rms
created few of these jobs, which hampered the redeployment ofitine-cognitive workers to
professional jobs.

Table 4: Transitions of displaced workers to other occupations in averagand in highly
exposed commuting zones.

Average change from 2007 to 2013 in reported employment in:

Service Routine Professional Managerial High-training
jobs jobs jobs jobs jobs
@ @ ©) 4) ®)
Group's specialization in routine- 0.060 -0.163 0.071 0.032 0.078
cognitive jobs (0.033) (0.036) (0.022) (0.028) (0.031)
Di erence in highly exposed labor 0.023 0.000 -0.013 -0.010 -0.020
markets (0.009) (0.011) (0.006) (0.007) (0.009)
R-squared 0.10 0.08 0.06 0.07 0.07
Observations 35440 35440 35440 35440 35440
Notes: The table presents estimates of the di erential reallocati on patterns for workers in skill groups more exposed to struc tural change, and compares
them to the corresponding estimates for the same groups in co mmuting zones in the top half of exposure to structural chang e. The dependent variable
is the change from 2007 to 2013 in the share of workers who repo rt the occupational group indicated in each column. All colu mns include a full set
of commuting zone dummies and additional skill-group contr ols. When estimating this equation, | allow the error term "igt to be correlated within
skill groups and over time, and | compute standard errors tha t are robust to this correlation structure and to heterosked asticity. Finally, following
a common practice in the literature, | weight each commuting zone skill group cell by its size in 2000.

3.3 Interactions between structural change and recessions

In this section | explore if the decline in routine-cognitive jobs intereted with the Great
Recession|as predicted by my model|, or both phenomena simply ovelapped in time.

The timing of the e ects provides the rst evidence of an interactio. Figures3 and 16
show that from 2005 to 2007, exposed commuting zones and grewb workers who specialized
in routine-cognitive jobs did not experience divergent labor markeiutcomes. Both the direct
and external e ects of structural change concentrated durgpnthe Great Recession (from 2007
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to 2010) and the recovery years (from 2011 to 2013). This timingiggests that the recession
exacerbated the e ects of structural change. The economic tm during the previous years,
on the other hand, masked these e ects.

To further explore the timing of the e ects, | use data from the Canty Business Patterns,
which provide employment counts by industry on a yearly basis for e commuting zone.
This limitation of the data restricts me to estimating models at the commuting-zone level.
| estimate equation (L2) at the commuting-zone level with the change in employment per
working age population as the dependent variable for each yearimol988 to 2013, relative
to 2000. Because the data is only available at the commuting zone |gvihe coe cients on
RC; capture a mixture of the direct and external e ects of the skill mimatch. To control
for the strong secular decline in manufacturing during these longgeriod | focus on non-
manufacturing employment.

Figure 17 plots the average employment rate outside manufacturing, relagvto the year
2000, in gray. | also plot in blue the estimated change in the employnterate relative to the
year 2000 in commuting zones at the 90th percentile of exposurettee decline in routine-
cognitive jobs. The 1990, 2001 and 2007 recessions and their eetipe recovery years are
shaded in gray. Figurel8 closely examines the behavior of employment during these three
recessions relative to the year that preceded the start of eacbcession.

Employment rate from County Business Patterns
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Figure 17: Estimated change in employment for commuting zones at the mean (igray) and 90th percentile
of exposure to structural change (in blue) relative to the year 2@0. The light-blue bars plot 90% con dence
intervals for the estimates in the highly exposed areas. Data fromlie County Business Patterns.

The gures reveal a clear pattern: the e ects of the decline of tdine-cognitive jobs
concentrate during the 2001 and 2007 recessions. Exposed lammarkets did not experience
divergent employment paths before 2000 or during the booming ysaof 2004 to 2007. For
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each additional 10 percentage points of exposure, employmendrfr 2000 to 2004 declined by
2.87 percentage points (standard error=1.12). From 2007 to 201the corresponding decline
in employment was 3.21 percentage points (standard error=0.41from 2004 to 2007|years
that had a strong economy and that fell between recessions|thecorresponding decline in
employment in exposed zones was only 0.51 percentage points (dtad error=0.4).

For the 1990 recession | do not nd any divergent path for employent in the most
exposed commuting zones. In the gure that depicts the employmebehavior around the
1990 recession, | measure the exposure of each commuting zgnéhbe share of employment
in routine-cognitive jobs in the 1990 Census, so that this measurent is predetermined. This
serves as an useful placebo test because this recession precéeedecline in routine-cognitive
jobs that started in the late 90s. The patterns that surround tle 1990 recession con rm that
highly exposed commuting zones only became more responsive tolihsiness cycle when the
decline of routine-cognitive jobs started.

In addition to the timing of the e ects uncovered above, | also explb cross-sectional
variation in the incidence of the Great Recession to test directly foan interaction with
structural change. | explore whether the decline of routine-cagive jobs had a larger e ect
in commuting zones that, because of factors orthogonal to thisrgctural change, su ered
during the Great Recession from a sharp reduction in economic adtyv To do this | estimate
the model

Yi = RC;+ yDSj+ RC; DS;+ (+ Xj+"; (16)

with DS; a proxy for the decline in local economic activity at commuting zone during the
Great Recession. | explore two di erent proxies foDS;: the loss in household net worth
during the recession (see Mian and Su, 2014), and the increase iausehold leverage from
2000 to 2006 (see Mian, Rao and Su, 2013). Both measures expl#nme local decline in
economic activity during the crisis®*

In equation (16), captures the local e ects of the skill mismatch and the direct e ect of
a decline in demand on economic activity. The coe cient of the intera@n term  captures
the interaction between the decline in economic activity and structal change.

Table 5 reports estimates of equationl6. In Columns 1 to 4 the decline in net worth
is the proxy for the decline in local economic activity. This measure isvailable for 365
commuting zones, which comprise my sample. Each panel presengsuits for a di erent
dependent variable. Column 1 in Panel B shows that during the onsef the Great Recession,

34These measures are available for a subset of counties that | aggyate to the commuting-zone level. Overall,
I nd that both DS; and RC; are only weakly correlated across commuting zones. Although noteported to
save space, | also include quadratic terms foDS; and RC;, which guarantee that | am not capturing non
linearities.
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Employment rate during the 2007 recession
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Figure 18: Estimated change in employment for commuting zones at the mean (irgray) and 90th percentile
(in blue) of exposure to structural change. The light-blue bars pld 95% con dence intervals for a test of both
series being di erent. Data from the County Business Patterns.

non-manufacturing employment decreased by 0.5 percentage psilistandard error=0.19)
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for every additional reduction of 10 percentage points in housddonet worth.> Panel C
shows that the decline in employment caused a corresponding ingean unemployment of
0.6 percentage points. Although my sample contains only half the comting zones in the
data, | nd that commuting zones that were exposed to the declinen routine-cognitive jobs
saw a signi cant decline in employment and an increase in unemployment

Table 5: Interaction between the local decline in aggregate demand anxpesure to struc-
tural change in commuting zones.

Proxy for local decline in demand: Decline in net worth during crisis Increase in leverage befo re crisis
Change from Change from Change from Change from
2007 to 2010 2007 to 2013 2007 to 2010 2007 to 2013
@ @ (©)) 4 ®) 6) ™ ®
Panel A. Dependent variable: share of employment in routireagnitive jobs.
Local economy decline 0.011 0.006 0.018 0.037 0.010 0.006 0.008 0.008
(0.012) (0.015) (0.013) (0.019) (0.005) (0.004) (0.004) (0.005)
Share of routine jobs in non- -0.129 -0.112 -0.264 -0.283 -0.141 -0.119 -0.236 -0.276
manufacture (0.059) (0.037) (0.059) (0.053) (0.050) (0.042) (0.054) (0.051)
Routine non-manufacture -0.010 -0.006 -0.002 -0.002
Local economy decline (0.004) (0.003) (0.002) (0.001)
R-squared 0.15 0.17 0.23 0.25 0.12 0.13 0.21 0.22
Observations 365 365 365 365 606 606 606 606
Panel B. Dependent variable: non-manufacturing employmien
Local economy decline -0.050 -0.084 -0.016 -0.051 -0.016 -0.023 -0.010 -0.020
(0.019) (0.024) (0.024) (0.032) (0.005) (0.006) (0.007) (0.008)
Share of routine jobs in non- -0.294 -0.288 -0.167 -0.094 -0.293 -0.292 -0.166 -0.115
manufacture (0.056) (0.053) (0.072) (0.079) (0.041) (0.045) (0.058) (0.067)
Routine non-manufacture -0.005 -0.008 -0.001 -0.002
Local economy decline (0.002) (0.004) (0.001) (0.001)
R-squared 0.69 0.70 0.56 0.58 0.67 0.67 0.48 0.49
Observations 365 365 365 365 606 606 606 606
Panel C. Dependent variable: unemployment rate.
Local economy decline 0.060 0.085 0.034 0.039 0.018 0.022 0.011 0.011
(0.013) (0.015) (0.013) (0.017) (0.004) (0.005) (0.004) (0.004)
Share of routine jobs in non- 0.093 0.068 0.047 0.018 0.090 0.075 0.049 0.037
manufacture (0.035) (0.036) (0.034) (0.036) (0.026) (0.034) (0.030) (0.035)
Routine non-manufacture 0.004 0.004 0.001 0.001
Local economy decline (0.002) (0.002) (0.001) (0.001)
R-squared 0.64 0.65 0.58 0.59 0.58 0.58 0.54 0.54
Observations 365 365 365 365 606 606 606 606
Notes: The table presents estimates of both the dierential change in commuting zones that were more exposed to structural chan ge and their
interaction with the local decline in economic activity dur ing the Great Recession and the recovery (as indicated in the top rows). The dependent
variable is the change in the share of workers who were employ ed in routine-cognitive jobs (Panel A), the change in the non -manufacturing employment
rate (Panel B) and the unemployment rate (Panel C). In Column s 1 to 4 the decline in the net worth is a proxy for the decline in local economic
activity, while in Columns 5 to 8 the increase in leverage fro m 2002-2006 is the proxy. When estimating this equation, | al low the error term it
to be correlated within States and over time, and | compute st andard errors that are robust to this correlation structure and to heteroskedasticity.
Finally, employing a common practice in the literature, | we ight commuting zones by the size of their workforce in 2000.

In Panel A the dependent variable is the change in the share of emyheent in routine-
cognitive jobs. These models con rm that, in highly exposed areashe local decline in

35My estimates are smaller than Mian and Su's estimate of 1.9 percentge points, which they obtained at
the county level. Presumably, the di erences result from my level ¢ aggregation and the fact that | focus on
all non-manufacturing employment while they concentrate in employment in service jobs. Here, | focus on
non-manufacturing employment in order to exclude the highly tradable manufacturing sector, which should
not be a ected by the decline in local demand that DS; measures.
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economic activity caused a larger decline in the share of workers dayed in routine-cognitive
jobs. Column 2 shows this was the case from 2007 to 2010, and Calumshows this was
the case from 2007 to 2013. My interpretation of this nding is thatin the commuting

zones that experience the largest declines in economic activity, srestructured and stop
hiring workers for routine-cognitive jobs at a fast rate. This promted workers displaced from
routine-cognitive jobs to search for other jobs and exacerbatehe skill mismatch during the

crisis and the subsequent recovery.

In line with this interpretation, the estimates for in Column 2 of Panels B and C show
that local demand shocksamplied the e ects of structural change during the onset of the
Great Recession. Column 4 shows that the interactiopropagateddemand shocks over time,
so that their e ects lasted until the recovery. The interactions a quantitatively relevant. In
the average commuting zone, a 10 percentage point loss in net wodauses a .5 percentage
point decrease in employment. By 2013, the e ect would have alreadanished, suggesting
that on average the e ects of demand shocks are short lived. lomtrast, in a commuting zone
that is at the 90th percentile of exposure, a 10 percentage poinskin net worth causes a .75
percentage point decrease in employment. By 2013, the employrmeate would still be down
by .56 percentage points, which suggests that in markets a ectdaly structural change the
e ects of demand shocks are large and long lived. Panel C presergsults for unemployment,
which yield similar ndings.

| obtain similar results when | use the increase in leverage from 200® 2006 as a proxy
for the decline in economic activity in any given commuting zone durindhe Great Recession.
In the results, reported in Columns 5 to 8, | have a bigger sample o0& commuting zones.
The interaction coe cients are more sizable but less precise than foge.

4 Concluding remarks

This paper argues that economies fail to adjust properly when thieare a ected by a severe
skill mismatch. Plausible matching frictions that limit the ability of rms t o direct their
search e orts can have large aggregate e ects when the mismiatis severe. Using U.S. data
and through a study of the decline of routine-cognitive jobs, | ndsupport for the aggregate
implications of these externalities, which operate at the commutingene level.

Under the lens of my model, the external e ects of structural cdnge identi ed at the
commuting-zone level constitute an externality, and this opens oon for a wide range of
temporary policies during periods of skill mismatch, especially duringecessions, when the
e ects of structural change are likely to concentrate. Though memployment is structural,
policies aimed at increasing demand or government expenditure dugithe initial stages of a
recession can increase welfare by raising the returns to skill updag during the recovery and
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by avoiding the fast closure of old jobs during the crisis. Subsidizingaining temporary can
ease the adjustment of the economy, increase welfare and rezlisome of the unemployment
observed during the current recovery.

Behind the job creation externality is a key assumption: rms cannoperfectly direct their
search e orts. If this was not the case, the search behavior ohskilled workers would not
a ect matching opportunities for skilled workers, which seems like aestrictive requirement.
| believe that the random matching assumption is plausible, but whetr this assumption
holds remains an empirical question. My data supports the aggragaimplications of this
mechanism, but to evaluate this more fully additional micro-evidences needed.

| plan to complement my evidence for local labor markets with a micrgo@roach that is de-
signed to understand how rms change their hiring patterns whenhiey face a skill mismatch,
whether their response varies during recessions, and whether ic@nsistent with the predic-
tions of models of random matching. An extension of my model thatlaws rms to direct
their search e orts based on multiple signals suggests that when lalsmismatch occurs, rms
focus most of their recruiting e orts on candidates who projecttie best (but scarce) signals.
At the same time they devote few resources to hiring and training mecandidates who have
little experience or quali cations. This shift in hiring practices can a et the rate at which
workers nd jobs and rms |l their vacancies. In future researd | will study these issues in
more detail through analyses of proprietary data on job openingwhich include detailed job
characteristics, requirements and a description of the tasks pemmed by employees.

In recent years some of these phenomena have a ected routicagnitive jobs. These jobs,
which formerly demanded few requirements, are professionalizirepd rms now routinely
ask for additional requirements and credentials. The increase inguwirements partly re ects
changes in supply (see Modestino, Shoag and Ballance, 2015) andhi& away from routine-
cognitive tasks. That said, a report by Burning Glass Technologiesdicates that although
in recent years 65% of the current job openings for executive sstaries call for a bachelor's
degree, only 19% of those currently employed in these jobs satisfys requirement. The
report also argues that, in some cases, the formal requiremedts not correspond to observed
changes in tasks performed by workers. For some rms the regaments might serve as
restrictive recruiting lters that exclude suitable matches and redce the rate at which rms
Il vacancies . My model views these hiring practices unfavorablyesing them as ine cient
bottlenecks for the reallocation of displaced workers and the ctemn and discovery of new
talent.

At the macro level, my model and empirical evidence suggest thatdte is value to a
perspective that regards recessions as times of adjustment aedrganization. Once we adopt
this view, the usual distinction between structural and businessycle phenomena blurs and
the two become intricately related. The interaction between struaral factors and business
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cycles can be a useful addition to models of search unemploymenty ®Vidence suggests that
the interactions can be quantitatively signi cant and go a long way twards explaining the

propagation of otherwise short-lived demand shocks. The possihiliof an interaction raises

guestions about policy and crisis management during periods of sttural change as well as
the timing of adjustments. | intend to address these questions imture work.
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Al Theory Appendix

The Theory Appendix has the following structure. First, | describeéhe details of the behavior
for the state variables and the Bellman equations. Second, | dissusome special conditions
that guarantee the existence and uniqueness of the equilibrium fire general case in which
a; take any positive values. In this subsection | also characterize tlasymptotic behavior of
the economy and provide general lemmas that | will use throughotthe appendix. Third, |
provide the details of the limit in whicha; !'1 , and provide conditions for the uniqueness
of an equilibrium. In this subsection | also provide the proof of Progsition 2, and comparative
statics results for the e ects ofz; x;1; on the nding rates and reservation wages. Fourth,

| provide the details of the proof for Proposition 3, 4 and 5. Finally, derive the constraint
e cient allocation in the general case in whicha; take any positive values.

Al.1 Derivation of state variables and Bellman equations:

Derivation of the state variables behavior. The state variables of the model include
the share of skilled workers, the number of skilled unemployment workersis, the number
of skilled unemployment workersu,, and the number of workers of each type employed in
di erent jobs qk wherek indexes the task performed ang the type of worker.

The behavior of unemployment for both groups is given by:

x  (FCH+@ ) F(Ius+ uy

D+ 5@ D+

Us

@ )

w= (1 x) 151

|
r o
1+ f(u)+mf(u) U, Uy

Using these expressions, | can calculate the behavior of the undayment rate, u, and
the share of skilled workers among the unemployed as:

u= (1 u ufg ul@ Hfy;
=1 ) (f, fo+ X

with f4 andf, de ned in equation (3) in the main text. To save on notation, these expressions

+(1 ),

assume all matches produce a positive surplus and are always fodmén the general case,
when the surplus of a job is negative or zero, rms and workers Bzt these matches.
The behavior employment counts in each job is given by

= f(Hu eg el =

fFCu@ ) eg

1+1
d=rrr (@ OfCu@ ) (e =1 ) f(Du el
=T f(ua ) el g=f(Oua ) el (A

Al



Derivation of the state variables behavior. | now derive the Bellman equation for
the surplus of a match. Denote bij" the rm surplus and Ejk the worker surplus. These
surpluses are given by the Bellman equations:

3¢ =z w Jf rEf Ef=w+ (U Ef): (A2)

Here, z¥ is the ow value of the match production (equal toz(t) and adjusted by workers'
productivity if needed). Also J j" and (Y Ej") are the losses incurred by the rm and
worker in the event that the match separates (recall that the m outside option is set to zero
by free entry).

Nash bargaining implies that J ¢ = (1 NEF U), and 1 =(1 NEF W)
Multiplying the rst expression in equation (A2) by , the second by (1 ), and subtracting
them yields the following formula for the wage rate:

W= zF+@ )Y W)

Plugging the wage in the equation for]]-‘f yields:
h [
(r+ )3 X=1 )z (U ) :

Nash bargaining implies thatJjk =(1 )SJ-". Therefore, we obtain:
(r+ )Sf sk=z¢ (1y; U);

which is the expression used in the main text.
In the case of stepping-stone jobs, the derivation is dierent siecl have to take into
account the gains from training. In this case:

My o=z, w, Ji+ (38 3y
ey En=wi+ (U E)N+ (B! E): (A3)

Here, z, is the ow value of the match production, z(t) ' d, adjusted by workers'
productivity and training costs. J | and (U, E) are the losses on the rm and worker,
respectively, in the event that the match is exogenously separate (J! J!\)and (E!} E|)
are the gains on the rm and worker, respectively, in the event thahe worker becomes skilled.

Nash bargaining implies that J | = (1 YE! Uy, and 1! = (1 WE!,  Wy).
Multiplying the rst expression in equation (A3) by , the second by (1 ), and subtracting
them yields the wage:

wo= zy+(@ o )y W) @) (Us W)

This equation shows that, as mentioned in the text, workers willingres to acquire skills re ects
in lower wages at stepping-stone jobs (see Becker, 1964).
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Plugging the wage in the equation fod! yields:
h [
(r+ )J, L=2 )z (@Y )+ (Us U) + @ JI):

Nash bargaining implies thatJ! = (1 )S!,. Therefore, we obtain:
(r+ )S, Si=z, (U, W)+ (S shH+ Us U:

The expression presented in the main text incorporates the slightwmation that the worker
and the rm have the option value of not incurring in training costs if it is not pro table:

(r+ )S,=1z(t) o +maxf d+ (U U)+ (S S);09 (U, U+ Sy

Minimal set of state variables required to compute equilibr ium. In the main text,
| de ne the equilibrium based on fewer state variables than the settimduced above. The rea-
son for doing that is that the equilibrium admits a recursive structue in which surpluses and

[the share of skilled workers among the unemployed|determine tightness, tightness deter-

mines workers reservation wages and this feeds back into the dug Unlike the traditional
search model, the fact that a ects tightness|see equation (8) in the main text|implies that
to determine the path for surplus and tightness we have to keepaitk of their joint behavior
with

To characterize the behavior of , | need to keep track ofx;u;l ands. As equation @)
shows, the behavior of these variables only depend on tightnessdaheir current values, so
| can determine the equilibrium by focusing on this subset of the statvariables. This is the
minimal set of state variables required to characterize labor markéghtness.

Al.2 Properties of the equilibrium and steady state behavio r

Steady-state behavior of the economy.

Proof of proposition 1. The equation forx _shows thatx converges monotonically to
1. Thus, in any steady state we have(t) ! 1. Moreover, the exogenous behavior o{t)
implies1(t) ! 0 by assumption.

For x(t) =1 and I (t) = 0, the equilibrium conditions for the steady state are given by:

z w z W,
Sg = S; Sr — S;
r+ r+
z g w z W,
SS = q u; Sr — u,
r+ r+
|
o = 2 W g = Z g w,+maxf g+ g
u r+ ! u r+ ’
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with wg;w, the reservation wage of skilled and unskilled workers respectivelynda =

U, U, the incentives to acquire skills. Moreover, the reservation wagestisfy:

S

W = rUg =b+ f (J)maxfSy;0g+(1 ) f (5)maxfS; ;0g;
rU,=b+ [f (2)maxfS" ;0g+(1 )f (! )ImaxfS, ;0g]

+@2 ) f(,)maxfS] ;0g+

S

Wy

These formulas imply thatS! = S{ = S,. Moreover, sincex(t) = 1, we have that in
steady state "=1and ! = { = . The equilibrium surplusS, and . are therefore equal
to what one would obtain in the traditional search and matching modewith homogeneous
workers and jobs, and given by:

r+ + o )
1 1 b= u=——_——:
¢ D=0 1)
Although there are no unskilled workers in steady state, we can cpote |, and ! for
completeness. We have tha®, = S| (w,); | = !(w,) are implicit and decreasing functions

of w,. The same holds forS], Si(w,); [ = l(w,) and S] = S{(w,). Plugging these

expressions in the equation fow, we obtain

w, = rU, = b+ [f (maxfSi(w,);0g+ (1 )f (y(w,))lmaxfS,(w,);Ogl:

u u

Since the left-hand side is increasing iw, while the right hand side decreases, this equation
de nes a unique steady-state value fow,. This reservation wage determines the steady-state
tightness and surplus for jobs employing unskilled workers.

Dynamic equilibrium in the general case in which a, take any value.

Proposition A1 There exists a threshold 2 [0;1] such that, for —, the equilibrium
exists and is unique.

Proof. Consider the limit case in which ! 0. In this case, we have thatvs;w, ! b
Sincews; w, are pinned down by the value of leisure, the surpluses of di erenths and
the tightness become jump variables, which do not depend on thetpaof future wages and
only depend on the current value og(t).
In particular, the surpluses are given by

s =202 s =202
Su(t) = —Z(t)r +qn b; Su(t) = Zﬁtl b;
So(t) = Ziti b; S (t) = W;

A4



And the tightness for di erent jobs is given by the free entry-coditions, which only depend
onz(t) and (t).

That this is the unique solution for surpluses and tightness followsdm the same argument
presented in Pissarides (1985). Other values imply an explosive beioa for tightness and
surpluses. Thus, there is a unique equilibrium path for nding rategjghtness, value functions
and reservation wages. Since all equations and maps determiningpduses and tightness are
continuous in , these results extent to 2 [0; ].

The tightness at di erent jobs and the exogenous decline ih(t) imply a unique and
deterministic path for the nding rates, f(t) and f(t). Thus, the steady state behavior is
pinned down by the solution to the boundary problem:

x=u@ (1);
u= (1 u() u) @OF) u®@  @)Fu(t);
o oo o PeBea o
coupled with an initial condition for x(0); u(0); (0). =
Remark: Though the proof of the rst numeral relies on the limit case ! 0, and

does not provide any intuition of what values of lead to a unique equilibrium, the following
subsection provides a tighter characterization of this threshold ithe empirical relevant case
in which gross ows are large.

Remark 2: The key simpli cation in the proposition is that ws; w, do not change over time
and converge rapidly to their steady state values. In the generaase, the change over time of
both reservation wages introduces additional complications and ilome cases multiplicities.

Additional properties of the transition in the general case

Lemma Al In any equilibrium, we haveS{ > S at all points in time.

Proof. | rst prove this is the case in steady state. Suppose by way of ctvadiction that
St S0.SinceS, ST andS, ST, we have thatS! ;S ;S! n =gl

S

Since unskilled workers would produce a higher surplus at all jobs, wavew, w,. But
thenS? = Z¥s > 24 W = gn which yields a contradiction.

r+ r+

Now, | prove the same holds along the transition. In particular, | ppve that if SJ(T)
S{(T) for someT, we haveS](t) < S[(t) for all t > T . However, this contradicts the fact
that in steady state we haveS{ >S| .

SupposeSI(T)  SI(T). We have that S|(T)  ST(T) since stepping-stone jobs have
the additional option value of actually training workers. We also havéhat S/ (T) = S3(T) >
S[(T), since the opportunity cost of workers is the same in all these jspbut unskilled
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workers are more productive at regular and old jobs. Thereford, SI(T) S{(T), we have
SU(T); SU(T): SH(T); SH(T) - S§(T) = SY(T):

The equation forwg(T) and wy(T) imply that w,(T)  wgs(T). Plugging this inequality in
the Bellman equation forS?(t) and S} (t) at time T shows that the inequalityS](T) S{(T)
can only hold if S{(T) > SI(T). However, this implies thatS? (t) appreciates more tharS? (t)
over time, and sinceS](T) SI(T), we haveS](t) < S/ (t) for all t > T , which yields the
desired contradiction. m

Al.3 Details of the limit when a, '1

Formal description of the limit. | start by characterizing the equilibrium conditions in
this limit case.

Denef@=f=,® =1f,= andf®( )=f()=,¢ )=q( )=".
Taking the limit !'1 , we obtain that the behavior of the state variables converges to:

x=s+ u(l ) 0=f1 u uf® uad )E;

1 &Y 0o=(1 ) (& ®&)+¢©

X

1+ |
L= 1 (1): (A4)

This follows by noting that the right-hand side of the equations fou;__and s explode oth-
erwise. A complementary intuition for this limit is that these stock varables converge to the
stocks determined by current nding and separation rates at a ta of the order of @+ )
over time.

Rearranging the equations in A4) yields the system in equation 9) that determines the
behavior of ;s;u in terms of the nding rates and the share of skilled workers in the eaomy.

To compute the equilibrium tightness, de ne the normalized surplusslim |, Sjk = S
The normalized surpluses are given by

Z 1
é,-"(t)=li!r1n t e ()0 Yhk( )d
k Zl (r+® X )dhjk
= i h¥(t) + r+ H_ 0
I!E.n r+e J() r+e t € dt()d
0)
=

with h}‘(t) given by the right-hand side of the ow value of a match. The secahline uses
integration by parts. This line does not not requireh}‘(t) to be di erentiable, but simply to

. dhk . . __dhk
have a representation of the formn}‘(t) = ; —-( )d for some integrable function—-.
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Thus, normalized surpluses are well de ned (without the normalizatin, the surplus con-
verges to zero) and given by the solution to the static system:

n Z(t) WS r Z(t) WS

Ss = ' s = '
e e

no zZ(t) gt owy e HOBRY

S = : S = ,
e e

n |
- z(t)e Wu’ gL _ z(t) g Wy +emaxf q+ g; (A5)

with ws; wy the reservation wage of skilled and unskilled workers respectivelyjdh = Us Uy,

the incentives to acquire skills.
The reservation wages are well de ned in the limit, and are given by

ws=b+ & J)maxfS];0g+(1 ) & ;)maxf$E;;0g;
Nmaxf§7;0g+ (1 ) ) maxf s, ;0q]

w, =b+

+11+I & [)maxf §; 0g + II & J)maxf§;09+ (AB)

Finally, the normalized surpluses and " determine the equilibrium tightness as:
& )1 )Es[maxf$;0gjk;j]: (A7)

These equations mimic those obtained for the steady state, with ¢hdi erence that x
(or more precisely ") and | are moving in the background and shifting all the equilibrium
variables. In particular, z; x; 1; implicitly determine all equilibrium objects in the model as
the solution to the system of equations given byA4, A5, A6, A7). | refer to the corresponding
values of surpluses, tightness and reservation wages as itl&tantaneous equilibrium

Properties of the instantaneous equilibrium.

| start by proving the existence af an instantaneous equilibrium.

Proposition A2  For a set of given values og;x;; 0, and d > 7, for a positive
thresholdqg, there exists at least one instantaneous equilibrium.

Proof. For a xed set of valuesz;x;I; 0, | dene a mapping T from J, ws;w, as

follows:
1. 0, ws;w, determinefq ) and the surplus of all jobs mak$¥; Og.
2. The surpluses determine the nding rates at jobs other than nel ones:19j<.

3. The nding rates 19< and & 1) determine the total nding rates of workers: f& and f§,.
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4. The nding rates determine the share of unskilled workers amortigose that are searching
for novel jobs:

F @)
e
@ =a o0 R (A8)

5. Tp( &;ws; W) is de ned as the implied job creation in novel jobs, given the expead
quality of matches determined by " and the surpluses maiS"; 0g > maxf §]; 0g. That
is:

n
y Ws+(1 r])z q wy

=q(To( siwswy)) " A

(A9)

6. The mapping for reservation wages is de ned as the implied value sdarching, which is
given by:

zZ Ws
e

Tu (&1 Wsiwy) = b+ f () 1) M@z w);

maxtz " Wu;Og+1 + 1
e 1+1

Tw, (23 Ws;W,) = b+ f (s M(z wy)

1+1

+ 1 IYM((z d+maxf d+ ;09 w,)+

1+
(A10)

Here, for each job performed by workey 2 f s;ug at task of type k 2 fn;r;l;0gq, |
denote byM zjk w; the expected surplus obtained in these jobs, which includes the
probability of nding the job. This expected surplus is given byf& jk) maxf §<; 0g, which
depends solely ozt w;.

An instantaneous equilibrium corresponds to a xed point of this mapT, ( J;ws; W,) =
Ws, Tw, ( ¢;Ws;Wy) = Wy, and Ta( &;Ws;Wy) = ¢. | now prove such a xed point exists.
The mapping T is continuous. Since surpluses are bounded and non-negative, itpaahe
compact set [0 ] [b;M(z)+ ] ?into itself. Thus, Brouwer's xed-point theorem implies
that there exists a xed point of this mapping, as wanted m

| now provide conditions for the unicity of an equilibrium. To simplify my rotation, let
be the vector of current values og; x; 1; . | also assume 0 as in the main text. | present
an equivalent construction of the equilibrium mapping that allows me tgrove the unicity
of a xed point under certain conditions. Takingws;w,; as given, | de ne the tightness in
novel jobs {(ws;wy; ) implicitly as the interception of equation ( A8)|which determines the
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average quality of the matching pool in novel jobs|and the equation (A9)|which determines
the creation of novel jobs for a given expected quality and surples.

The following lemma provides a condition which | use to prove that{(ws;wy; ) is
uniquely de ned.

Lemma A2 For all values of ;ws;w,, such thatws w, andz ws "> 0, we have that:
1 1 x
< :
1+1 X

Proof. Becausews w, We have thatf® = & > € > . This implies that & > &, in

the worst case in which, = 0. That is, unskilled workers can guarantee to nd jobs at least
at the rate at which they mimic skilled workers.

Therefore:
e er B+(1 )R

R R I e e

+ 1§ e+mies
<1 X &+ (1 )mfes

7%
1 I
=1 x) + )“':

1+1

The rst inequality follows from the fact that &€ > —f&. The second one follows by noting

1+1°S

that & + (1 )& > 7. The last line follows after canceling the term in the

numerator and denominator.
Rearranging the last expression yields—— < 1% as wanted m

1+1 X
Using this lemma, | now prove that J(ws;w,; ) is uniquely de ned.

Lemma A3 For ws w,, the tightness {(ws; wy; ) is unique. Moreover, J(ws;w,; ) and
& D(ws;wWy; )) increase withx; I;

Proof. Equation (A9) de nes an increasing locus between] and " inthe ( "; ) space,
which | refer to as the job-creation locus. This follows from LemmaAl, which implies that

zw5>zqn Wy
e e .

Equations (A8) determine a decreasing locus betweer and {|which re ects the intu-
itive fact that when tightness in novel jobs increases, skilled wonkge nd jobs faster and there
are fewer skilled workers among the unemployed searching for rige®s. | refer to this curve
as the quality locus.

To show that this locus is decreasing, is equivalent to the claim that aincrease inf@|
the nding rate of workers in novel jobs| reduces for xed values of wg;w,;z;x;1;U. If
z ws Q"< 0, the increase inf raisesfs and does not aectf,. Therefore, and "
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increase in the last two equations ofA8) as wanted. Ifz ws " > 0, lemmaA2 applies
(recall that ws  w,). The increase inf® raisesfs by and f, by 7+ Therefore, in the
last two equations of A8), we have that falls byd = 1X—X 1—m gdl!<0and "
falls as well, which proofs these equations describe a downward slgpiacus, as depicted in
Figure Al.

Figure ALl: Quality locus (equation A8) and job-creation locus (equationA9).

To nalize, notice that for " =0 we havefl 0 in the job-creation locus. The quality
locus crosse$] =0 at " 2 (0;1). Therefore, atf{ = 0, the job-creation locus is above the
quality locus. Asfl 'l | the quality locus converges to " = 0. Thus, both loci cross at a
unique point that determines unique values forg (ws; wy; ) and " (ws; Wy; ).

Moreover, an increase irx, and | shift the quality locus upwards, which implies that
both "(ws;wy; ) and Q(ws;w,; ) increase in x, and | for xed values of wg;w,. The
same comparative statics applies fdf( J(ws;wy; ) =

| denote the resulting nding rate in novel jobs as® (wg; wy; ) = & 2 (ws; wy; )), which
increases irx;l; . The eectof x;l; through capture the indirect e ect of these variables
through changes of the composition of workers that are searchifor jobs|shifts in the quality
locus. In my model, these indirect e ects correspond to the exteto which di erent variables
exacerbate or attenuate the skill mismatch.

The next proposition provides conditions for the uniqueness of thastantaneous equilib-
rium as a function of ¢; x;1; ).

Proposition A3 There exists a positive threshold such that, if > g and @@("57&;““;)
is uniformly bounded above by 1, the instantaneous equililon is unique.
Proof. | setqas the threshold for whichq q'+ws W, if d > qg(this threshold exists
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sincews W, is bounded across all possible instantaneous equilibria). Thus, thendition
d > gguaranteesS, S!, and thereforews w, in any instantaneous equilibria.

Therefore, to nd an instantaneous equilibrium, | may restrict to mirs (ws; w,) such that
Ws  w,. Forany such pair, the functionf® (ws; wy; ) is well de ned. Thus, the instantaneous
equilibrium is fully determined by a pair of reservation wagews w,, which solve the xed
point problem:

zZ W
Ts(Ws; Wy) = b+ f 2(wg;wy; ) 5 *+(1 ) M (z w);

maxtz o Wu;Og+1 + 1

Tu(ws; Wy) = b+ e 1+ 1

fod(ws;wy; )

141 Mz w)

+ 1 IYM(z d+maxf d+ ;09 w); (A11)

1+
with Tgs(ws; wy) and T, (ws; w,) a continuous mapping which has at least one xed point, and
such that all xed points satisfy ws  w,.

| now prove that a solution to the previous system is unique when % is uni-
formly bounded above by 1.

The function f ' (ws; w,; ) declines in w, for two reasons: rst, w, reduces the surplus
§). Second,w, reducesf, which increases " (see equation9). Instead, f [ (ws; w,; ) may
increase or decrease s depending on how much do changes s shift the quality and job-
creation locus. Given my assumption on @E(V‘ési;v‘g”“;), the curve forws in equation (A11)
describes a decreasing locus on the w,) space, as shown in Figur&2, while the curve for

w, describes another locus on theag; w,) space (which may be decreasing or increasing).

Figure A2: Loci for the xed points of the map in equation (A3).

Suppose there are two equilibriavgl; wl) and (w2;w?2), with wl < w2 without lost of
generality. Since the locus determined by the equation favs is decreasing, we must have
wi>wz.

All



First, assume thatz > q" + w}, so that all matches are formed in both equilibria. We have
that:
we 1) Mz wy

z wi
e

=8 (wh;wy; )

W, S M @z demaxt g+ 09 w) LM (2 w)

z g0 w
1+1 e

(A12)

with the left-hand side and the right-hand side, two increasing futions of w. and w/,,
respectively. Sincew! < w2, but w! > w2, both equalities cannot hold simultaneously for
i =1;2. This contradiction shows that there is a unique equilibrium.

Now, suppose thatz < q" + wl. This implies that

wi=b+ ——(@1 YM (z " +maxf d+ wl: 0g) + 1+ 1y (z wi)+
u 1+ o 1+1 !
<b+ — I 1 IYM(z o +maxf d+ w2; Og) + % M(z wd)+
n2. 2.y Mz d' wgiog
<b+ 1+| f S(WS'WU' e
+ 1 IYM(z o +maxf d+ w2; 0g) + i1 +1 M (z w2+
1+1 u 1+ 1 u
= w2

This contradicts the fact that wl > w2 and proves that there is only one equilibrium. m

Remark: The bound on @?(Ws;g)u

ities are weak. One can guarantee it in a number of ways. In particulahere are thresholds

zxli) < 1 js akin to assuming that complementar-

such that for < , or for < —, the condition holds. Numerically, this condition is not
too demanding, and for the parameters used in the calibration of myodel the condition
holds when = 0:5 for all values of . In the following propositions | provide a sharper
characterization forg, which is the one | used in the main text.

Al.4 Comparative statics for the instantaneous equilibriu m.

| now provide comparative statics for the behavior of the instantaeous equilibrium. | con-
centrate in the case in whichg > g, and % is uniformly bounded above by 1, so
that the equilibrium is unique.

Let ws( ;z;x;l; ) and wy( ;z;x;1; ) be the reservation wages in the instantaneous
equilibrium which solve the xed point problem given by equation A11). Here, | introduce the
argument to separate the e ect of all variables throughf(w.; w!; )|the e ects through
the quality of matches and the job creation externality|[from the d irect e ects on the surpluses
and matching rates. Likewise, denote bf/s( ;z;x;1; )and fy( ;z;x;l; ) the nding rates

for both workers.
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To save on notation | assume that the unique equilibrium is such thatllasurpluses are
positive and all matches are formed, as is the case in my numericakrise. All the results
generalize to the case in which some matches are not formed with dnmaodi cations of the
arguments that | present below.

Proposition A4  Supposed > g and @%57&:““?)

that the equilibrium is unique. There exist thresholds and  such that the instantaneous

is uniformly bounded above by 1, so

equilibrium satis es the following properties:

1. Consider a change in from jto ; such thatf(wi;wi; ;) >f Mwi;wi; 1). Then,
ws; Wy; fs;fy andws  wy increase. As a corollary, it follows that the external e ecof
x;I;  through " is to increasews;w,;fs;fy, andws  wy.

2. w, increases inl and . Moreover, if < —, we have thatw, Wws increases inl and

3. If < and < ~we have that both nding ratess;f, increase inl and . Moreover,
" f2 and ws also increase inl and

Proof of Numeral 1: Notice that the increase inf[(ws;wy; ) shifts the loci for
Ts(wWs; Wy) = ws and Ty (ws; Wy) = w, upwards and to the right in Figure A2. Since the locus
for Ts(ws; Wy) = Ws is a decreasing curve, the new equilibrium must involve an increasewg
or an increase inw,, or both. However, equation A12) implies that both reservation wages
must move in the same direction, which implies that bottws and w, increase, and so does
f & (ws;wy; ).

In addition, since the left hand side of equationA12) is less steep than the right hand
side|which re ects the di erent frequencies with which workers match with novel jobs and
the wage they obtain| ws increases more thamv,, as wanted.

| now prove that both nding rates increase. As claimed abovd,(ws; w,; ) increases.
Moreover, due to the increase in reservation wages, the surplustained by skilled workers,

which is given by S = 8§ = 2% decreases.

Suppose by way of contradiction thatf s decreases. If this were the case and sinag =

b+ f &2, ws would decline, which contradicts the fact thatws increases. This contradiction

e
implies f ¢ increases.

. n |
For unskilled workers we have that the surpluse§? = 2% & @l = 2z W dtmaxf qd+ g

and § = 8§ = 2 decrease due to the increase in the reservation wage,
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Let w, increase fromw! to w2, and denote byiej‘() the resulting nding rates. We have:

W=7 2)Lewﬁ+(1 ©( )T Wﬁ”gaxf d+ g
Pl et e
vy ﬁLeWh(l g 2 WﬁJ’Z‘aXf d+ g
Pl gt
e ﬂwﬂl Ll WSJ’Z“"‘X“ d+ g
e e (B

The rst inequality uses the fact that w2 > wl, and the second uses the decline in surpluses
as we move from ;to .

The last inequality implies that:

() B >®@ ) B L3 “(ﬁ( O

G 2emy meanty
The rst line follows from rearranging the previous inequalities. Theexond line follows from
the fact that S is smaller than the surplus obtained by unskilled workers in all other ps.

This inequality implies that f, increases after rearranging it

Proof of Numeral 2: Sinced > g, we have that§] € < § = &

Therefore, for xed values ofws; w,, an increase inl shifts the locus forw, = Ts(ws; W)
to the right. Through its e ect on , it also shifts the locus for w, = Tg(ws; W) upwards.
This implies that at least one amongws; w, increases.

Supposew;s increases butw, declines. The equationA12 implies that fJ'(ws;wy; ) in-
creases. Sincey, is given by

>®R( ) B )

_ smaxfz ' w09 1 + |
Wa =b+ 77 s e T

M(z wy)

1 IM(z d+maxf d+ ;09 w)+

My
and the increase in shifts the right-hand side upwards (includingf ('), w, increases as well.
This implies that w, always increases.

Likewise, for xed values ofws;w,, an increase in shifts the locus forw, = Ts(ws; W)
to the right. Through its e ect on , it also shifts the locus for w, = Tg(ws; W) upwards.
This implies that at least one amongws; W, increases. Using the same argument as above, |
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can discard a situation in whichwg increases butw, declines, which implies thatw, always
increases.

The threshold ™> 0 is de ned by noting that, as ! 0, the e ect of both | and on
Ws converges to zero, while the e ect of both and on w, remains positive and bounded
away from zero. Therefore, there exists a threshoid that guarantees that the direct e ects
of | and on w, dominate andw, Wws increases in;

Proof of Numeral 3: The nding rate for unskilled workers is given by
1 + |
— n | r.
v S L P I

which already takes into account the fact thatf | = f 2.
The e ect of a change inl on the nding rate can be written as:

flof0dl+ ——@ (L fhydl+ :

u ERIE d £+ 0():

4= 7512 y

Here, the term O( ) stands for the change inws and w,, which are of the same order of
magnitude as .

The condition d > gguarantees that§] & < & & = §°. This implies that f| >f [
andf| >f .

These inequalities show that the termg1yz (f, fHdl + W(l )(EL fl)dl in the
expression fordf, above is positive.

Turning to d , we have that

1 1 x
d /—du X ds
1 1 X 0
B 1+ X ds
1
vy (0 1D+ @ O f) di+o():

Thus, if &l < 0, we would have thatd > 0. But this impliesd " > 0 and we can write
dl=Ad "+0O( ),andds= A d "+O( )with A> 0 given by the slope of the job-creation
locus. If, on the other hand, we hadf > 0, we would still haved's = d + O( ).

In either case, the expressions faf,, of ' and df s imply that there exists a threshold > 0
such that, for < , arise inl increasesf,;fs and fl. Finally, since in this case the rise
in | increasest ', equation (A12) implies that ws increases as well. The only way in which
fJ may increase while both reservation wageg, and w,, are larger, is if the composition [
improves.

Turning to the e ect of an increase in , we can write:

- n I .
du—mds’Lm(l ), + O( ):
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Here,d! > 0 due to the increase in , whileO( ) takes into account the decline irf due to
the increase in reservation wages.
Turning to d , we have that

d /X g, 1 Xq.

1 1 x a1 | )
- 1+ 1 X de+ 1+ A+ o0

Thus, if o] < 0 we would have thatd > 0. But this impliesd " > 0 and we can write
dl=Ad "+0O( ),andds= A d "+O( )with A> 0 given by the slope of the job-creation
locus. If, on the other hand, we hadf > 0, we would still haved's = d + O( ).

In either case, the expressions faf,, of ' and df s imply that there exists a threshold > 0
such that, for < , arise in increasesf,;fs and fo. Finally, since in this case the rise
in increases f[, equation (A12) implies that ws increases as well. The only way in which
f may increase while both reservation wageg, and w,, are larger, is if the composition [
improves, as wanted

Remarks: The threshold™ bounds the job creation externality. It guarantees that shocks
a ecting the surplus of unskilled workers (reductions in or ) increase their incentives to
become skilled. This regularity condition guarantees the saddle pastability of the system
as | show below. In the main text, this condition is used to guarantethe uniqueness of the
instantaneous equilibrium and this regularity condition that leads to he saddle path stability.

The condition <  guarantees two things. First, it guarantees that increases in the
surplus of one particular type of job do not reduce workers' ndig rates. This counter-
intuitive e ect would result if, due to the increase in unskilled workersreservation wage
rms created less of other jobs and this resulted in a net decline in wers' nding rates.
Second, the condition guarantees that, when unskilled workerseadisplaced from old jobs
or few stepping-stone jobs are created, they reduce the exgetsurplus of job creation for
rms that are posting novel jobs. This could fail to be the case if, de to the decline in their
reservation wage, the abundant number of unskilled workers bewsa more pro table matches
in novel jobs than before. The condition <  keeps unskilled workers' reservation wage from
falling that much, so that the net e ect of an in ow of displaced worlers that are searching
for novel jobs causes a reduction in job creation. | used this catidn to guarantee that an
improvement in the quality of potential matches,d " > 0, is associated with the creation of
more novel jobs.

The thresholds are not restrictive in my numerical exercise. In myaibration of the model,
the instantaneous equilibrium is unique andv, Wws is increasing in and | for any value
of 2 [0;1]. Moreover, in my baseline calibration, one can have values foras high as

= 0:9,for which | and increase both workers nding rates and reservation wagesThus,
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these conditions are not demanding numerically, but are required r@eptually.

Al.5 Proofs of the propositions 2-6.

The previous results allow me to prove the following generalization oféposition 2 presented
in the main text:

Proposition A5 Suppose we are in the limit case in which; !'1 . Moreover, assume
< ~—andd > g We have that:

1. The current values ofz; x;I; uniquely determine all equilibrium objects.

2. The equilibrium behavior ofx;I;  boils down to the system of equations:

D LEON

e+1eu

x=(1 x) ; =r Wy W = (O

coupled with an initial condition for x(0); I (0).
3. Near the unique steady state, the equilibrium is saddlatip stable.
4. The system is globally saddle path stable, witht) increasing monotonically to

5. The thresholdg is de ned explicitly as the one that guaranteeg= (r + ) q.

Proof. Numerals 1 and 2 follow from the results presented above on the uty@nd existence
of the instantaneous equilibrium. The equilibrium behavior ok;1; follows from rearranging
equation (A4).

For numeral 3, we have that the behavior of the system can be apgimated linearly
around the steady state as (variables with an asterisk denote tinesteady state levels):

N (S PR
L= (0 1)
@y @Qw @w @w
@x ax X Te! DT rrg )

The reason why there is no eect ol; on x is because around the steady we hawe =1
and these e ects are second order. Likewisk,has no e ect onwg near the steady state.
Locally, the system is recursive, withx and | converging monotonically to their steady
state values at xed rates, and uniquely determined by forward irtegration over the resulting
paths. To con rm this, notice that the linear system has two negave eigenvalues given by
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" w + | and , and a positive one given byr + %—V“ . Since the system has
two state variables and a forward looking variable, it is locally saddle gastable.

To extend this result outside a neighborhood of the steady stateptice that 1 ! 0 and
x ! 1 always, which implies the global stability of the steady state.

| now turn to an analysis of the transitional dynamics. The equatioffior X implies that x(t)
increases monotonically and converges to 1. The equation faimplies that | (t) decreases
monotonically and converges to zero.

Consider the equilibrium whenz(t) = 18t and | (t) = 0. The equation for _implies that as
time goes byx increases andv, Wws declines (see Propositio®4). Also, as increases, and
since < —, we have thatw, ws increases. Therefore, | can write the di erential equation
for as = h( ;t),with h > 0andh; < 0.

The same holds wherz(t) = 18t but we also havel (t) > 0. In this case, and since< —
and d > 1, we have that the decline inl (t) over time reduceswv, Wws. Thus, in this case we
also have that = h( ;t), with h > 0 andh; < 0.

The steady state value for (t) satises limy; h( ;t) = 0. Suppose that along the
transition ( T) . Thenh(( T);T)>h( ;t)=0, whichimplies £ T) > 0. Thus, for all
t>T we have (t) > and (t) > 0 so that ( t) is increasing, which contradicts the fact
that in the unique steady state we always have lim ( t) = . This contradiction implies
that ( t) < along the transition.

Now, suppose thath(( T);T) < 0. Then (t) < (T)fort 2 (T;T + ), for some

> 0. | claim that in this case (t) declines fort T. To prove it, suppose that it
does not. Then there is a timeT®> T in which h(( T9;T9 = 0 but h(( t);t) < 0 for
t2 [T;TY. We have that (t) > ( T fort 2 [T;TY by the election of T% But this implies
0>h((t);t)>h(( TY;TY =0, a contradiction. This implies that ( t) declines fort T,
but then limy; (t) 6 . This contradiction implies my initial supposition is false, and we
have h( ( t);t) > 0 for all t, which implies that ( t) increases monotonically until it reaches
its steady state level.

| now prove the nal numeral of the proposition. Ifg > (r + ) g', we have that
qd> (t)+ws w, . Thisinequality uses the fact that (t)yandr Ws W,
since — 0.

Therefore,g=(r + ) g" is enough to guarantee the uniqueness of the equilibrium

and the comparative statics results established abova

Remark: In the main text | state all the propositions using the tighter conditon d > q,
with g=( +r) g", which o ers a su cient characterization of g that applies for all
propositions proved here. This threshold is reasonable for seveeasons. First, the condition
d > g guarantees thatS) < SP, 0 andws w,. Thus, d > qis the right assumption
required to obtain the intuitive feature that skilled workers have lager reservation wages
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and produce a larger surplus in novel jobs than unskilled workers. ulsed these regularity
conditions throughout the text when giving several intuitions, or dscribing the adjustment
of the economy.

The condition is also satis ed in my numerical simulations. In the rst umerical scenario,
| have g = 0:34, which is smaller thand = 0:45. In the second numerical scenario, | have
g=0:19, which is smaller thang = 0:3.

Moreover, this condition is not restrictive. We have thatg=( +r) q = + W

w, ('. LemmaAlimplies thatw, w, q" < 0, which implies >0 Thus, forgd q

u
rms and workers face positive incentives to retrain.

Using the conditionsd > g, < and < —,lam now in a position to prove Propositions
3-5.

Proof of Proposition 3: Sinceq"+d > ( +r),wehavethat o"+d > + ws w,.
Here, | used the factthat = r + w, ws> 0 along the adjustment (see Propositio\5).
The inequality "+ d > + ws w, implies that §? > §/.

Thus we haveS! > §" (by lemmaAl) and §? > §|. These observations imply that the
nding rate for unskilled workers can only be larger than that of skilld workers if (1 )( f
fI) is large enough, or equivalently, ifvs w, is large enough. The condition < ~ guarantees
this is not the case, and the increase in hiring in regular jobs does niolly compensate for
the depressed nding rates of unskilled workers elsewhere.

The statement in the second numeral of the proposition follows fmothe observation that,
along the transition we have that (t) and x(t) are increasing, as established in Proposition
A4. Sincefg;f, increase with both (t) and x(t), we have thatf(t) and f,(t) increase over
time and approach their corresponding steady-state values.

The statement in the third numeral of the proposition follows from he observation that
the stable arm for is given by an increasing curve between andx. Thus, a fall in x(0) shifts
the entire path for x(t) and ( t) downwards. The comparative static results in Proposition
A4 imply that f4 andf, increase with bothx and . Therefore, a fall in x(0) shifts down the
entire path for f¢(t) and f(t)

Proof of Proposition 4: The rst part of the proposition follows as a corollary of
Numeral 5 in Proposition A5. The second part follows from the fact that a lowx(0) shifts
(0) downwards along the stable arm of the system, which implies thait shifts down the
entire equilibrium path for ( t)

Remark: Note that this result does not require any condition on . This is because this
proposition does not deal with the behavior of nding rates, but oly of reservation wages.

| nalize this section with a proof of Proposition 5. As before, | assue we have < —,

< andd > gso that the instantaneous equilibrium is unique and the comparativetagics
developed in PropositionA4 apply.
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Before presenting the proof, | introduce some notation that | wiluse.

In order to separate the direct e ects from those that operatéhrough "|that is, the job
creation externality|, | de ne the functions fP( ";z;I; )and fP( ";z;l; ), as the nding
rates one would obtain for a xed ", which leave the quality of potential matches xed.

The nding rates obtained once the change in " is taken into account, are given by
fs(z;x;1; Yand f,(z;x;l; ). These are de ned by the unique solution to the system:

fs=f2( N(fsifuixi1);z0;) fu=f0( F(EsTix1)iz505 )
The function P(fs;fn;%;1) is de ned implicitly by:

(fsifn;X)
1 (FsifniX) oyt (Foifnix)’

(1 (fs;fr;x)) =1 x) + (fs'fnrx)fs:(:-u (fs'fn;x))fui

Pfsifnx;l) =

The comparative static results in PropositionA4, imply that both fgs and f, increase with
X. Moreover, we have that:
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Therefore

ef @f
@" @t @ @L

have an improvement in match quality end up reducing nding rates. f fact, this condition

follows from the fact that @Q(WS;"@V)L;;Z;X;';) < 1.

Using these functions, | am now in a position to prove Proposition 5.

ﬁ g§ > Q|this relies on Numeral 1 of the comparative statistics, and 1>

|th|s condition guarantees that compositional e ects are not so drong as to

Proof of Proposition 5: We can write:
@f @, @  @Ff
=" @’ e™ o
g, =@, @4, @ @

@z @£ @& @"

This expression shows the e ect of the decline im can be decomposed in a direct e ect|
holding " constant|, and an indirect e ect through the decline in "|the job creation
externality.
The comparative static results presented above imply th f gﬁ > 0. Moreover, holding
" constant we have%'?Z > %% > 0, which is the standard e ect of a change in productivity

on nding rates, and is stronger on workers with lower productivity(see Shimer, 2005).
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The solution to this system is given by:

@i @f | @i @f
§.-@0y,, @0t eie: .
s @z 1 et @f ef @f
@ @t @" @b
@ @f | @ ef
g -@0 ., ete:’ @ie:
" @z 1 etei efai

@" @t @" et
Here, the rst term captures the direct e ect of the recessionand the second term captures
the way the recession exacerbates the skill mismatch by reducingetshare of skilled workers

who are searching for jobs.
This second term is positive (so that this mechanism reduces the mdy rate for both

workers) because:

@erer @@ 6 1 @ 1 x@f _ .
@t @ @i @7 @ x @z ° (A13)

The inequality follows from noting that — > lTX (recall that this is the case becausk; > f ),
and %ﬁz > %‘; because unskilled workers nding rate is more cyclical.
For small x, is small, which increases the cyclicality of the nding rate becausk, is

more cyclical. In addition, a smallerx increases the response of to changes in the nding

i n—- @Ffef @k ef
rates, which makes the terrd " = Z2°5 + 525, dz larger.

Now consider a change im, given by dl. We can write

@f @ 4 @p
ds=—2dl + T, + —dl ;
© @l @ " @ @
@f @ph b @f
d,=—d + —=2d,+ =—"dl ;
ol @ " @ @
The resulting change in nding rates is given by:
@hef . a@fef
d.=9q,+ _oiaaia
et @k ef @f
@ 1 @vet o et
@h et | @hef
d,=28g+ e’ e .
ef @ efek
@ 1 @vet e et
Moreover, we have thatd " = %E % + gﬁ % dl. The comparative static results imply
that " increases withl, which implies that %E %fl + gﬁ % > 0. Moreover, the condition
<  implies that, although % < Olsince | reduces the pro tability of matches with

unskilled workersithis e ect is dominated by efer of e
As above, a whernx is smaller the nding rate is more responsive both because there are
. . p p .
more unskilled workers directly a ected byl, and becaused " = %g% + & %ﬂ: dl is

more responsive to changes in

A21



To nalize the proof | need to specify how does respond to changein| and z. For a
decline inz, actually declines temporarily because, during the crisisws falls more thanw,.
Thus, this e ect creates a force in the direction of increasing ungstoyment too. However, this
e ect is not quantitatively relevant since is forward looking and the decline in productivity
is only temporary.

In the case of a decline i, increases as a response. However, we have that<
Therefore, for large values off, the response of job creation and the subsequent increase in
X are not strong enough to compensate for the decline in Over time, x increases and the
average nding rate andfg return to their pretrend.

To prove the propagation can take as much time as wanted, considiéie case in which
q > , SO that there is no training along equilibrium. In this case, the e ecof | on fg
and f is permanent andx does not adjust to compensate for it. The e ect of a decline ih
only disappears asymptotically, when due to the exogenous acqusit of skills by unskilled
workers, we have thatx = 1

Al.6 Proof of Proposition 6

Proof of the characterization of the constrained efficient allocation: In
the general case, the planner's problem is to maximize
Z 1

X
— rt k n . ) P
maxW = o€ usb+ u b+ y e(1)z s Us T Un oy )

1 |
Us( ) Uy=——

(o] .
uuu1+ | dt;

subject to the behavior of the state variables described in equatiqAl). Here, ij is the
product of a match, z(t), net of training costsq" and d.

The co-state forus, which | label g|and determines the social value of unemployment
for skilled workers is given by

s —=b+ ( (IS  H+@ H(F(IS% o)

Here, S\/jk denotes the value of a matcha‘k(t), which is equal to the co-state for the state
variable € (t).

The co-state forus, which | label g|and determines the social value of unemployment
for skilled workers is given by

r —u:b+1T| (f(g)SVun 2)+ 1+|(1 ) f( Iu)SVuI Iu

(1 ) r r r | ) ) 0y .
¥ 1+1 (f( U)SVU “)+ m(f( u)SVu u)'
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The planer chooses tightness as to maximize the current value Haroifian. Thus, tight-
ness is given by:
= £ 4 [)Esv[maxf SV;0gjk;jI:
This equation implies that

K= K FEsy[maxtSV;ogikijl=(1 ) ( ¥)Esy[maxt SV;0gjk;j]:

Replacing these terms in the reservation wages yields
r< —s=b+ f(HESV @ ) "SW+(1 MSV'D+ (@ ) f(HSW;
and

o wEbt o f (DS @ L SW A )SVD+ (@ F(LSY

L)
1+1

Equation 10 in the main text follows from these expressions after imposing the Bios

|
fC LSV + mf( DSV

conditon = and noting that ; = r ; . In addition, the values of employmentS\/¥
satisfy the same Bellman equations derived for the decentralizedoeomy, with ; playing
the role ofy,

Proof of the Corollary to Proposition 6 in the main text: | prove that, in
the limit case with large gross ows, subsidizing training at the margin icreases welfare.

We have that along any given allocation:
z
1 1
s u= € rt( s u)dt > e" (Ws  wy,)dt=
0 0

Therefore, along the decentralized aIIocatioSVlu > §|.

| now prove that there is a path of non-negative subsidies for traiimg that increase welfare
in the decentralized allocation.

Suppose that rms creating stepping-stone jobs earn a surpl&,(t) + , with > 0 for
t 2 [0; T] denoting the subsidy.

For small values of , the subsidy increases tightness in stepping-stone jobs dy(t) > 0,

and the e ect on welfare is given by:
Zr h oo
dw = e"™ 1 e )8V, d (t)dt:
0
However, we have that along the decentralized allocation (and usinige Hosios condition),
=(1 ya( ). Therefore, the e ect of a small subsidy to training is given by
Z 1 h i
W= e™@ g l) 8V, € d®dt> o0

0
as wanted
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Al.7 Allowing workers to direct their search e orts.

In this sub-section | describe an extension of my model in which | allomnemployed workers
to direct their search e orts.

Each period unskilled workers draw an idiosyncratic shock(i) determining their search
e ciency when looking for jobs in taski. Moreover:

(i) FG @+ Fo)

with F(; ) the Frechet distribution with shape > 1 and scale . | normalize so that
(1 1=) =1, and on average unskilled workers have one unit of search e cien in the
task they choose to search. After they obtain their draws, woeks decide in which task they
search for jobs. When their search e ciency i$(i) and they search for jobs in this task, their
nding rate is "(i)f ( (i)), with (i) the tightness at the task.

Workers search for jobs in the task that maximizes their expectedtility from searching.
With this distributional assumptions, the probability that the worker searches for a novel job

is given by o+ 1, with

Fesi+@  Hf (WS,

wrlf (DSI+@ (WS + T [F (DS + w7 [F (9SS

cs
]

1 -

The probability that the worker searches for a regular job is givenybl1+| r 1 with

FCHS

wrlf (OSI+@ WS + HZr FCDSH + a7 (S

c =
=

Finally, the probability that the worker searches for an old job is give by 1J'r—| 1 with

FCDSE

wrlf (OSI+@ (WS + HZr (DS + ar (S

(0]
u

=

i __and - for ! 1. Thus, the general-

+1 7 1+1 1+1

ization presented here nests the model in the main text. The derian for skilled workers is
similar so | do not present it here.

We have that these probabilities collapse t

For > 1 workers direct their search e orts to tasks yielding a higher sutps, but only

respond to di erences in surpluses with an elasticity  1|captured by the terms X !

J
garbling the initial probabilities. Thus determines the extent to which workers may direct
their search eorts. As !'1 , we converge to the case in which workers only search in their

preferred task.
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For intermediate values of , we have that asl declines, the probability that workers
search for novel jobs, | Y increases (both terms increase). Which generalizes to this
environment the main force exacerbating the skill mismatch whein(t) declines.

Likewise, if skilled workers had the chance to search for old jobs, weuld have © > [
so long asS! > S|}, which is always the case in equilibrium.

This exercise conrms that, if given the chance to direct their seah e orts|albeit
imperfectly|a reduction in old jobs I (t) would still exacerbate the mismatch, since these
jobs would hire more unskilled than skilled workers, and the unskilled wi respond by

moving to novel jobs.

Al1.8 Behavior of wages when the number of open vacancies does
not adjust immediately.

In this subsection | outline an extension of my model in which the nunds of open job vacancies
does not adjusts immediately, but does so gradually.

As mentioned in the main text, the gradual adjustment implies thatalong the transition,
the opportunity cost of a rm with an empty vacancy may depart fom zero temporarily.
This introduces an additional force that determines wages, whiclow depend on the change
in both the worker's and the rm's outside options.

Formally, let \/j"(t) be the value of entering the market by opening a vacancyj", at time
t (to simplify the notation, | omit the task index, since equal tasks hee an equal number of
vacancies this is not needed). Wheh’j"(t) > 0, a mass 1 of potential entrants are able to
enter the market atarate ™ 2 (0;1 ). When \/j"(t) < 0, rms that hold an open vacancy are
able to exit the market at a rate °“* 2 (0;1 ). When \/j"(t) =0 rms are indi erent between
entering or exiting the market, and so the number of open vacansieloes not change.

The model in the main text corresponds to the limit case in which™ = ©°“ = 1 | which
implies that the number of vacancies adjusts immediately ankfjk(t) = 0 in equilibrium (if
rms are entering the market). The assumption of a gradual adjstment of vacancies may be
though as a reduced form to capture irreversible investments (&ast in the short run) made
by rms to create jobs.

The value function ij satis es the Bellman equation:

v V<= + gq()( "maxfSy;0g+ (1 ")maxfS];0g)+ °*“maxf0; Vg

with rv;* X = ¥ the opportunity cost of the rm of engaging in the match. This equéion
shows that, when a rm enters the market, it must always pay the ow cost . | think of
this assumption as a reduced form that incorporates the oppontity cost of the resources and
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capital allocated to a particular job opening. The rate °"' determines the speed at which the
rm can redeploy these resources to other uses and close theascy.

The behavior of the number of open vacanciesj',‘, satis es:

k — i k k k .
vi= M fvEk>0g v M fV < Og:

Nash bargaining implies that wages in di erent jobs are given by:
W=z H(@ )Y W) (v )

Unlike the case in which rms enter and exit the market immediately, ne the wage also
re ects the opportunity cost of the rm. Wages increase whemrV;*¥ (¥ is low because
workers shield rms from having to stay with an open and unpro talbe vacancy. Acemoglu
(1997) discusses a similar e ect in a model in which rms have to decidéthey stay with
their current match or they search for a new match.

Consider again the limit in whicha; !'1 . The following proposition shows that, when
x(0) declines, the wage of skilled workers at novel jobs increasesporarily.

Proposition A6 For any values of ™; °! < 1 | an unanticipated decline in "|a worst
skill mismatch|causes a temporary increase in the wage of dked workers.

Proof. Since ™; ° < 1, the number of vacancies for all jobs remain xed at time 0.

This implies that skilled workers' job- nding rates and outside optiois remain xed too,
so that ws(0) does not change.

LemmaAl, implies that a decline in " reduces ?(0) and V.'(0). Importantly, the decline
in x(0) also reduces (0), which creates a further decline in".

The equation for wages at time 0, implies that:

wg(0)=z )+  )ws(0)  $(0);wg(0) = z()+@  ws(0)  (0):

Therefore, at time 0,w{ (0) increases andvi(0) remains unchanged. Thus, the wage of skilled
workers increases at time 0 and for a positive amount of time until eancies adjustm

The key implication of Proposition A6 is that, through its indirect e ect on ", a worst
skill mismatch causes a temporary increase in the wage of skilled wenk We know from
Proposition A4, that when vacancies adjust to keep/j" = 0 the worst skill mismatch reduces
ws and hence reduces the average wage of skilled workers. Thushb@tsults combined imply
that, while vacancies adjust, we may have a temporary increase inet wage of skilled workers
followed by a decline below its initial level.

This behavior of wages may explain the results found in Tabi4 in the main text.
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Al.9 Restructuring concentrates in recessions.

In the main text, | assumed that rms restructure their labor demand more during recessions.
This assumption is a reduced-form way of capturing the idea that ms restructure during
recessions.

In this subsection | discuss an extension of my model that endogess this feature.

Suppose that to produce an old task, rms need to purchase oneitiof a capital good
m(i) produced by a monopolist for each 2 [0; ).

The monopolist produces the good at a marginal cost 0, but also é&sca xed cost of
production C. Moreover, the monopolist prices the good g™ > 0, which is exogenously
determined by a fringe of competitive rms that could otherwise suply the capital good. For
rms that post old jobs, p™ is a part of the recruiting cost , so that >p ™.

The monopolist is removed from the market and replaced by new teublogies at a rate

> 0, which denotes the secular advancement of technology.

While the monopolist operates in the market, it may restructure its peration or liquidate
its rm. Doing so allows the monopolist to loose the least value from itsafled investment in
the production of old tasks.

Restructuring (or liquidation) costs the monopolistsR units of labor. This cost represents
resources that are diverted away from production, and which akalued at an opportunity cost
of z(t). The assumption that the opportunity cost of restructuring is laver during recessions
builds on the work of Hall (1991), and Aghion and Saint Paul (1998).

When the monopolist starts a restructuring process, it succeeagth Poisson probability
— > 0, in which case it pays the cost of restructuring and stops providinthe capital good
to rms producing the old task with labor.

Let V be the value of the monopoly. We have that

(r+ )V \V=u1 Slilp’“ C+(— )maxf Rz(t) V;0q:

Structural change lowers the value of the monopoly. Because aihapetition from technology
and the fact that workers become skilled and stop searching for gtabs, we have that at some
point u(1 Sﬁp’“ < C and the monopolist starts making negative pro ts.

Suppose thatz(t) = 1 and r% > R. Thus, there is a timeT at which the rm decides to
restructure. At this point, we haveV(T)= R,andV(t)> Rfort<T.

In this case, a decline in productivity may prompt monopolists to resticture before time
T. In particular, suppose that at time T® < T, productivity declines beIow@ 2 (0;1),
with V(t) the value of the monopolist when the path for productivity is xed and equal to
z(t) = 18t. Due to the decline in productivity, the monopolist nds it pro table t o liquidate

the rm at time TPOfor two reasons. First, because the opportunity cost of assiggiabor to
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liquidate the rm is lower. Second, because recessions cause a latg® in vacancies, which
make the monopoly less pro table. Thus, the value of retaining the onopoly falls.

Now, suppose thatz(t) = 1 but -&- > R, so that rms would not liquidate along the

T+
adjustment and V(t) 2 ( R;0) from some point onwards. In this case, a large productivity
shock could also prompt restructuring e orts, which would not hag happened otherwise.

Thus, recessions may cause an increase in the rate at which rm®gthiring labor for
old jobs because rms front load the liquidation of old jobs to take aehntage of the low
opportunity cost to do so during recessions.

Remark: Instead of the xed costC, one could have that the monopolist pays a liquidation
costL if it is replaced by technology (this could be equal t&z(t) for the current value ofz(t)
that determines productivity when the rm is replaced). Here, thedi erence in liquidation
costs that the monopolist could save by restructuring during theecession plays the same
role asC in the previous analysis. Moreover, a large guarantees that the monopoly pro ts
are negative along the whole transition because of the competitioroim technology, which is
embedded in the liquidation cost.

When L = Rz(t), the rm never restructures if z(t) is constant and equal to 1, but it will
do so ifz(t) declines temporarily below——.

A2 Data Appendix

A2.1 Description of the data

Occupational groups: | use the 330 occupational groups proposed by Dorn (2009). Hee
partition into consistently aggregated groups the occupations perted in the 1980, 1990 and
2000 Census and the American Community Survey (ACS). Military ocpations are not in-
cluded, and | exclude military personnel when using Census and AC&tad. In recent waves
of the ACS some small occupations have changed code or merged,these changes do not
cause problems when the data are aggregated.

For each occupational group | use the task-content measuresvéloped by Acemoglu and
Autor (2011) and Autor, David, and Murnane (2003). To measurdraining requirements, |
use data fromO NET 8.0, which was released in 2005. For each job title the data include
years of training and job-related experience required. | matchhatitles to SOC codes, and |
use the available crosswalks to aggregate it to the 330 occupatibgeoups in my data.

My division of jobs into broad occupational categories, including magerial, professional,
routine-cognitive, routine manual and service jobs, follows Acemlu and Autor (2011).

Commuting zones: | use 722 commuting zones that cover the entire continental U.S.
but do not include Alaska and Hawai. David Dorn's crosswalks (availablat his webpage
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http://www.ddorn.net/data.htm ) are used to aggregate Census and ACS geographic units
at the commuting zone level. Recent waves of the American CommuniSurvey use a new
coding for Public Use Microdata Areas (PUMAS) to report geograph Using the available
Census maps for the new PUMAs | do a geographic match to Countigs1990. Then using
David Dorn's crosswalks | match Counties to commuting zones.

For the County Business Patterns data, | use the Acemoglu et al2014) codes to aggre-
gate employment counts by consistently de ned industries over tien This yields employment
counts for each industry at the 4-digit SIC87 code and each Coynfusing the 1990 delimita-
tions) from 1988 to 2013. The Acemoglu et al. (2014) code also @mts for the fact that the
CBP reports brackets for small industries. Using David Dorn's crgsvalk | aggregate these
data at the commuting zone level.

Finally, | use the public-use data from the Longitudinal Employer-Hasehold Dynamics.
These data include gures on quarterly hirings and turnover for seral (but not all) U.S.
Counties. | aggregate these data to the commuting zone level ande them to construct
Figure 3 as well as the complementary analysis that | present in the Appendix

Skill groups: As explained in the text, | de ne skill groups by sex (2 categoriespge (5
categories), educational attainment (5 categories), and regi@a regions), as reported in the
Census and American Community Survey. This procedure yields a pi@ion of the civilian
workforce into 200 skill groups that | use in my analysis.

Measures of exposure to structural change: To de ne exposure to the decline of
routine-cognitive jobs, | start by computing the occupations in te top tercile of routine-
cognitive content. | borrow the index of routine-cognitive conteinfrom Acemoglu and Autor
(2011), who construct it on the basis 0O NET data about the type of tasks performed on
the job.

Using the 2000 Census, | de n&kC; as the share of workers who in each commuting zone
worked outside manufacturing and were last employed in the top tate of jobs that had the
greatest routine-cognitive content.

Likewise, using the 2000 Census, | de n€RCy as the share of workers in each skill group
who worked outside manufacturing and were last employed in the tdprcile of jobs that had
the greatest routine-cognitive content.

Geographic distribution of the commuting zone characteris tics analyzed in the
paper: For a detailed analysis of the geographic distribution of commuting res that spe-
cialized in routine-cognitive jobs see Autor, Dorn and Hanson (2008 Here | present maps
for the main commuting zone characteristics used in my study. Thesquired boundary les
are available from Michael Stepner's websitkttps://michaelstepner.com/
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Figure AS3: Geographical variation of the main commuting-zone characteristis used in my analysis.

A2.2 Routine-manual and professional jobs

| also construct measures of employment in routine-manual jobs manufacturing (routine-
manual jobs), which take into account the decline in manufacturingand production jobs
precipitated by automation. This yields a measure of exposure toutine-manual jobs at the
commuting-zone leveRM;, and a measure of specialization for skill groups in routine-manual
jobs, GRMg.

| control for these measures in my analysis in the main text, which disguish my e ects
from the secular decline in production jobs in manufacturing. | do nemphasize the point
estimates for these terms in the main text because the fact thatanufacturing industries are
more cyclical complicates the interpretation of these estimatesef@ Foote and Ryan, 2014).

In this appendix, | present estimates of equation1(3) that include the direct and external
e ects of the decline of routine jobs in manufacturing during the Geat Recession.
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In addition, I include a measure of the availability of professional jabin each commuting
zone, which serves as a proxy for the number of skilled workers irckdocal economy. Because
a large number of workers who specialize in professional jobs mitigathe skill mismatch, this
variable should play the opposite role of the share of employment inutine-cognitive jobs.

Table A1: Direct and external e ects of mismatch on employment, unempyment and wages.

Recession years Recovery years
Change from 2007 to 2009-2010 Change from 2007 to 2011-2013
Dependent variable: Employment  Unemployment Wages Employment ~ Unemployment Wages
@ @ 3 “ ®) (6)
CZ's exposure to routine- -0.123 0.115 -0.267 -0.148 0.113 -0.433
cognitive jobs,RC; (0.030) (0.021) (0.048) (0.044) (0.029) (0.075)
Skill group's specialization in -~ -0.089 0.064 0.032 -0.099 0.027 0.056
routine-cognitive jobs,GRC,q (0.022) (0.014) (0.030) (0.023) (0.011) (0.034)
CZ's exposure to routine- -0.029 0.009 -0.028 -0.020 -0.009 -0.017
manual jobs, RM; (0.019) (0.017) (0.035) (0.022) (0.017) (0.048)
Skill group’s specializationin - -0.127 0.077 -0.025 -0.127 0.031 0.006
routine-manual jobs,GRMg (0.026) (0.014) (0.031) (0.027) (0.014) (0.039)
CZ's exposure to professional 0.308 -0.262 0.252 0.203 -0.142 0.239
jobs (0.062) (0.043) (0.108) (0.065) (0.035) (0.170)
R squared 0.19 0.17 0.06 0.19 0.13 0.11
Observations 70534 70534 70232 106259 106259 105907
Notes: The table presents estimates of the di erential change in la bor market outcomes from 2007 onward among commuting zones m ore exposed to
structural change (the external e ect), together with the d i erential changes for workers in skill groups directly exp osed to structural change (the
direct e ect). The dependent variable is indicated in top of each column, as well as the period for which | estimate the mod el. In all models, | allow
the error term  "jg; to be correlated within States and over time, and within skil | groups and over time, and | compute standard errors that are
robust to this correlation structure and to heteroskedasti city. Finally, | weight each commuting zone skill group cell by its size in 2000.

Table Al presents my results. | nd that the exposure to automation withinmanufacturing
had no external e ect on employment, but it had a negative direct ect on workers in skill
groups that specialized in these jobs. This nding is consistent withhie fact that workers
displaced by automation in manufacturing reallocated mostly to serse jobs. This produces
no skill mismatches because these jobs do not require new skills oremgive training (see
Autor and Dorn, 2013).

In line with the predictions of my model, | nd that the commuting zones where the
number of professional jobs was large before the recession egmeed less unemployment
during the recession and its recovery. During the Great Recessidhe external e ects of the
skill mismatch were the largest in zones with many workers employed mutine-cognitive
jobs, and few existing professionals.
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A2.3 Results using the Longitudinal Employer-Household Dy nam-
ics data

My model predicts that low job- nding rates drive the increase in jblessness. To determine
whether this is the case | examine data from the Longitudinal Empley-Household Dynam-
ics, which reports total hirings and turnover at a quarterly level i industry and county. |
aggregate the data by year at the commuting zone level and compuhe annual hiring rate
as total hirings over the amount of workers who had no job in thatsar.

Table AZ2: Hiring and separation rates among commuting zones a ected Isyructural change,
during and before the Great Recession.

All industries Non-manufacturing industries
Change from Change from Change from Change from Change from C hange from
2007 to 2010 2007 to 2013 2005 to 2007 2007 to 2010 2007 to 2013 2 005 to 2007
@ @) (©) 4 ©) (6)
Panel A. Dependent variable: annual hiring rate from LEHD.

Share of routine jobs outside -1.525 -1.170 -0.230 -1.472 -1.124 -0.189
manufacturing (0.448) (0.542) (0.266) (0.443) (0.518) (0.246)
Share of routine jobs in manufac- 0.170 0.145 0.099 0.128 0.128 0.099
turing (0.161) (0.207) (0.147) (0.152) (0.197) (0.139)
R-squared 0.57 0.45 0.18 0.60 0.47 0.17
Observations 698 698 698 698 698 698

Panel B. Dependent variable: annual turnover rate from LEHD

Share of routine jobs outside  -0.154 -0.217 -0.020 -0.354 -0.294 0.053

manufacturing (0.060) (0.112) (0.042) (0.107) (0.088) (0.046)

Share of routine jobs in manufac- 0.090 0.101 0.037 0.137 0.162 0.028

turing (0.038) (0.059) (0.022) (0.061) (0.049) (0.029)

R-squared 0.57 0.54 0.20 0.18 0.19 0.07

Observations 698 669 698 633 611 645
Notes: The table presents estimates of the di erential change in la bor market outcomes from 2007 onward among commuting zones t hat were highly
exposed to structural change. The dependent variable is the change in the annual hiring rate (Panel A), and the turnover r ate (Panel B). The change
in the dependent variable is computed over the years indicat ed on top of each column. Columns 1 to 3 use data for all industr ies, while Columns 4 to
6 use only data for non-manufacturing industries. When esti mating this equation, | allow the error term "it to be correlated within States and over
time, and | compute standard errors that are robust to this co rrelation structure and to heteroskedasticity. Finally, f ollowing a common practice in
the literature, | weight commuting zones by the size of their workforce in 2000.

Table A2 presents my estimates of equatioi2 when | use these outcomes. Columns 1
to 3 present estimates for all industries; while Columns 4 to 6 focus dires and separations
outside of manufacturing. | nd that the increase and persisterein joblessness is driven by
a signi cant decline in the hiring rate. The estimates in this table imply trat a 10 percent-
age point increase in exposure to structural change is associateith a 14 percentage point
reduction in the annual hiring rate during the onset of the Great Reession and its recovery
(standard error=4.5 and 4.7, respectively). This corresponds ta 14% decline in the aver-
age nding rate in the data, and this in turn translates into a 1 percatage point increase
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in unemployment|a gure that matches my previous estimates.*® Moreover, Columns 4 to
6 show that this e ect is driven entirely by a reduction of hires within ron-manufacturing
industries. Figure 3 illustrates the same result when the full quarterly data is analyzedin

Panel B, | also nd that the annual turnover rate|de ned by LEH D as the rate at which jobs
begin and end|decreased in markets that during the recession werexposed to structural
change.

36The LEHD data yields an annual hiring rate of 1. This is considerably snaller than the nding rate
reported by Shimer (2005). The di erence arises because | compe the rate per worker without a job rather
than per unemployed worker. Using the rate per unemployed workeyields similar but less precise estimates.
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