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Abstract

We develop a framework where mismatch between vacanciephrsgekers across
sectors translates into higher unemployment by lowerimgatgregate job-finding
rate. We use this framework to measure the contribution shmaich to the recent
rise in U.S. unemployment by exploiting two sources of ciesstional data on va-
cancies: JOLTS and HWOL (a new database covering the ueiadrenline U.S.
job advertisements). Our calculations indicate that mtsacross industries and
3-digit occupations explains at most 1/3 of the total obsérincrease in the un-
employment rate. Occupational mismatch has become efipauiare severe for
college graduates, and in the West of the United States. r@gbigal mismatch un-
employment plays no apparent role.
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1 Introduction

The U.S. unemployment rate rose from an average value of thh&06 to its peak
of 10% in October 2009, as the economy experienced the dedpesturn in the
postwar period. Three years after its peak, the unemployraenstill hovered above
8%. This persistently high rate has sparked a vibrant dedvateng economists and
policymakers. The main point of contention is the naturéhete sluggish dynamics
and, therefore, the appropriate policy response.

A deeper look at worker flows into and out of unemployment aévéhat, while
the inflow rate quickly returned to its pre-recession letlet, job-finding rate is still
substantially below what it was in 2006. Any credible expldon for the recent
dynamics in unemployment must therefore operate througing-lasting decline
in the outflow rate. One such theory is that the recession haduped a severe
sectoral mismatch between vacant jobs and unemployed vgorkile workers are
seeking employment in sectors, occupations, industrieoations different from
those where the available jobs are. Such misalignment leetwree distribution of
vacancies and unemployment would lower the aggregate folnfj rate.

The mismatch hypothesis is qualitatively consistent witte¢ features of the
Great Recession. First, the empirical relationship betvaggregate unemployment
and aggregate vacanacies-the Beveridge Curve-displayealed outward move-
ment for the period 2009-2012 in the United States, indicgtinat for a given level
of vacancies, the current level of unemployment is highantthat implied by the
last decade of data.Put differently, aggregate matching efficiency has dedlhe
Second, around half of the job losses in this downturn weneeotrated in construc-
tion and manufacturing.To the extent that the unemployed in these battered sectors
do not search for or are not hired in jobs in the sectors wiachely weathered the
storm such as health care, mismatch would arise across ateap and industries.

1See, among others, Elsby, Hobijn, and Sahin (2010), HatLQ?, and Daly, Hobijn, Sahin, and
Valletta (2012). According to these studies, at the curl@rel of vacancies, the pre-recession U.S.
unemployment-vacancies relationship predicts an ungmpat rate between 2 and 3 percentage
points lower than its current value.

2According to Barlevy (2011) and Veracierto (2011), the siz¢his drop from its pre-recession
level is between 15% and 30%, depending on the exact metbgglaked in the calculation.

3According to the Current Employment Statistics (CES), &lsown as the establishment survey,
payroll employment declined by 7.4 million during the resies and construction and manufacturing
jointly accounted for 54% of this decline.



Third, house prices experienced a sharp fall, especialbertain regions (see e.g.,
Mian and Sufi, 2011). A homeowner who expects the local hgusiarket to recover
may choose to forego job opportunities in other locatiorestmd large capital losses
from selling her house. Under this “house-lock’conjectumgsmatch between job
opportunities and job seekers would arise predominanttysadocations.

In this paper, we develop a theoretical framework to concaze the notion of
mismatch unemployment, and apply this to measure how mutteafecent rise in
the U.S. unemployment rate is attributable to mismatchsacsectors. We envision
the economy as comprising a large number of distinct labokets or sectors that
is, it is segmented by industry, occupation, geography, oorabination of these
attributes. Each labor market is frictional, meaning iténlg process is governed by
a matching function. To assess the existence of mismattieidata, we ask whether
unemployed workers search in the wrong sectors. Given therebd distribution of
productive efficiency, matching efficiency, and vacancie@®ss labor markets, are
unemployed workers misallocated? Answering this quesgqguires comparing the
actual allocation of unemployed workers across sectors tideal allocation. The
ideal allocation that we choose as our benchmark would et bya planner
who faces no impediment in moving idle labor across sectors, except for the within-
mar ket matching friction. We show that optimality for this planner dictates equating
efficiency-weighted vacancy-unemployment ratios acres$oss. By manipulating
the planner’s optimality condition, we construct a misrhatex that measures the
fraction of hires lost every period because of job seekealoisation. Through this
index, we can quantify how much lower the unemployment radeld be in the
absence of mismatch. The difference between the obsenardplayment rate and
this counterfactual unemployment ratemissmatch unemployment.* As we explain
in detail in this paper, choosing as benchmark the allonatifoa planner who can
shuffle labor across sectors at no cost has the implicatadotir estimates of sectoral
mismatch are an upper bound.

Our measurement exercise requires disaggregated dataoployment and va-
cancies. The standard micro data sources for unemploymentacancies are the

40ur focus is on mismatch unemployment intended as unemgleg@rching in the “wrong” sec-
tor. A separate literature uses the term “mismatch” to detioe existence of employed individuals
working on the “wrong” job—meaning a sub-optimal joint distition of worker skills and firm’s
capital. See, for example, Eeckhout and Kircher (2011).



Current Population Survey (CPS) and the Job Openings anor Jalbnover Survey
(JOLTS), respectively. Unfortunately, JOLTS only allowes tlisaggregation of va-
cancies into four Census regions and seventeen industaesoiughly coincide with
two-digit NAICS classification.® In this paper, we introduce the use of the Con-
ference Board’s Help Wanted OnLine (HWOL) database. Thaliete is designed
to collect the universe of unique online job advertisememtthe U.S. economy.
Through this novel data set, we can perform our empiricalyargat the two and
three-digit occupational level, at the more detailed gaplical level of states and
counties, and even by defining labor markets as a combinafi@tcupation and
location®

Our empirical analysis yields indicates no significant rfolegeographical mis-
match between unemployed workers and job vacancies act8sstdtes or counties.
Mismatch at the industry and two and three-digit occupdtwal increased markedly
during the recession, but declined steadily throughou©2T1his indicates a counter-
cyclical mismatch pattern. A similar but milder hump shapeniismatch is observed
around the 2001 recession. In line with this result, Baroicand Figura (2013) doc-
ument that aggregate matching efficiency has been strongtyglical for the period
1976-2012.

We calculate that an additional four percent of monthly simeere lost during
the Great Recession because of the misallocation of vaesmand job seekers across
occupations and industries. As a result, our counterfaemalysis indicates that
industry-level mismatch unemployment can account for Q&gentage points of
the 5.4 percentage point total increase in the U.S. unemmay rate from 2006 to
October 2009. At the three-digit occupation level, the dbation of mismatch un-
employmentrises to 1.6 percentage points. When we compatdigit occupational
mismatch separately for different education groups ands@enegions, we find its
contribution to the observed increase in the unemploynaatis the largest among
college graduates and for the West; it is the smallest ammyigdchool dropouts and
in the Northeast.

The Great Recession coincided with an increase in the nuofbeorkers who
stopped actively searching for jobs because of a discomrageeffect. We verify

5See Table C1 in the Appendix for a complete list of industinethe JOLTS.
5The HWOL micro data would allow an even more disaggregatetyais. The binding constraint
is the small sample size of unemployed workers in the mor@iHss.
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that our conclusions are largely unaffected when we adatissouraged workers,
who can be thought of job seekers with low search intensitihé unemployed job-
seeker counts by occupation.

In an extension of the baseline analysis, we allow the nasatlon of unem-
ployed workers across sectors to also affect a firm’s vacareation decisions. Since
the presence of job-seekers in declining sectors makesigre@ fill jobs in those
sectors, it distorts firms’ incentives in the direction adfiiciently creating vacancies
in the wrong markets. This channel depresses aggregatacyaceeation relative
to the planner’s solution, giving a further boost to misrhatmemployment. This
amplification can be very strong if the vacancy creation ¢®stose to linear, but
for specifications of this cost function that are closer tadpatic, in line with the
existing literature, the amplification is moderate. Whes #dditional force is fac-
tored into our counterfactuals, the contribution of misthab the observed rise in
the unemployment rate grows by a maximum of half of a percgnpmint.

With all the necessary caveats discussed throughout thex,gap study indicates
that, at the analyzed level of disaggregation, sectoraiaish can explain at most
one-third of the rise in the U.S. unemployment rate sincenfearly 2006 to the end
of 2009, the period when average job finding rate droppedghar

The model underlying our measurement exercise is a mutosgersion of the
standard aggregate search/matching model (Pissarid€3. 20@hin this class, the
closest paper to ours is Jackman and Roper. In a static mgtamdel with many
sectors, they show that aggregate hires are maximized Ilaybdisng unemploy-
ment across sectors so that sectoral labor-market tigtdésemre equalized. They
propose the use of mismatch indexes to summarize devidtiomsthis allocatior.
At the time that paper was published, economists were dingyp understand why

"This idea goes back at least as far as Mincer, who writes: €fed the existence, degree, and
changes in structural unemployment, (U, V) maps may be oaeted for disaggregations of the econ-
omy in the cross-section, by various categories, such asstng location, occupation, and any other
classification of interest. For example, each locationpsesented by a point in the (U, V) map, and a
scatter diagram showing such information for all labor netskmay show a clear positive correlation.
This would indicate that unemployment is largely nonsuuait with respect to location, that is to
say, that adjustments require movements within local anahgr than the more difficult movements
between areas. In contrast, a negative relation in thesseatiuld indicate the presence of a structural
problem. The scatters may, of course, show identifiable doatibns of patterns. Observations of
changes in these cross sectional patterns over time wiW shtations and shifts, providing highly
suggestive leads for diagnoses of the changing structuadof supplies and demands.”(1966, 126)



high unemployment was so persistent in many European desftPadoa-Schioppa
(1991) contains a number of empirical studies for variousntges and concludes
that mismatch was not an important explanation of Europ@e@mgployment dynam-

ics in the 1980s. Our paper contributes to reviving this ttdture by extending it

in several directions: (i) we develop a dynamic, stochastiGronment with numer-

ous sources of heterogeneity, (ii) we develop a framewodotstruct counterfactual
measures of unemployment, absent mismatch, (iii) we iraratp the effect of mis-

allocation on vacancy creation, and (iv) we perform our mear®ent at a much more
disaggregated level, thanks to new micro data. Throughiusésamovel data source,
we document new facts concerning changes in the correlatisacancy and unem-
ployment shares across economic sectors. We show thatfdesere informative

about the extent of sectoral mismatch, in this class of séaatching models.

Shimer (2007) proposes an alternative environment to measismatch be-
tween firms and workers across labor markets. The cruci@rdiice between these
two models is the notion of a vacancy or, equivalently, atoktpoint of the meet-
ing process vacancies are measured. The definition of vaeamadopt is common
to the entire search/matching approach to unemploymente, Hiems desiring to
expand post vacancies: a vacancy is a manifestation of asfeffiort to hire. In
Shimer’s model, firms unsuccessful in meeting workers ditewih idle jobs: a
vacancy is therefore a manifestation of a firféslure to hire. Both notions are
theoretically correct.

Since both models are parameterized using the same mitaoedavacancies,
the key question is whether existing job-openings data 3 @uTS and HWOL are
more likely to represent firms’ hiring effort or hiring fare. According to Davis,
Faberman, and Haltiwanger (2010), job openings in JOLT® haduration between
two and four weeks. This short span seems somewhat morestamtsvith the hiring
effort view, but better data is needed to shed light on thigat point.

The remainder of the paper is organized as follows. Sectipregents the the-
oretical framework. Section 3 derives the mismatch indexes explains how we
compute our unemployment rate counterfactuals. Here, s@ discuss in some

8The conjecture was that the oil shocks of the 1970s and theucnt shift from manufacturing
to services induced structural transformations in thedabarket that permanently modified the skill
and geographical map of labor demand. From the scatteracadaiiable at the time, there was also
evidence of shifts in the Beveridge curve for some countries



depth the interpretation of our measure of mismatch. Seectidescribes the data.
Section 5 performs the empirical analysis. Section 6 aealylze case in which mis-
match also affects vacancy creation. In Section 7 we vehié/robustness of our
results to measurement error in unemployment and vacanoyscand to specifica-
tion error in the matching function. Section 8 concludespémudix A contains the

proofs of our theoretical results, Appendix B contains naetail about the data and
our measurement exercise, and Appendix C contains addifiigiires and tables.

2 Environment and planner problem

We begin by describing our benchmark economic environmdématrevsectors differ
by their matching efficiency and their stock of vacanciesxtNe/e generalize the
environment by introducing heterogeneity in productiatyd job destruction rates
across labor markets. For each of these environments, wedle planner’s opti-

mal allocation rule of unemployed workers across sectohe-etucial building block

of our theoretical analysis. Note that, in the planner'sbpgm for the generalized
environment, maximizing aggregate output is no longer\sgeint to maximizing

aggregate employment. This observation has implicationgdr interpretation of

the mismatch unemployment index that we discuss in Secti@nRnally, through-

out these derivations, we maintain the assumption thatvbleon over time of the

vacancy distribution is exogenous. We relax this assumpmti&ection 6.

2.1 Benchmark environment

Time is discrete and indexed iy The economy is comprised of a large number
I of distinct labor markets (sectors) indexed hyNew production opportunities,
corresponding to job vacanciés;;) , arise exogenously across sectbr§he econ-
omy is populated by a measure one of risk-neutral indivslweho can be either

employed in sectoi (e;;) or unemployed and searching in sectdr.;;). Therefore,
I

> (eir + ui) = 1. On-the-job search is ruled out and an unemployed workemyn
=1

%We explain in Section 6 that assuming that vacancies areesxmg is equivalent to a model
where the job creation margin is endogenous, and the etasticthe cost of creating vacancies is
infinitely large.



given period, can search for vacancies in one sector onhthiédime being, we also
rule out non-participation, but in the next section we refag restriction.

Labor markets are frictional: new matches, or hirés,) between unemployed
workers(u;;) and vacancieg;;) in market; are determined by the matching function
O,0um (uir, viy), With m strictly increasing and strictly concave in both arguments
and homogeneous of degree one(ify, v;;). The term®,¢;; measures matching
efficiency (i.e., the level of fundamental frictions) in s&ci, with ®, denoting the
aggregate component angd the idiosyncratic sectoral-level component. The number
of vacancies and matching efficiency are the only two sowtksterogeneity across
sectors in our baseline model.

All existing matches produck; units of output in every sector. Matches are de-
stroyed exogenously at rat®;, also common across sectors. Aggregate shagks
A, and®,, and the vector of vacancies = {v;;} are drawn from the conditional dis-
tribution functiond’z a ¢ (Zi41, Avs1, Pog1; Zi, Ay, @) @andly (Vi v, Zy, Ay, D).
The notation shows that we allow for autocorrelatiod i, A, ®,, v, }, and for cor-
relation between vacancies and all the aggregate shoclessédtor-specific match-
ing efficienciesp;; are independent across sectors and are drawn ;. 1; ¢;),
whereg,= {¢;;}. The vecto{ Z;, A, ®,, v, ¢, } takes strictly positive values.

Within each period, events unfold as follows. At the begignithe aggregate
shocks(Z;, A;, ®;), vacanciesv,, and matching efficiencies, are observed. At
this stage, the distribution of active matcles= {ey,, ..., e} across markets (and
hence the total number of unemployed workegsis also given. Next, unemployed
workers are allocated to marketvithout any impediment to labor mobility. Once
the unemployed workers are allocated, the matching prde&ss place and,;;, =
®,0um (uyy, v;y) NEW hires are generated in each market. Production occthe i
(pre-existing) plug:;; (hew) matches. Finally, a fractiah; of matches are destroyed
exogenously in each markgtdetermining the next period’s employment distribution
{e;++1} and stock of unemployed workets, ;.

Planner’s solution In Appendix A.1 we prove that the planner’s optimal rule
for the allocation of unemployed workers across sectordeanritten as

V1t (%7 Urt
¢1tmu1 < * ) = ... = ¢itmui <_Z*) = .. = ¢Imu1 (_*) ) (l)
Uyy Ujy Uy




wherem,,, is the derivative of then function with respect ta;, and where we have
used the “*” to denote the planner’s allocation. This coiditstates that the planner
allocates more job seekers to those labor markets with maecancies and higher
matching efficiency until their marginal contribution teethiring process is equalized
across market¥,

2.2 Heterogeneous productivities and job destructions

We now allow for sector-specific shocks to productivity aedtduction rates that are
uncorrelated across sectors and independent of the aggstgreksZ; andA,. In the
derivations below, we first keep worker separations exogenblext, we allow the
planner to choose whether to endogenously dissolve sorsigxmatches and show
that, under some conditions, she never chooses to do soudtwat this extension,
we also allow the planner to choose the size of the labor force

Let labor productivity in sectoi at datet be given byZ,z;;, where each compo-
nentz; is strictly positive, i.i.d. across sectors and independérr;. Similarly, de-
note the idiosyncratic component of the exogenous degtrucite in sectof asd;;.
Then, the survival probability of a match(is — A;) (1 — d;;). Itis convenient to pro-
ceed under the assumption thaf,, 1 — A, z;;, 1 — J;,} are all positive martingales,
which amounts to simple restrictions on the conditionairiiationsI'; o ¢, 1., and
I'5.11 All the non-employed individuals produce outgu, (which can be interpreted
as home-production or the value of leisure). In additioa tthemployed incur a disu-
tility cost of search.

Appendix A.2 proves that the planner’'s optimal allocatiaterof unemployed
workers equates

Zit —C Vit
T B = Ay (15 ™ <u_) @)

across markets. This rule establishes that the higher tteneges, matching effi-

1010 equation(1) , the derivative of the sector-specific matching functieiis written as a function
of sectoral market tightness only (with a slight abuse o&tioh) because of its CRS specification.

IAs we explain in Appendix A.2, the martingale assumptiondavenient to solve forward, in
closed form, the expected marginal value of an employed @rark sectori. A closed form solu-
tion can also be obtained if the components of the vefr1 — Ay, z;:, 1 — 6, } follow an AR(1)
process. However, the derivations are more convolutedwando not make use of this more gen-
eral assumption in the empirical analysis because ourblasare well represented, statistically, by
martingales.tutt



ciency, and expected discounted productive efficiency irketa, the more unem-
ployed workers the planner wants searching in that markepatticular, expected
output of an unemployed worker searching in secioret of the opportunity cost of
employment) is discounted differently by the planner in different sgstbecause
of the heterogeneity in the expected duration of matches.

We now allow the planner to move workers employed in sectoto unemploy-
ment or out of the labor force, before choosing the size ofaher force for the next
period.

In Appendix A.3 we demonstrate that, if the planner alwaysdr@ough individ-
uals to pull into (out of) unemployment from (into) out of ttadbor force, she will
never choose to separate workers who are already matchgut@igting. The plan-
ner’s allocation rule remains exactly as in equatidnand all separations are due to
exogenous match destructions.

2.3 Heterogeneous sensitivities to the aggregate shock

In a classic paper disputing Lilien’s (1982) sectoral-sttieory of unemployment,
Abraham and Katz (1986) argue that, empirically, sectargbleyment movements
appear to be driven by aggregate shocks with different sebiaving different sen-
sitivities to the aggregate cycle. Here we derive the plaatecation rule(2) under
this alternative interpretation of the source of sectahbr demand shifts.

Let productivity in sectori be z;, = Z" wheren; is a parameter measuring
the elasticity of sectoral productivity to the aggregatecéh” with mean normal-
ized to one. Letog Z; follow a unit root process with innovation distributed as a
N (—0./2,0.). In Appendix A.4, we show that the planner will allocate updoyed
workers to equalize

zpt ¢ Vit
[0 A) (160 1B A)(I- @J Pitta, (u_) )

across sectors, whef& = exp (n; (; — 1) Z). The new ternf); captures that the
drift in future productivity in sectoi varies proportionately withy; because of the
log-normality assumption. In essence, this sectoral dnifinges the effective rate at
which the planner discounts future output in that sector.foks;;; in equation (2),



the elasticity terms$2; can also be estimated from productivity data.

Understanding the nature of sectoral fluctuations excédwrisdope of this paper.
A comparison of equations (2) and (3) reveals that the maisole of this general-
ization is that our approach is valid under alternative @@ what drives sectoral
fluctuations: different views lead to different measuretaai the sectoral compo-
nent of productivity in the planner’s allocation rule. Inraempirical analysis, we
explore both specifications.

3 Mismatch index and mismatch unemployment

We now use the planner’s allocation rule to derive an indeasugng the severity of
labor market mismatch between unemployed workers and ea=anT his mismatch
index quantifies the fraction of hires lost because of nusalfion, i.e.(1 — h,/hj),
whereh, denotes the observed aggregate hires/grithe planner’s hires. Next, we
describe how this index allows to construct counterfasttmimeasure the mismatch
component of equilibrium unemployment.

From this point onward we must state an additional assumptutich is well
supported by the data, as we show below. The sectoral magttimctionm (u;, vy;)
is Cobb-Douglas:

hit = @uirviug (4)

whereh,;, are hires in sectarat datet, anda € (0, 1) is the vacancy share common
across all sectors (in Section 7.6, we allawo vary across sectors).

3.1 Mismatch index

From (4), summing across markets, the aggregate number of new lrebecex-

pressed as:
I « 11—«
o, 1-a Uy U;
by = Dyl [Z¢ (_) (u_) ] (5)
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The optimal number of hires that can be obtained by the plaalh&cating theu;,
available unemployed workers across sectors is

1 o «\ 1l—a
* a, l-« Ui U,
hi = @y, [Z Dt (v_tt> (u_tt) ] : (6)
=1

Consider first the benchmark environment of Section 2.1. dptanality condition
(1) dictating how to allocate unemployed workers betweenketa and market;

implies:
vir _ (¢_) " Uit @
Uy Dit ujy

Substituting the optimality conditiofY) in equation(6) , the optimal number of new
_ _ I 1 @
hires becomes; = ¢,®,v0u; %, whereg, = [Z o5 (”v—tf)] , a CES aggregator
i=1

of the sector-level matching efficiencies weighted by tkagancy share. Therefore,
we obtain the following expression for the mismatch index:

hy ! Git Vit “ Uit e
SR 1 ¢ ) ) B
M, measures the fraction of hires lost in peribdecause of misallocation. This
index answers the question: if the planner hadvailable unemployed workers and
used the optimal allocation rule, how many additional jolsuld she be able to
create? These additional hires are generated becausettby dcating thesame
number of unemployed, the planner can increase the aggregatenjdingj rate and
achieve more hires compared to the equilibrium (the “diteftect of mismatch). It
is useful to note that, in addition to this direct effegt,is in general lower tham,
which, for any given allocation rule, translates into a leigaggregate job-finding rate
and more hires (the “feedback” effect of mismatcM,, measures only the direct
effect of mismatch on hires, but the counterfactual of ®&c8.2 fully incorporates
the feedback effect as wef.

?Dickens (2010) and Lazear and Spletzer (2012) use an diterindex proposed by Mincer
(1966). In a previous version of this paper, we also reparsdlts based on this index and argued
that it is much less useful than the one we propose here bedaardy quantifies the number of job-
seekers searching in the wrong sectors, but not how suctioeston lowers the job-finding rate and
raises unemployment. In addition, the analysis in thesensagoes not allow for heterogeneity in
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From (8) and(5) one can rewrite the aggregate matching function as
he = (1= M) ¢ @evfuy—° 9)

which makes it clear that higher mismatch lowers the (meahaggregate efficiency
of the matching technology and reduces the aggregate jdmfjmate because some
unemployed workers search in the wrong sectors (those wittively few vacan-
cies). The termp, can also contribute to a reduction in aggregate matchingjefty
when the vacancy shares of the sectors with Ridgall.

In Appendix A.5, we show three useful properties of the ind&rst, M, is be-
tween zero (no mismatch) and one (maximal mismatch). Set¢beddex is invari-
ant to aggregate shocks that shift the total number of vaeamnd unemployed up
or down, but leave the vacancy and unemployment sharessaniar&ets unchanged.
Third, M, is increasing in the level of disaggregation. This last propsuggests
that every statement about the role of mismatch should bkfigdavith respect to
the degree of sectoral disaggregation used.

Consider now the economy described earlier, where laboketsalso differ in
their level of productive efficiency. It is useful to defineepall market efficiency as
Ty = Ou(zu —C)/[1 — B (1= Ay) (1 —d;)]. Following the same steps, we arrive

at the index
- Gt v N [ l1-a
Mae = 1= — (=) (=) 10
t ;(Cbxt) (Ut) (ut) (10)

I La I «
Gut = ;¢it (Z—Ztt) <Z—Z:) , With 7; = [Z T (Z_Z:)] . (11)

b, is an aggregator of the market-level overall efficienciegived by their vacancy
share. The index is calculated following the Abraham-Ka&w sectoral fluctua-
tions will be denoted byM“X. The only difference witb\,; is the precise definition
of overall market efficiency;;;.

Finally, in the absence of heterogeneity with respect tachmag efficiency, pro-

where

productive and matching efficiency, a key determinant ofdajpigmal allocation of job-seekers across
labor markets.
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1 a l—«
ductivity, or job destruction, the index becomé&s, = 1 — > <UU—;> <@;—;> .In
=1
what follows, we will also use the notationt ,; and M, to denote mismatch indexes
for an economy where the only source of heterogeneity isymibdty and the rate

of job destruction, respectively.

3.2 Mismatch unemployment

The mismatch index allows us to construct the counterfhctnamployment rate,
u;, in the absence of mismatch. Using (10), the actual aggreghtfinding rate in
the economy at datecan be written as
h - v\
ft - - - (1 - M:Jct) ¢:Jct(I)t (_t) .
Ut Ut
Let u; be counterfactual unemployment under the planner’s dilmtaule. The
optimal number of hires at datewhenu; unemployed workers are available to be
allocated across sectorsds, ®,v¢ (u;)'~*. Therefore, the optimal job-finding rate
(in absence of mismatch) is

— (o “ 1 Uy “
= =) =f—— [ — 12
= (u) AT (u) (12
—_———— ——
Direct Effect Feedback

There are two sources of discrepancy between counterfaotdaactual job-finding
rate. The first term i{12) captures the fact that a planner with available job-
seekers to move across sectors would achieve a bettertallo@ad a higher job-
finding rate. This effect, which we call the “direct” misatition effect, is summa-
rized by the mismatch index, as explained. The second teptuiess a “feedback”
effect of misallocation: no mismatch means lower unempleytu; < w,) which,
inturn, increases the probability of meeting a vacancydbrgeekers. This feedback
effect can cause mismatch unemployment to remain abovagedor some time
even if M, quickly reverts to its average after an increase, becausdat time
for the additional unemployed to be reabsorbed. This is &patve observe in our
empirical analysis.

Given an initial value for, the dynamics of the counterfactual unemployment

13



rate can be obtained by iterating forward on equation
Uy =S¢+ (1—s,— f)uy, (13)

wheres; is the separation rate. Our strategy takes the sequencesfaration rates
{s;} and vacanciegv,} directly from the data when constructing the counterfac-
tual sequence ofu; } from (13), an approach consistent with the theoretical model
where vacancy creation and separations are exogenous piativger. The gap be-
tween actual unemployment and counterfactual unemploymemt is mismatch
unemployment.

In the next section we briefly discuss our methodology andoteer interpre-
tation of our measure of mismatch unemployment. In the riedteopaper we apply
this methodology to quantify the contribution of mismatohthe recent rise in the
aggregate U.S. unemployment rate.

3.3 Interpretation of our measure of mismatch

Our formalizing of mismatch unemployment as "distance ftmenchmark alloca-
tion” essentially follows the same insights of the vastritare on misallocation and
productivity (Lagos 2006, Restuccia and Rogerson 200&Hand Klenow 2009,
Moll 2009, Jones 2013). Our implementation has two distiedeatures. First, we
do not need to solve for equilibrium allocations (and, hemeake specific assump-
tions about firms’ and workers’ behavior, their informatiet, or price determina-
tion). We simply take the empirical joint distribution of@mployment and vacancies
across sectors as the equilibrium outcorh8econd, we construct the counterfactual
distribution (in absence of mismatch) from a simple plafsn@moblem which can be
solved analytically. The strength of these two combineduies is that finer disag-
gregation in the available micro data poses no threat togthsilhility of the exercise.
The approach we propose is robust and easily implementlda,with a high num-
ber of labor markets, and multiple sources of heterogenidiysyncratic shocks, and
aggregate fluctuations.

Our methodology yields a measurenaifsmatch across sectors - defined by the

13The extension to endogenous vacancy requires a minimaf setastly standard, assumptions
that are discussed in Section 6.
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jointly observable characteristics of job vacancies arehyployed job-seekers - not
within sectors. Put differently, concluding that mismagdhys a small role at the
level of two-digit occupations does not necessarily ruleitsuimportance at the three
or five-digit level* It follows that, when quantifying the contribution of mistoh
unemployment through our approach, it is important to tyespecify the level of
disaggregation of the analysis. Moreover, our measure siffaich captures the sec-
toral misallocation between job vacancies andmployed job seekers. We therefore
abstract from another class of job-seekers, employed worikieo search on the job.
We conjecture that, in the generalized planner problem avtier planner can let em-
ployed workers search for jobs in more productive sectgoinality would push
the planner towards equalizing the efficiency-weightew raft vacancies to total job
seekers? In Section 7.4, we verify that mismatch between vacancidsiaemploy-
ment behaves very similarly to an index that also includesrag the job seekers,
employed workers who report to search on the job.

The notion of mismatch in the baseline model without hetenagty in productiv-
ity is very intuitive. In this economy, the planner wants teximize employment (or
minimize unemployment) since workers are equally progdectiverywhere. Once
sectors differ in their productivity and/or in the expectharation of the matches
formed, the planner wants to maximize the present discdudkie of aggregate
output. The planner’s allocation of job-seekers acrostosgecloes not, therefore,
necessarily minimize unemployment. Put differently, thenper’s hires could, the-
oretically, be lower than equilibrium hires in a given peki@and in that period the
mismatch index\/,; could be negative. Reassuringly, in our empirical anajybis
estimated patterns of the,; index are always similar to those of the other indexes.

The empirical method we have developed allows us to learatdbe relative im-

1This caveat applies even at a very high level of disaggregatObserving a high number of
vacancies for Web Developers (a 5-digit occupation) in &&lara county, and a high number of
job-seekers in that same labor market would be interpretedsign of low mismatch across narrowly
defined sectors. However, a situation where those sameesjglkess do not have the technical knowl-
edge required by the employers to staff their vacancies tegtechnology has changed and the skills
of the unemployed have become obsolete), is a form of “skghmatch.”

15The other forces affecting the planner’s solution depentherletails of how on-the-job search is
modelled. For example, the degree of substitutability afraployed and employed job-seekers in the
matching function determines the congestion effect thantlarginal job-seeker of one type imposes
on the other type. Whether on-the-job search is costledsa®n cost in terms of foregone output or
disutility, will determine the fraction of employed worleegsearching and their target sectors.
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portance of different dimensions of mismatch by partitignihe labor market based
on several characteristics (e.g., industry, occupatidacation, geography). Study-
ing how mismatch dynamics vary across these dimensionsaly/saoformative about
the forces at work in the economy. However, our methodolsgyoit well-suited to
separately quantify the deeper sources of misallocatidms sk requires speci-
fying and solving a fully structural equilibrium model whicour analysis’ level of
generality, would be computationally unfeasible. Facexslaining the discrepancy
between the empirical and planner’s distribution of uneyplent across sectors -
that these structural models should incorporate - includeing costs of retraining
or migration, relative wage rigidity, risk-aversion andaerfect insurance, or certain
government policies that may hamper the reallocation @& ldbor from shrinking
to expanding sectors. Since moving costs are a charaatesfsihe physical envi-
ronment which would also feature in a planner’s problem, wage our benchmark
planner’s allocation is derived under costless betweetesenobility, our calcula-
tions on the role of mismatch have the nature of an upper hoéndlysis by Herz
and van Rens (2011) suggests that, relative wage rigiditp$a locations and indus-
tries) is vastly more important than moving costs as a scafrogsmatch. In light of
their finding, our planner problem may provide a tight uppaurd.

4 Data

We focus on three definitions of labor markets. The first is@brindustry clas-
sification. The second is an occupation classification, haseboth the two and
three-digit Standard Occupational Classification (SOG)awn!®. The third is a ge-
ographic classification, based on U.S. counties and mditapareas (MSAs}’

To be empirically viable, our methodology calls for: (i) sw@l data on vacan-
cies, unemployment, and the vacancy share of the matchimagidun for the M in-

16See Tables C1-C3 in Appendix B for a list of industries andupetions used in the empirical
analysis. In total, there are 22 two-digit SOCs and 93 tlilig¢-SOCs. We use all the two-digit
categories with the exception of Farming, Fishing, and &toye We exclude 3-digit SOCs exhibit-
ing fewer than 10 observations in the CPS unemployment saatrieast once in the sample period.
These small cells account for sixty percent of the thre&8i@Cs, but represent only 15.6 percent of
unemployed workers in the CPS.

1"\We focus on counties whose population is at least 50,000 angbgogether counties in the same
metropolitan area. This procedure gives a total of 280 Itzdmr markets.
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dex; (ii) data in (i) plus market-specific matching efficignmarameters for thé1,,
index; and data in (ii) plus information on productive effiscy (productivity and
separation rates) by sector for thd,; index and its corresponding counterfactual.
Deriving market-specific matching efficiencies, as welleswacancy share, involves
estimating matching functions, so it requires data on hires

4.1 Vacancies from the JOLTS and the HWOL

At the industry level, we use vacancy data from the JOLTS¢cWwiprovides survey-
based measures of job openings and hires at a monthly fregusarting from De-
cember 2000, for seventeen industries roughly correspgnoi the 2-digit NAICS
classificationt® At the occupation and county level, we use vacancy data frem t
HWOL dataset provided by The Conference Board (TCB). This movel data set
containing the universe of online advertised vacanciegeposn internet job boards
or in newspaper online editions. It covers roughly 16,00iiherjob boards and pro-
vides detailed information about the characteristics okdised vacancies for three
to four million unique active ads each morithThe HWOL database started in May
2005 as a replacement for the Help-Wanted Advertising Irafgxint advertising
maintained by TCB®

Each observation in the HWOL database refers to a uniquechdariains infor-
mation about the listed 6-digit occupation, the geograjiuation of the advertised
vacancy down to the county level, whether the position iddti+time, part-time, or
contract work (essentially self-employed contractorsarsultants: e.g., computer
specialists, accountants, auditors), the education tegiired for the position, and
the hourly and annual mean wagjeFor fifty-seven percent of ads we also observe

18Since the JOLTS is well-known and widely used, we do not mtevurther details. For more
information, see http://www.bls.gov/jlt/. See also Fahan (2009).

°The data are collected for The Conference Board by Wantetiritdagies. For detailed in-
formation on survey coverage, concepts, definitions, anthodelogy see the Technical Notes at
http://www.conference-board.org/data/helpwantedandfm

200ur empirical analysis covers the December 2000-June 26fitdpfor the JOLTS, and May
2005-June 2011 for the HWOL.

21The education and wage information is imputed by TCB. Edanas imputed from BLS data on
the education content of detailed 6-digit level occupagidiVages are imputed using BLS data from
the Occupational Employment Statistics (OES), based oadbepation classification. For a subset of
the ads we also observe the sales volume and the number afyaplof the company, as well as the
actual advertised salary range, but in this paper we do texhat to use this additional information.
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Figure 1: Comparison between the JOLTS and the HWOL (The ConferencedBdelp
Wanted OnLine Data Series) aggregate time series.

the industry NAICS classification. The majority of onlinevadised vacancies are
posted on a small number of job boards: about sixty percealt atls appear on five
job boards??

It is worth mentioning some measurement conventions in 8M&OH data: first,
the same ad can appear on multiple job boards. To avoid daableting, TCB uses
a sophisticated unduplication algorithm that identifiegqua advertised vacancies
on the basis of the combination of company name, job titeddption, city or state.
Second, there are some cases in which multiple locations{&s within a state) are
listed in a given ad for a given position. TCB follows the rthat if the counties are
in the same state or MSA, then the position is taken to reptessingle vacancy,
but if they appear in different MSA's and in different statdsen they reflect distinct
vacancies. In addition, the dataset records one vacan@dpén a small number of
cases multiple positions are listed in one ad, but the cdivensed is one vacancy
per ad.

More importantly, the growing use of online job boards overet may induce
a spurious upward trend. Figure 1 plots JOLTS vacancies a®H ads at the
national level. The total count of active vacancies in HW®below that in JOLTS
until the beginning of 2008 and is above it from 2008 onwaadgattern which may

22The five largest job boards are CareerBuilder, Craigsli@Bckntral, Monster, and Ya-
hoo!HotJobs.
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reflect the increasing penetration of online job listingsroime. Nevertheless, the
average difference between the two aggregate series isabolyt sixteen percent
of the JOLTS total, and the correlation between the two ageeseries is about
0.65. To the extent that this trend towards online recruiintes not differ too

much across sectors, our calculations are not affectededtidh 7.5, we propose a
reweighing scheme for HWOL that aligns it more closely to JSland show that

our findings remain robust. We report additional detailechparisons between the
JOLTS and HWOL vacancy series in Appendix B.1.

4.2 Unemployment from the CPS

We calculate unemployment counts from the Current Popre&urvey (CPS) for
the same industry and occupation classification that we oisg&cancie$® For
geography, we use the Local Area Unemployment Statistid&)&) which provides
monthly estimates of total unemployment at the county and\MSel>* The CPS
reports the industry and occupation of unemployed work@aes/ious jobs. We begin
by assuming that all unemployed workers search only in tbeos&vhere they last
worked. We relax this assumption in Section 7. The small $arsige of the CPS
limits the level of disaggregation of our analysis, and prés us from using HWOL
ads data to their full effec®.

4.3 Matching functions

To compute market-specific matching efficiency parametgerand vacancy share,
we estimate aggregate and sector-specific (constantisgtimiiscale) matching func-
tions using various specifications, estimation methodd,data sources. In partic-
ular, we follow Borowczyk-Martins et al. (2012) in dealingtivthe well-known
endogeneity issues in matching function estimation. AppeB.2 contains a de-
tailed description of our methodology and results.

ZIndustry affiliations are not available for all unemployedrkers in the CPS. From 2000-2010,
on average about thirteen percent of unemployed do not imakestry information. But only about
1.5 percent of unemployed are missing occupation infolmnatSome of these workers have never
worked before and some are self-employed.

24See http://www.bls.gov/lau/ for more information on LAUS.

2The average number of unemployed in the CPS for the May 2006re 2011 period is 4,557
with a range of 2,808 to 12,436.
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Our findings (see Table C4 in Appendix C) indicate that a valiuge vacancy
sharea = 0.5 is appropriate. This value is roughly in the middle of thegarof
estimates used in other recent papers in the matchingtiite® Moreover, our
mismatch indices are typically highest for= 0.5; therefore, this value is consistent
with the spirit of reporting an upper bound for mismatch uptoyment. Tables
C6-C8 in Appendix C contain estimates of sector-specifichiag efficiencies.

4.4 Productive efficiency

We use various proxies for productivity, depending on datalability. At the in-
dustry level, we compute labor productivity by dividing waladded for each indus-
try from the Bureau of Economic Analysis (annual data) byrage employment
in that industry from the Establishment SurvéyFor the Abraham-Katz version of
the mismatch index (see Section 2.3), we compuytas the variance of aggregate
productivity growth (computed as theg change in GDP divided by aggregate em-
ployment), and estimate the industry-specific elastgitiefrom regressions olog
sectoral productivity ofog aggregate productivity.

At the occupation level, we use annual data on average haatyes from the
Occupational Employment Statistics (OES) for lack of adyetiroxy?® Similarly,
at the county level, we use median weekly wage earnings flarQuarterly Cen-
sus of Employment and Wages (QCE® Ve recognize that wage levels might be
affected by factors other than productivity such as uniatan rates, compensating
differentials, and monopoly rents. To partially address ibsue, we normalize the
average wage for each occupation to unity at the beginnimgiosample and focus
on relative wage movements over time. We also apply the samaalization to
industry-level productivity measures for consistency.

We calculate job destruction rates at the industry levahftbe Business Em-
ployment Dynamics (BED) as the ratio of gross job losses tplegyment3® Since

26A few examples arer = 0.28 in Shimer (2005)q = 0.5 in Davis, Faberman, and Haltiwanger
(2010),ac = 0.54 in Mortensen and Nagypal (2007), anchetween 0.66 and 0.72 in Barnichon and
Figura (2013).

27See http://www.bea.gov/industry/

28See http://www.bls.gov/oes/

29See http://www.bls.gov/cew/

30See http://www.bls.gov/bdm/. We recognize this is an irfgarproxy for separations, but
monthly employment-unemployment transitions computethfCPS semi-panel at the industry level
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the BED is quarterly, we assume that the destruction rateeisame for the three
months corresponding to a specific quarter and impute thesmonding monthly
destruction rates. Because job destruction rates by otionpare not available, we
compute the employment to unemployment transition ratescloypation in the last
job from the CPS semi-panel. Figures C3 and C4 in Appendixdvghe evolution
of productivity and job destruction rates for selected stdes and occupations.

Finally, with respect to output from home-production foe thon-employed,
our quantitative analysis indicates that the impact of naiwim is the largest when
¢ = 0. In keeping with our measurement exercise’s upper boundg@atve use this
value in baseline calculations, but verify the robustnéssioconclusions for a range
of values for¢ betweerd) and0.25.

5 Results

We begin by documenting the dynamics of the cross-sectoratlation between
vacancy and unemployment shares, which anticipates soroardindings on the
mismatch indexes. Next, we study industry-level, occuyeti-level, and geograph-
ical mismatch unemployment, in that order.

5.1 Correlation between vacancy and unemployment shares

From our definition of mismatch, it is clear that mismatchares are closely associ-
ated with the correlation between unemployment and vacanages across sectors.
The planner’s allocation rule implies a perfect correlatietween unemployment
shares and (appropriately weighted) vacancy shares. &lation coefficient below
one is a signals mismatch, and a declining correlation ig@asiof worsening mis-
match. Figure 2 plots the time series of this correlatiorffament across industries
(left panel) and occupation (right panel) over the samplége For each case, we
report two different correlation coefficients motivatedthg definitions of the mis-
match indexes we derived in Section 3. Thesemareetween(u;,/u,) and (v /v;),

1

and p,: between(u; /u;) and (z;/Z;)= (vi/v:). The two series behave similarly.

are much noisier, and during 2001-2010, only sixteen péroequits ends in unemployment, as
opposed to ninety-one percent of layoffs (see Elsby et @10
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Figure 2: Correlation coefficient betweemandv shares across industries (left panel) and
two digit occupations (right panel).

They drop sharply from early 2006 to mid 2009 and recovereiier, indicating a
relatively short-lived rise in mismatch during the recessi

5.2 Industry-level mismatch

The left panel of Figure 3 plotd1, and M., across 2-digit industrie¥. This figure
shows that, before the last recession (in mid 2006), theidraof hires lost because
of misallocation of unemployed workers across industraagyed from two to three
percent per month, depending on the index used. In mid 2Q@Beand of the re-
cession, it had increased to roughly seven to eight per@amhpnth, and it has since
dropped again almost to its pre-recession level. To sunamabioth indexes indi-
cate a sharp rise in mismatch between unemployed workersaaht jobs across
industries during the recession, and a subsequent fajulgl decline®?

3IAll mismatch indexes throughout the paper are HP filtereditoieate high frequency move-
ments and better visualize the variation in the indexes.atdifate the comparison across different
definitions of labor markets, we plot all the mismatch indegad mismatch unemployment rates
using the same vertical distance on the y axis, 0.15 and 2ceptage points, respectively.

32To shed more light on the dynamics of the mismatch index, usisful to examine the evolution
of vacancy and unemployment shares of different industsesh as the individual components of
the index. In Figure C5, we plot the vacancy and unemployrsleates for a set of industries using
the JOLTS definition in Appendix C. The shares have beenivelgtflat in the 2004-2007 period.
However, starting in 2007, vacancy shares started to chaotyeeably. Vacancy shares declined in
construction and durable goods manufacturing while théttheactor saw its vacancy shares increase.
Concurrently, unemployment shares of construction andtdargoods manufacturing went up while
the unemployment share of the health sector decreasedin§tiiom 2010, sectoral unemployment
and vacancy shares began to regress towards their presi@tdsvels, with the exception of the
construction sector. The vacancy share of the construséotor remains well below its pre-recession
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Figure 3: Mismatch indexM; and M,; by industry (left panel) and the corresponding
mismatch unemployment rates (right panel).

How much of the observed rise in the unemployment rate carxplieed by
mismatch? Table 5.2 shows the change in mismatch unempiayeéveen the av-
erage of 2006 and October 2089.The main finding is that worsening mismatch
across these seventeen industries explains (dependingeandex used) between
0.59 and 0.75 percentage points of the rise in U.S. unemmayifnom 2006 to its
2009 peak, i.e., at most 14 percent of the increase. Thepayidl of Figure 3 shows
mismatch unemployment - the difference between the achatlze counterfactual
unemployment rates - at the industry level for the 2001-20drdod, computed as
described in Section 3.2. Mismatch unemployment has detlgince early 2010,
but it remains above its pre-recession levels. Figure Cégpehdix C shows mis-
match indexes with one source of heterogeneity at a tivig, M, M;, and the
corresponding mismatch unemployment rates. The reswtgey similar.

In Section 2.3, we have shown how the planner’s allocatide changes under
the alternative Abraham-Katz interpretation of sectomaplyment movements. As
Table 5.2 shows, the corresponding indek'/ implies a contribution of mismatch
unemployment similar to the benchmafk.

level.

33The average unemployment rate was 4.6 percent in 2006 argkteant at its peak in October
2009, indicating a 5.4 percentage point increase. Throuigthee paper we compare the average
of 2006 with the unemployment peak (October 2009) when weuds the role of mismatch in the
increase in the unemployment rate.

34Figure C7 in Appendix C shows the mismatch index and the spmeding mismatch unemploy-
ment computed using the benchmark specification and tieisaltive interpretation.
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Table 1:Changes in mismatch unemployment at the industry, ocaupadind county levels.
All the differences are calculated as the difference betw@etober 2009 and the average of
2006. Note that\u = 5.4 percentage points. All calculations are monthly, exceptife last
two lines which are quarterly.

Index U — Udg  U10.09 — U9 Alu—u*) A(u—u*)/Au
M 0.26 1.01 0.75 13.9 percent
M, 0.24 0.84 0.59 11.0 percent
MAK 0.28 0.89 0.61 11.2 percent
Industry Mo—het 0.39 1.10 0.71 13.1 percent
MY (e = 0.5) 0.67 1.90 1.22 22.5 percent
MY (e = 1.0) 0.35 1.24 0.90 16.6 percent
MY (e = 2.0) 0.27 0.95 0.69 12.7 percent
M 0.85 2.00 1.15 21.3 percent
M, 0.42 1.02 0.60 11.1 percent
2-digit Occ. MY (e = 0.5) 1.08 2.60 1.52 28.1 percent
MY (e = 1.0) 0.75 1.81 1.07 19.7 percent
MY (e = 2.0) 0.58 1.41 0.83 15.3 percent
- M 1.33 2.91 1.58 29.3 percent
3-digit Occ. M, 0.79 173 0.94 17.4 percent
Routine/Cognitive MFEC 0.41 1.07 0.67 12.3 percent
County M 0.32 0.46 0.14 2.6 percent
M, 0.32 0.45 0.14 2.5 percent
2-digit x division M 0.81 1.71 0.90 16.9 percent
2-digit M 0.68 1.53 0.85 16.0 percent

Table C9 and Figures C8-C11 in Appendix C contain a sensitamalysis of
industry-level mismatch with respect to valuesxafanging from 0.3 to 0.7; alterna-
tive estimates of matching efficiengy’s which are separately estimated for the pe-
riods before and after the recessijalues of the home-production flogwranging
betweer) and0.25 of aggregate productivity; using hires data from the CP&ab
of the JOLTS; and using HWOL vacancy data by industry instddde JOLTS. The
results are very robust: the contribution of (two-digitlirstry-level mismatch to the
rise in the unemployment rate around the Great Recessioesviaetween 0.5 and
one percentage points.

35\We denote this index as1re*,
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Figure 4: Mismatch indexes\; and M by 2-digit occupation (upper left panel) and 3-
digit occupation (lower left panel). Corresponding misohainemployment rates for 2-digit
(upper right panel) and 3-digit occupations (lower rightgid.

5.3 Occupation-level mismatch

Figure 4 plots theM, and M, indexes (left panels) and the resulting mismatch
unemployment (right panels) for 2 and 3-digit SOC#{; index for two-digit oc-
cupations rises by almost 4 percentage points. Similareégqo#ttern observed for
industries, the rise in mismatch leads the recession by @year. As seen in the
figure and in Table 5.2, based on thd, index, around 1.1 percentage points (or
21 percent) of the recent surge in U.S. unemployment cantbbuaéd to occupa-
tional mismatch measured at the two-digit occupation lefethe three-digit level,
the portion of the increase in unemployment attributabletematch is around 1.6
percentage points, or roughly 29 percent of the rise in timpioyment rate®

36Figure C12 in Appendix C shows the individual componentsefindex, the unemployment and
vacancy shares of selected 2-digit SOCs. As the figure iteficdhe shares have changed notice-
ably during the most recent downturn. Business and finaogiatations, production and construc-
tion/extraction were among the occupations that expeei@érecdecline in their vacancy shares and
an increase in their unemployment shares. Concurrenttgney shares of health-care practitioner
and sales and related occupations went up while the comdspgpunemployment shares declined.
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The M, index is lower than thé\; index and features a smaller rise, implying
around 2 percent of additional hires lost because of migmatbis index suggests
that between 0.6 and 0.9 percentage points of the rise inrteeployment rate (or
between eleven and seventeen percent of the increase) was dusmatch at the
2-digit and 3-digit SOC levels, respectively. Thereforeikar to what we found
for industries, the index that accounts for heterogeneityatching and productive
efficiency across occupations, implies a smaller role famatch unemploymest.

Acemoglu and Autor (2011) have argued that job polarizatiethe increas-
ing concentration of employment in the highest-wage (rautine) and lowest-wage
(routine cognitive) occupations, with job opportunitiagwmiddle-skill (routine man-
ual) occupations disappearing— is useful to interpretongirun aggregate employ-
ment dynamics in the United States. Jaimovich and Siu (284t2nded this analysis
to business cycle frequencies. We ask whether classifyirauatwo-digit occupa-
tions into these four categories (routine cognitive, ne@ithanual, non-routine cogni-
tive, and non-routine manual) captures most of the dynaafiocssmatch or whether
something is lost. We call this classification “Routine/@iige” and denote the
corresponding mismatch index with ¢, 38

Our findings are summarized in Table 5.2. Consistent witleiigting literature,
we do find that the vacancy (unemployment) share dropped)(faster for routine
manual occupations relative to the other groups, but tlassification can only ac-
count for about half of the increase in mismatch unemploytraerss the twenty-one
two-digit occupations, suggesting a residual rise in misimavithin these four broad
categories?

Table C10 and Figures C14-C15 in Appendix C contains a seibgianalysis
on occupational-level mismatch at the two-digit level wigispect to (i) the value of

Starting from 2010 unemployment and vacancy shares beganriaalize, similar to the JOLTS data.

37Figure C13 in Appendix C shows mismatch indexes with onecsaf heterogeneity at a time,
My, M, M;. The corresponding mismatch unemployment rates at thgiReicupation level are
reported in Table C10.

38We classify occupations at the wto-digit level instead ogdily using Acemoglu and Autor’s
2011 classification. While their way of classifying occupas is more detailed, our classification
broadly captures this distinction and is more comparabib thie rest of our analysis. See Table C2
in Appendix C for our classification of occupations into thésur groups.

39Figure C16 in Appendix C contrasts the unadjusted mismaidéx across these four occupation
groups against the index calculated at the two-digit lemet] reports the implied path for mismatch
unemployment.
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«; (i) alternative estimates of matching efficiengys separately estimated for the
periods before and after the recession; and (iii) valuesehbme-production flow
ranging between and0.25 of aggregate productivity. Our findings remain robust to
these alternative specifications.

5.3.1 Occupational mismatch within education groups and whin regions

Is occupational mismatch a more relevant source of unemmoy dynamics for less
skilled or for more skilled workers? A priori, the answer ial@iguous: more educa-
tion means more adaptability, but also more specializeaviedge. To address this
guestion, we define less than high school diploma, high dahploma or equivalent,
some college or associate’s degree, bachelor’'s degregluehiwithin each of these
four groups, we analyze mismatch by two-digit occupatidtinin each of these four
education groups.

The CPS provides information on the education level of tremypmloyed. Recall
that each job listing recorded in HWOL reports its six-digitcupation. The BLS
provides information on the distribution of workers empadyin each six-digit occu-
pation broken down by their educational attainm@ntve allocate the total count of
vacancies from HWOL in a given month for a given six-digit opation to each of
the four education groups we consider, proportionally sdducational attainment
distributions from the BLS3! Finally, we aggregate up to the 2-digit level to obtain
vacancy counts for each occupation by education cell. Thdicthassumption we
make in using the BLS information is that the educationalinegnent of newly cre-
ated vacancies, for each occupation, is equal to the edunehtiontent in the existing
jobs for that same occupation.

The counterfactual exercises summarized in Table 5.3eatevclear pattern: the
contribution of occupational mismatch to the rise in unesgpient between 2006
and 2010 grows as we move from the lowest to the highest dduczdtegory. In
particular, for the group with less than a high school edopamismatch explains a

4This information comes from the American Community Surveyicrodata from
2006-08. See the BLS website at http://www.bls.goviempebpe111.htm; see also
http://www.bls.gov/iemp/epducationtech.htm for additional details.

“IFor robustness, we have experimented with other allocatil@s, such as not imputing vacancies
of a given six-digit SOC to an education level that accouotddss than 15 percent of the workers in
that occupation. The results are very similar.

27



Table 2:Changes in mismatch unemployment across 2-digit occupafir different edu-
cation groups usingv;.

Ugs — Upg  U10.00 — Uigge A(u —u¥) Au Alu —u*)/Au
Less than HS 0.71 1.69 0.98 ppts 8.5ppts  11.5 percent
HS Degree 0.60 1.50 0.89 ppts 6.9ppts  12.9 percent
Some College 0.71 1.68 0.97 ppts 5.3 ppts  18.2 percent
College Degree 0.38 1.03 0.65ppts 2.7 ppts  23.9 percent

All the changes are calculated as the difference betweenb®c2009 and the average of 2006. Note
that Au = wu19.09 — ugg @and thatAu varies by education.

little less than one percentage point (12 percent) of thg&entage point increase
in the unemployment rate of that group. For high school gasek) mismatch ex-
plains 0.89 (13 percent) out of the 6.9 percentage poineas® in unemployment.
For those with some college, mismatch explains about 1.(pét8ent) out of a 5.3
percentage point rise in unemployment, and for collegeugtas 0.65 (24 percent)
out of the 2.7 percentage point observed increase. Thudtabion of the rise in
unemployment that can be attributed to the rise in occupatimismatch increases
monotonically with education from about one eighth to rdygine quarter of the
increase for each group.

In Figure 5 looking at occupational mismatch separatelyéarh of the four U.S.
Census regions reveals that the only region where our irsd&xlisignificantly above
its pre-recession level is the West, the region where thenfélouse prices and the
rise in unemployment were the sharpest.

5.4 Geographical mismatch

We perform our geographical analysis on mismatch across ddighties using the
HWOL data on online job ads coupled with LAUS data on the urleyga.

Figure 6 shows the indexégl, and M.; and the corresponding mismatch unem-
ployment rates. We find that geographic mismatch is very &ivo(t one-tenth of the
two-digit occupation index, even though the number of gsat®ten times higher)
and is essentially flat over the sample period. These twdtseare interesting be-

42Figures C17 in Appendix C plots mismatch indexes within garad education category. The
index for college graduates is the only one which is stilhffigantly above its 2006 level.

28



Northeast West

0.2 0.2
x
[}
20.15 ‘/\_\/ 0.15
e
[$)
IS
5 o1 ~ : 0.1 ~ :
=
0.05 0.05
2005 2007 2009 2011 2005 2007 2009 2011
South Midwest
0.2 0.2
x
[}
Eo_l5 A 0.15 /ﬁ//\
N
(&}
©
5 o1 0.1
=

0.05
2

0.0
2%05 2007 2009 2011 005 2007 2009 2011

Figure 5:2-digit occupational mismatch index&d; in the four U.S. Census regions.

cause they indicate that (i) the rise of the index with the benof sectors, and (ii) its
counter-cyclicality are not mechanical features of ourhdblogy, but they depend
on how the equilibrium distribution of unemployment andaacies varies (i) across
labor markets and (ii) evolves over the cycle.

Unsurprisingly, the rise in mismatch unemployment implled this index is
around one tenth of a percentage point, implying that ggadgcal mismatch—across
U.S. counties and MSAs—played a negligible role in the redgnamics of U.S. un-
employment. This finding is consistent with other recentkabiat investigated the
link between housing market and labor market using diffensethods. Examples
include Schulhofer-Wohl, 2010; Farber, 2012; Karahan ahdex)(2012); Kothari,
Saporta-Ecksten, and Yu (2019).

We also examine mismatch across labor markets jointly definyeoccupation
and location. Because of the small sample size of the CPSgfimedsectors as the
combination of 2-digit occupations and the nine Censussiins, and perform our
analysis at the quarterly frequency. Both mismatch indekrarsmatch unemploy-

43\We also compute geographic mismatch for the 50 U.S. stateg tiee HWOL data on online job
ads coupled with CPS data on the unemployed. The JOLTS melimited geographic information,
enabling us to study mismatch only across the four broad@eamgions. Our conclusions from these
state- and region-based analyses are fully aligned witkdhaty-based study.
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Figure 6: Geographical mismatch indexesl; and M, by county (left panel) and corre-
sponding mismatch unemployment rates (right panel).

ment are very similar to those computed at the two-digit pation level**

5.5 Isthe Great Recession different from the 2001 recessi®n

At the industry-level, the sample is long enough to allow mparison of mismatch
unemployment in the Great Recession to that of the 2001 sexesFigures 2 and
3 show that the fall in the cross-sectoral unemploymengéneag correlation and the
rise in our mismatch index is common to the last two downturhs Table C11
in Appendix C we report our calculations on the role of mischainemployment
in 2001. We find that worsening mismatch accounted for a tapgetion of the
(smaller) rise in unemployment in the 2001 recession (28ep#rinstead of 11 to
14 percent). This finding echoes the fact that the employmhgmamics for different
occupational groups were much more asymmetric in 2001 th&008 (Jaimovich
and Siu 2012).

6 Endogenous vacancy distribution

In this section, we relax the assumption of exogeneity oflieeibution of vacancies
maintained so far. Why would endogenizing vacancies affectcalculations? If,
in equilibrium, too many job-seekers search in the sectatis \w matching and
productive efficiency, private firms’ job creation decisare distorted. An excessive

44See Figure C18 in Appendix C and Table 5.2.
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number of vacancies will be posted in those sectors becduise bigher probability
of recruitment compared to the choice of a planner who alésceacancies and job
seekers based on relative efficiency across sectors. Tk isea lower number of
aggregate vacancies and a lower aggregate job-findingrraguilibrium—another
“feedback” effect of mismatch stemming, this time, from tlaeancy side.

We begin by stating some additional assumptions on theibguih data gener-
ating process required to identify the shocks to the vacarestion cost. These cost-
shocks are needed to compute the planner’s counterfacoahey distribution. We
then proceed to formally explain this additional feedbdékat of mismatch. Finally,
we present our findings. Appendix A.6 contains more detailalbthe derivations.

6.1 Measurement of the vacancy creation cost

Let the cost, in terms of final good, of creating vacancies in sectarat datet be

14

K (i) = K5, - ft? with & € (0, 00) . (14)
With this isoelastic specificatiors, measures the elasticity of the vacancy creation
cost, i.e., how the (log of the) the marginal cost increas#stive (log of the) number
of vacancie$? The random variable,, shifts the cost of vacancy creation across
sectors and overtime. We le}; be independent of the other idiosyncratic shocks, and
denote its conditional distribution &5.. The choice of how many vacancies to post
takes place after observing sectoral and aggregate dvatdsefore the allocation of
unemployment across sectors.

Up to this point, we could conduct our analysis without modgkthe behavior
and choices of firms and workers in equilibrium. However,teasurement dfx;; }
requires imposing a minimal amount of structure on the dayuilm data generating
process. Three assumptions suffice: (1) free entry of vaesunt each sector; (2) a
bargaining protocol between firms and workers such that thedbtains a sharg,
and the worker a shafé — \), of the expected discounted output flow—in particular,
outside options do not matter for the bargaining outcomen&haked and Sutton,

45Because of constant returns in the sector-specific matdhimggion, it is the convexity of the
cost function that prevents concentrating all vacancies.ememployed workers in the sector with the
highest efficiency. We follow the convention, common in tlitisrature, that this cost has to be paid
every period the vacancy is maintained open.
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1984; Acemoglu, 1996); and (2) no within-market congestixternality, in the spirit
of Hosios (1990}

Free entry is the standard condition determining vacarncigss class of match-
ing models. The choice of bargaining protocol is convenestause it enables us
to remain agnostic about the equilibrium value of unemplegtrfor a worker—
therefore reducing to a bare minimum the structure needédeoequilibrium model.
The Hosios condition isolates mismatch unemployment asiniigue source of dis-
crepancy between the efficient and equilibrium distritngiof vacancies.

Under assumptions (1) and (2), the equilibrium conditiothmeconomy of Sec-
tion 2.2 with heterogeneity iig;;, 2, i, kit } iS:

€ Uit e Zizy
Kig (Vi) = Doyt (U_zt) )\1 T A=A (1 =6 (15)
stating that the marginal cost of a vacancy in sectghe left hand side), also het-
erogeneous across sectors, is equated to its expectechalaygin for the firm (the
right hand side). Note that the individual firm takes the @edtmeeting probability
as given. Note also that, as— oo, v;; = 1/ky, I.€., vacancies are exogenously
determined. This special case corresponds to the econo®sotibn 2.

All variables in condition(15) are observable, except far, ande. For a given
value of the elasticity, we derive the sequence fey; that makes that condition hold
exactly at every datein each sectoi. This strategy amounts to attributing, residu-
ally, fluctuations in vacancies to variation in the cost df gveation, once exogenous
variation in productivity and separation rates (both obslele) have been accounted
for.4” Then, we can use this cost sequence in the planner’s vacesatyom condition
to compute the planner’s distribution of vacancies.

46The extensive form game corresponding to this bargainingomoe is spelled out in Acemoglu
(1996, Appendix 1). The key assumption is that if, once theipdormed, a party wants to quit the
bargaining, it can rematch within the period within the sasmetor (i.e., with an identical partner) by
paying a small fixed cost.

471t is well-known that productivity shocks alone are unatdeskplain fluctuations in vacancies
in a matching model with standard parameterization (Shid®85). Investigating the fundamental
sources of vacancy fluctuations is beyond the scope of tipisrpslve limit ourselves to point out that
recent papers (e.g., Petrosky-Nadeau 2013) have empt#isizmole of credit shocks and asymmetric
information in lending for the observed collapse of job ti@aduring the last recession. In these
models, this mechanism works through the free entry camdiprecisely as a source of fluctuations
in k4. A planner subject to the same asymmetric information woade the same fluctuations:is, .
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6.2 Comparison between equilibrium and planner FOCs

In Appendix A.6, we show that the planner problem of Sectid) 2ugmented with
a vacancy creation decision where the planner faces théuasion (14), yields the
first-order condition

*

-«
c e (uy ZiZit
ki (07)" = ey (v* ) 9 B(1—=A)(1—0dy) 4o

it

equating the marginal cost of a vacancy to its marginal gainurn equal to the
expected discounted value of output conditional on matghitmes the marginal
effect of an additional vacancy on the probability of megtm unemployed worker
allocated to sectai®

A comparison of equation§l5) and (16) is instructive. Imposing the Hosios
condition\ = « in (15), within-market congestion externalities are ruled out e
only reason why equilibrium vacancies in sectatiffer from their efficient coun-
terpart is that the number of unemployed workers is the “gfame, i.e., the only
reason is mismatch unemployment. If in equilibrium an egsesnumber of unem-
ployed workers search for jobs in declining sectors, firmsild@reate more vacan-
cies than the planner in those sectors, amplifying thealnstource of misallocation.
Combining equationél5) and(16), we therefore arrive at the relationship

1—a
Vit (uzt) trate
~ %
Ust Ujy

which demonstrates that the extent to which mismatch uneynpnt, i.e. deviations
of u;; fromw},, translate into misallocation of vacancies in equilibri(ira., deviation
of v; from v},) depends on the value of the elasticityif the marginal cost function
is steep £ high), large differences in the ratia;;/u},) and, therefore, in meeting
probabilities and expected output gains, translate intallstifferences in the ratio
(vi /) . In this case, the planner’s vacancies are close to equifibviacancies, as
assumed in our benchmark analysis. If, instead,close to zero, the misallocation

48For ease of exposition, in equatiort) we have already set the flow output from non-employment
( to zero, since this is the value we use in the quantitativéyaisato facilitate the comparison with
the baseline model). Recall that in the model with exogemagancies we usefl = 0 because we
found that it is the value that maximizes the role of mismatéh the derivations in Appendix A.6
are obtained for the general case 0.
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of unemployed workers across sectors translates “one @t ioto the distribution
of vacancies.

In Appendix A.6, we lay out a simple algorithm to compute thenper’s optimal
allocation of vacancies across sectfrg }, and we explain how to modify the cal-
culation of counterfactual unemployment to take into actahis additional margin
of choice for the planner. It is instructive to examine thiatienship between the
planner and the equilibrium aggregate job-finding rate iméconomy:

1 g\ o v\
fr=tem——- (=) (=) ()] (17)
(1 - Mxt) Uy ¢$t Ut
——— N—— N~ ~~ -
Direct Effect ~ Feedback through Feedback through

where ¢, is given by equatior{11) and ¢?, is the same aggregator, but with the
planner’s vacancy share$/v; instead of the observed shares. Compargd2g the
equation above features an additional mismatch feedb&mtt ¢iat operates through
vacancies and has two components. Mismatch reduces thegaggiob-finding rate,
one, by distorting the distribution of vacancy shares asextors (the first term in
the square brackets), and, two, lowering total vacandmesggcond term).

6.3 Results

The first challenge we face is to choose a value for the mdrgos elasticitye.
Here, we rely on the existing literature. Merz and Yashiv020specify a cost func-
tion where the argument is hires, and estimate an elastitityl0 on aggregate U.S.
time series. Given a Cobb-Douglas specification for the miagcfunction and a
value fora = 0.5, their estimate translates into an elasticity with respeeacancies
of 1.20. Cosar, Guner, and Tybout (2011) use establishment-latalfdr Colombia
and estimate to be1.085. Lise and Robin (2013) report an estimatezadf 1.12
based on aggregate U.S. time series. In all these papeidetiidication ofs comes
from the response of vacancies and employment changesdaginaty shocks, and
¢ is precisely estimated. We conclude that existing estisate, at various level of
disaggregation, are quite tightly centered around one.

Givene, we can estimate the sector-specific vacancy cost creatictonggs;; }.
Our estimates of vacancy costg increase for almost all industries and occupations
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Figure 7:Aggregate vacancies and (left panel) and correspondingnatish unemployment
rates (right panel) at the industry level using endogenagancies specification with JOLTS.

during the recession, therefore contributing to the olesemacancy drop. Figure
C19 in Appendix C plots the estimated sequences;pin selected industries and
occupations for the cagse= 1. Next, we compute the distribution of the planner’s
vacancies and the implied planner’s aggregate job-findatgwith endogenous va-
cancies (17), which we then feed into the law of motion for@hemployment rate
to perform our counterfactual exercise.

Table 5.2 summarizes the resuitive first present our analysis by industry. Fig-
ure 7 (left panel) plots aggregate vacanecips the planner’s economy for different
values ofs. The main result is that quantitatively significant devoas between;
andv, (the data) occur only for low values of the cost elastieityrore > 1, planner
and equilibrium vacancies line up closely. This finding ileeted in the calcula-
tion of mismatch unemployment (right panel). Foe 1, with endogenous vacancy
creation, mismatch unemployment rises by 0.9 percentamgsguetween 2006 and
October 2009, that is only an additional 0.3 percentagetpoéiative to the exoge-
nous vacancy calculation. Fer= 0.5, mismatch unemployment is generally higher,
but its increase between 2006 and October 2009 is still ab8ytercentage points—
not far from the case of unit elasticity.

Turning to occupations, for = 1, planner and equilibrium vacancies line up
fairly closely and, as Figure 8 indicates, the contribubdmismatch unemployment
to the rise in the U.S. unemployment rate between 2006 andb@ct2009 is 1.1

49The indexes computed with endogenous vacancies have stipers.
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Figure 8:Aggregate vacancies and (left panel) and correspondingnatish unemployment
rates (right panel) at the occupation level using endogernauancies specification with the
HWOL (The Conference Board Help Wanted OnLine Data Series).

percentage points. Far= 0.5, it increases up to 1.5%, or 28% of the total rise in
unemployment.

To summarize, as expected, the contribution of mismatchmpi®/ment is larger
when the distribution of vacancies is endogenized. Neets, our results of Sec-
tion 5 derived under exogenous vacancies (or infinite matginst elasticity) are
close to those obtained from the model with endogenous egaaeation and uni-
tary marginal cost elasticity, a specification supportedekigting estimates. Our
calculations also show that mismatch could have played amnaile in the recent
rise of unemployment, by dampening aggregate vacancyi@neanly if one is will-
ing to maintain that the cost elasticity is below 1/2. Whil& aurrent knowledge
suggests that such a range is not too plausible, the numlaeabéble empirical es-
timates of this parameter is still small, so more researdeésled to firmly establish
this inference.

7 Robustness on inputs and specification of the match-
ing function

The matching function is a key ingredient of our analysisthis section we investi-
gate a number of potential concerns that relate to the mesunt of its inputs (job
seekers and job vacancies) and to its specification.
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Our unemployment counts for industry and occupation areutated from the
CPS samples. We explore whether this random sampling carajera bias in our
mismatch index. With respect to job seekers, we have asstina¢cach unem-
ployed worker is searching in the same industry or occupai®the one where she
was last employed. Here, we correct our index for the dioeatif search based on
observed unemployment-employment transitions. Sincéoitues of our study is on
mismatchunemployment, so far we have only included unemployed workers among
job-seekers in all our calculations. It is useful to ask weetour findings are ro-
bust to broader definitions of job-seekers which includgsli6couraged workers,
and (ii) employed workers searching on the job. The HWOL deataggregate va-
cancies show a stronger upward trend than their JOLTS crarte If this trend is
uneven across sectors, it may bias our mismatch measureswdeassess the mag-
nitude of this bias. Finally, we have assumed that the inpates of vacancies and
unemploymenta, 1 — «) are constant across sectors. This assumption is crucial for
maintaining tractability, but the model can be solved nuoadly with heterogeneous
shares to confirm this restriction does not drive our findings

Since the endogenous vacancy creation margin did not suladhaaffect our re-
sults, section we use the baseline model with an exogenstrghdtion of vacancies.
In this section, with the exception of the industry and oatign level adjustment for
the direction of search and heterogeneity in input sharelsiehwequires a long time
series and is therefore done at the industry level — we parfur sensitivity analysis
for two-digit occupations. Finally, we uskt; (the index unadjusted for heterogene-
ity) since, as clear from Table 5.2, it leads to the largel& for mismatch. All the
results of the robustness checks in this section are surnedgin Table 7.2 .

7.1 Sampling error as a potential source of bias

In Section 5 we documented a positive correlation betweemgphoyment and va-
cancy shares across industries and occupations. Undesdiimario, classic mea-
surement error in sectoral unemployment counts may lead tgaard bias in our
mismatch index because it artificially lowers the crosgesat correlation between
vacancy and unemployment shares towards zero (an examfo&isfon bias”).

To assess the size of the bias, we draw 5,000 independentesamiih replace-
ment, from our CPS data at the 2-digit occupation and inglustrel. Each boot-
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strapped sample is of the same size as the original CPS s&inpler each sam-
ple, we compute the mismatch index. The mean index compubed the resulting
sampling distribution is virtually identical to our poinstemate, suggesting that this
potential source of bias is quantitatively negligible. N\ihe sampling distribution in
hand, we are also able to compute confidence intervals fonisraatch index and for
mismatch unemployment. The 95% confidence band for mismatemployment is
around 0.2 percentage points in both cases, thereby confjriinat our estimates are
quite precise. See Figure C20 in Appendix C.

7.2 Adjustment for direction of search

We now relax the assumption that unemployed workers seartheir last sector
of employment, and propose an alternative calculation @hlimber of job-seekers
in each industry or occupation by exploiting the semi-patielension of the CPS.
Respondents in the CPS are interviewed for several congecnbnths and we can
track unemployed workers who find new employment from onetimtwthe next and
record: (i) industry/occupation of the job prior to the werk unemployment spell;
(i) industry/occupation of the new job. We then create aritansition matrices
(from sector to sectorj) by aggregating monthly flows, as in Hobijn (2012). We then
infer the number of job seekers in each sector using a simatestscal algorithm,
whose key assumption is that every unemployed searching jim in sectorj has
the same probability of being hired, independently of thet@eof origin, except
when coming from sectar itself in which case she is allowed to have a higher job-
finding rate. The method is outlined in detail in Appendix B3

The second row of Table 7.2 shows that, when using adjustethployment
counts by occupation, the contribution of mismatch to tlse in the U.S. unem-
ployment rate is virtually the same as in the baseline (fosf)r > The estimated
transition matrices by industry and occupation reveal thatbulk of unemployed

S0we did it in two ways: (i) using the unweighted microdata freine CPS, and (i) using the
population weights in the CPS. Results are almost unchanged

SlFigures C21 and C22 in Appendix C plot the adjusted and usssjuunemployment counts
for some selected industries and occupations. As expectedxample, this correction reduces the
number of unemployed workers searching in constructioniacrgéases that of those seeking jobs in
healthcare.

52Figure C23 in Appendix C plots both the mismatch ind‘eb%"‘“ij and the corresponding mis-
match unemployment by 2-digit occupation and by 2-digitistdy.
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Table 3:Changes in mismatch unemployment across 2-digit occupmatising the baseline
index M, with different adjustments.

Ups — Upg  U10.09 — Upg9 Alu—u*) Alu—u*)/Au

M 0.85 2.00 1.14 21.3 percent
Mu—adi 0.84 2.00 1.16 21.4 percent
MP (@l DinU) 0.92 2.03 1.11 20.6 percent
MP (D from constr. and prod. ify) 1.06 2.33 1.27 23.4 percent
ME (E: weighted by search time) 0.78 1.90 1.13 20.9 percent
MPE (E: fraction searching) 0.79 1.97 1.18 21.8 percent
Mvy—ad 0.92 2.12 1.19 22.1 percent

The second row displays the adjustment for the directioreafch. The first adjustment for discour-
aged (D) workers (third row) counts all discouraged worlkersnemployed (U) while the second one
(fourth row) only counts discouraged workers from condtaicand production as unemployed. The
first adjustment for employed (E) job seekers (fifth row) imédy using the time used for job search
by the employed relative to the unemployed while the secdaljgsament (sixth row) assumes that
all employed who report positive search time are countechasployed. The seventh row reweighs
vacancies from HWOL. All the changes are calculated as tfierdnce between October 2009 and
the average of 2006.

workers keep searching in their previous employment settuis is the key reason
our findings are robust to this adjustment.

7.3 Adjustment for discouraged workers

According to the CPS, an individual is unemployed if she duoatshave a job, has
actively looked for employment in the past four weeks, anclisently available to
work. However, itis possible that some workers become disgred by unsuccessful
job searching and reduce their search intensity enough ttelssified as out of the
labor force in the official statistics. This grey area betwaaemployment and non-
participation is occupied by “discouraged workets.”

If workers from certain occupations are more likely thanesthto become dis-
couraged (and exit from unemployment) or remain discoutdgad delay re-entry
into the unemployment ranks), our mismatch measures—lmastte official unem-
ployment counts—may be biased. For example, if most of teeoadiraged workers

53The CPS classifies as discouraged workers those indivithut#n the labor force who want and
are available for a job and who have looked for work sometimthé past 12 months (or since the end
of their last job if they held one within the past 12 monthsit,Wwho are not currently looking because
they believe there are no jobs available or there are nongtitmh they would qualify.”
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who dropped out of the labor force during the last recessimimate from the con-
struction sector, then the number of unemployed would benalersestimate of the
true number of potential job seekers in the constructionosedn this example,

actual mismatch would be larger than what we measure whémding only the un-

employed among the job-seekers. However, if the numbersafodiraged workers
across sectors is roughly proportional to that of the unegga, then the effect of
this adjustment would be minor.

To correct for this potential source of bias, we count woskeithe CPS classified
as “discouraged not in the labor forceDJ), record their previous occupation, and
add them to the corresponding unemployment stock, monthdoytmfor the entire
sample period? Table C12 in Appendix C reveals that, on average, the digtdbs
of discouraged and unemployed workers are strikingly sinatross occupations—
the correlation is around.95. As a consequence, including discouraged workers
only marginally affects the job-seeker shares of diffetdupations. As Table 7.2
and Figure 9 show, the difference between the modified midmiatiex, which we
call MP, and the original index is quantitatively insignificant.

Next, to maximize the potential impact of such correctioa,omly count discour-
aged workers in construction and production related odouma (mostly manufac-
turing) as unemployed, the occupation groups with the krigperease (decrease) in
their unemployment (vacancy) share. Once again, the augthas small effects:
the contribution of mismatch to the rise in the unemploynrate is 23.4% as op-
posed to 21.3% in the baseline case. All these results aogtegpin Table 7.2, and
Figure C24 in Appendix C shows the plot of mismatch unempleyn

7.4 Adjustment for employed job-seekers

Since the CPS does not have any information on employed vsijkd search be-
havior, we use the American Time Use Survey (ATUS) to imptue number of

54The information about previous occupation of discouragetkers is incomplete. We therefore
compute the distribution of previous occupations and weuimpt (as if that was a random sub-
sample) to the entire sample from the sub-sample of disgedravorkers for which we have this
information (around 10% of the total). We have also tried keraative strategy where we identified
those workers who flowed from unemployment to discourageimetveen montt andt + 1 and we
added them back to the unemployment pool in the occupationgih at month:. Results are similar
with both methods, but the effect of this adjustment is lafgethe first strategy and, hence, in what
follows we only report results for that case.
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Figure 9: Mismatch indexM P by occupation including all discouraged (D) workers and
only discouraged workers in Construction and ProductiokRCin unemployment (U) (left
panel). Industry-level mismatch index ®—"¢* computed with vacancy share parameter
estimated separately by industry (right panel).

employed job seekers in each sector. The ATUS reports therinod time respon-
dents devoted to various activities on the day precedingdtheof the interview,
including time spent on job search activities. In additibmeports the individual’s
occupation (2-digit SOC) and her employment status. Thasz allow us to make
an adjustment for on-the-job search. The correction isénstime spirit as the one
for discouraged workers, i.e., broadening the notion ofgebkers. This modified
index is calledM~.

We implement two versions of this adjustment. First, we cotephe ratio be-
tween the average time spent searching by employed wonkesscupationi and
that spent by the unemployed, and augment the job-seekat tbaccupation in
montht with a number equal to that ratio times the CPS employmerkstothis
same occupation-montf. This method’s shortcoming is that, if employed workers
allocate less time to job search because they are moreieffeste underestimate
the contribution of employed job-seekers. In our secondigar we compute the
number of all the workers employed in occupatiomho report any positive amount
of time spent searching for another job and add this to thenpi®yment stock in
occupation.>®

55The ATUS has a considerably smaller sample size relativiee PS, so we can only make this
adjustment for each occupation by pooling all the years 320011) together.

6For this extension, we do not perform a correction for theeation of search, as we did
for unemployed job seekers. A recent paper by Hyatt and Maffert (2013) uses Longitudinal
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These modifications do not result in major changes in thelbligion of job seek-
ers across occupations and thus have very small effectsranismatch measurés.
The plot of the modified mismatch index is shown in Figure G2Bppendix C.

7.5 Reweighing of HWOL vacancies

The two main concerns with the HWOL data are that some sentayssystemati-
cally over- or under-use online recruitment tools compaoetthe aggregate and that
some sectors may have faster or slower upward trends in tietnaéion of online
advertisement. To address these concerns, we reweight HVd€dncy counts by
occupation to match the total JOLTS vacancy counts month @gtimby industry
and region. Appendix B.4 describes our approach in detalil.

Table C13 in Appendix C reports the estimated weights bystigiand region. A
low (high) weight means that sector or region makes use ai@neécruitment boards
more (less) than the aggregate economy. Our findings are iptititive. Finance,
real estate, and professional services are among the mestepresented indus-
tries in online recruitment, while accommodation, goveentand construction are
among the most under-represented. Weights can changeimer However, the
correlation between the 2005-06 and the 2010-11 weight®@; ihdicating that the
upward trend is quite common across sectors.

When we recompute the mismatch index using these reweightahcy counts
by 2-digit occupationf1”~*?) we do find a slightly higher increase in occupational
mismatch (see Figure C26 in the Appendix), but as can be se@&ahle 7.2, the
counterfactual exercise yields results similar to our lasealculation with the raw
HWOL data. Overall, these findings are encouraging and, ey, more will be
learned about the virtues and limitations of this new data Ber the moment, one
should bear in mind that results based on HWOL may be not asitilefias those

Employer-Household Dynamics (LEHD) data to calculate thaustries of origin and destination
of employment-to-employment flows. We calculated the dati@n between the entries of their tran-
sition matrix and the entries of the one we estimated for ypleyed workers in Section 7.2. This
correlation is very high (0.96), suggesting that our cdfoedfor on-the-job search would be robust to
a further correction for the direction of search, as the aoe@sed for the unemployed job-seekers.

57Over time, the correlation between the modified and originamployment shares of occupations
is between 0.987 and 0.997 with the first method; it is abo98®with the second method. The
average absolute difference between the modified and thmakindex is 0.01 when we use the first
method while the second method yields 0.007.
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based on JOLT®

7.6 Sectoral heterogeneity iny

So far, we have assumed that the elasticity of hires to vaesife) in the matching
function is the same for all sectors. Here we relax this aggiom and follow the
derivation in Appendix A.7 to numerically solve for the sarel mismatch index and
for mismatch unemployment, whernvaries across sectors. We perform this analysis
by industry because we need a long time series to preciseiyae o; sector by
sector, and JOLTS has over 50 data points more than HWOLe T4 in Appendix

C reports the estimates of and the implied new estimates of by industry. There

IS some variation iny; across industries and, while most of these differences are
statistically insignificant, there are sectors with lardggsgcities (e.g., Health and
Government, where; is between 0.7-0.8) and others with elasticities half agelar
(e.g., Construction and Real estate, wheres between 0.35-0.4).

How much does this heterogeneity affect our estimates afniatish unemploy-
ment at the industry level, relative to the homogeneogase? Figure 9 shows that
the two mismatch indexes track each other closely until titea# the recession, but
the index calculated allowing for heterogeneityair{M~~"¢!) declines more grad-
ually afterwards. As a result, mismatch unemployment (diggd in Figure C27 in
Appendix C) remains higher than its homogeneauunterpart throughout 2010,
but only by 0.2 percentage points.

8 Conclusion

In this paper, we developed a framework to coherently defienaeasure mismatch
unemployment. We use this framework to ask how much sectoishatch con-
tributed to the dynamics of U.S. unemployment around theaGRecession. Our

%8In a previous version of the paper (Sahin et al 2012) we alsbbess the issue that vacancies
may be measured with error (in both JOLTS and HWOL), sinceafidtires occur through formal
advertisement (see, e.g., Galenianos 2012, for an analfs$iging through referrals). We show
that markets where vacancies are severely under-repartédliike markets with higher matching
efficiency, and argue that our calculations are still apped@. Intuitively, it makes no difference to
the planner whethep;, is high in a sector because pure matching efficiency is hidieoause actual
vacancies are larger than those formally advertised: ih bases, the planner would like to allocate
many job-seekers to that sector.
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findings indicate that mismatch across counties, 2-digitigtries, and 3-digit occu-
pations explains around 1/3 of the recent rise in the U.Smph@yment rate. Our

formalization of mismatch and several choices made in oursmement exercise
mean that this estimate should be considered as an upped bourach level of

disaggregation we analyzed.

While our approach admittedly does not put us in the bestipagio separately
identify the many potential causes of mismatch, we argueatiayzing different lay-
ers of disaggregation (e.g., occupation, industry, edoicageography), as we do, is
informative. The absence of an increase in geographicahatish casts doubts on the
house-lock hypothesis, a conclusion in line with existiegearch (e.g., Schulhofer-
Wohl 2010; Farber 2012; Karahan and Rhee (2012); Kothapo®a-Ecksten, and
Yu 2013). Occupational mismatch plays a non-negligible rekpecially for higher-
skill workers. This leaves room for explanations based dgoatlons of labor demand
shifts with human capital specialization, relative waggdity, and government poli-
cies. Kambourov and Manovskii (2009), Alvarez and Shimed.(®, Carrillo-Tudela
and Visscher (2013), and Wiczer (2013), among others, hepgoged equilibrium
models where unemployed workers accumulate specific huagaitatand, in equi-
librium, make explicit mobility decisions across distinabor markets. Going for-
ward, these frameworks should be potentially well-suitehtestigate the structural
causes of mismatch unemployment, to uncover why job-seedearch for work in
the wrong sectors.
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A Theoretical Appendix

This Appendix formally derives all the theoretical resutsSections 2 and 6. In what follows,
we adopt a recursive formulation for all the planner’s penh$, and state them as dynamic-
programming problems where the arguments of the plannaltefunctionl” are the relevant
state variables. The prime symk6l is used to denote next-period values.

A.1 Benchmark environment

We solve the planner’s problem of Section 2.1. The efficillotation at any given date is the
solution of the following planner’s problem that we writergcursive form:

I
Vie;v,0,Z2,A,®) = max Z(e;+hi)+ BE[V (e;v, ¢, Z/ A, &)

{u; >0} i—1
s.t.
1
i=1

FZ,A,@ (Z/7 A/7 (I)/7 Z7 Aa q)) ) 1—‘V (V/; v, Z/u Ala (I)/) ) F¢ (¢/7 ¢) (A4)

The per period output for the planner is equakt¢e; + h;) in each market. The first constraint
1
(A1) states that the planner has- > e; unemployed workers available to allocate across sec-

tors. Equatior{ A2) states that, onzc_e1 the allocati¢n, } is chosen, the frictional matching pro-
cess in each market yieldsy;m (u;, v;) new hires which add to the existirgactive matches.
Equation(A3) describes separations and the determination of next pedétribution of ac-
tive matcheqe.} in all sectors. Ling A4) in the problem collects all the exogenous stochastic
processes the planner takes as given.

It is easy to see that this is a concave problem where firgrardnditions are sufficient
for optimality. At an interior solution«; > 0 for all 7), the choice of how many unemployed
workersu; to allocate in market yields the first-order condition

v

200, (L) + BBV, (€. 0 2, 8,00 (L= ) 00 () = (89

2

wherey is the multiplier on constraintAd1). The right-hand side (RHS) of this condition is the
shadow value of an additional worker in the unemployment pwailable to search. The left-
hand side (LHS) is the expected marginal value of an additionemployed worker allocated
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to sectori. The derivative of the sector-specific matching functioms written as a function of
local market tightness only (with a slight abuse of notgtimecause of its CRS specification.
The Envelope condition with respect to the statgields:

Vo, (v, 0,2,0,0) = Z — p+ B(1 — A)E[V,, (¢V, ¢, 2", A, @], (A6)
from which it is immediate to see, by iterating forward, tfafv,, (e’; v/, ¢, Z', A’, ®)] is
independent of, since productivity and the job destruction rate are comawsaoss all sector?.
Using this result intq A5) , the optimal rule for the allocation of unemployed workersoas
sectors can be written as equatidn in the main text.

A.2 Heterogenous productivities and destruction rates

We extend the baseline model of Section 2.1 as follows. Iddals (still in measure one) can
be either employed in sectofe;) , or unemployed and searching in sectou;) , or out of the
I

labor force. The aggregate labor forceis > (e; + u;) < 1.
=1
Labor productivity in sectof is given byZz;, where each idiosyncratic componentis

strictly positive, i.i.d. across sectors and independdrthe aggregate stat&. The non-
employed individuals produce outpgfZ > 0 (which can also be interpreted as the value of
additional leisure), and the unemployed incur in an extsatility cost of searcl§ > 0.

Let the conditional distribution of the vecter= {z;} beT, (z’, z). The idiosyncratic com-
ponent of the exogenous destruction rate in sect®bp;, i.i.d. across sectors and independent
of A, Z andz;. Let the conditional distribution of the vectér= {9} bel's (¢’, ) . The survival
probability of a match is the(l — A) (1 — ;). The vector{Z, A, ®,z,v, ¢, } takes strictly
positive values.

Itis convenient to impose additional structure on some itamdl distributions: as specified
in the text, we assume thaf, 1 — A, z;, 1 — ¢;) are all positive martingales. The timing of
events is exactly as before, with the decision on the sizeeofabor force for next period taken
at the end of the current period. The recursive formulatibtihe planner’s problem has three
additional states compared to the problem of Section 24 cthrent number of unemployed
workersu, the vector of productive efficiencies and the vector of destruction ratés The

S%We are also using the transversality condition;_, ., 5*(1 — A)*E[V,,,] = 0.
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planner solves the problem:

1
V(u,e;z,v,6,0Z,A®) = max > Zz(e;+hi) — {u+ Z(¢
i=1

I
1-— Z (ei + hz)
i=1

{u’ivel}
+ BEV (' €2 v ¢ 8 7 A D) (A7)
s.t.
I
Z u < u (A8)
=1
e = (L=A)(1—d)(ei+h) (A10)
I
L Z e, (A1)
i=1
u; € [0,u],¢ €1]0,1], (A12)

Izae(Z A @52, A,@), Iy (Viiv, 2, A", @', 2') Ty (¢;9) . T, (2';2) , I's (', 0) (A13)

The choice of how many unemployed workergo allocate in thé market yields the first-order
condition

(%

2 (= 0, () 4 SB[V + V0] (1= D) 1 =8y wm (2) = (a24)

7 7

wherey is the multiplier on constraint48). The Envelope conditions with respect to the states
u ande; yield:

Vi (u,e;2,v,0,0,Z, A, ®) = p—¢ (A15)
Ve, (u,€;2,v,0,6,2,A,®) = Z(z—)+B1-A)1-6)E[V, V. (A16)
According to the first Envelope condition, the marginal watii an unemployed to the planner
equals the shadow value of being available to segtgmet of the disutility of searcly. The
second condition states that the marginal value of an eredleyorker is its flow output this
period, net of the foregone output from non-employments ghidiscounted continuation value
net of the value of search, conditional on the match not bdesgroyed.
The optimal decision on the labor force size next pefiagquires

E[V, (W, ez v, ¢ 0, 72 A &) =0. (A17)

By combining(A17) with (A15), we note that the planner will choose the size of the labor
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force so that the expected shadow value of an unemployedan@ik’] equals search disutility
¢ (note that¢ does not feature in this equality because both unemployedg¢ekers and non-
participants producez).%°

Using (A17) into the Envelope conditiofA16), and exploiting the additional assumption
that all the elements of the vector= (Z,1 — A, z;, 1 — ¢;) are independent martingales, iter-
ating forward we arrive at:

17 Z(Zi - C)
E [‘/;z] o 1— B (1 _ A) (1 _ 52> (A18)
which, substituted into equatiam14) yields
v; pA-A)(1-0d) Vi _
Z (zi — Q) ®pimy, (u—l) + 1—f(1—A)(1- 5i)Z (zi = C) Ppim, (U_z) =u. (Al9)

Rearranging, we conclude that the planner allocates iblar o equalize

Zi —C (%
1-801-A)(1— 52-)@7”“2' (I) (A20)

2

across sectors, which is expressi@nin Section(2.2) in the main text. Finally, we note that to
guarantee and interior solution, i.e., a positive meastitmemployed workers in each sector,
we must impose that the lower bound of the distribution;@xceeds .

A.3 Endogenous separations

We now allow the planner to move workers employed in seciato unemployment (or out
of the labor force) at the end of the period, before choodegsize of the labor force for next
period. There are two changes to the planner’s problem dfi@®ed.2. First, the law of motion
for employment becomes

e; = (1—=A)(1—6)(ei+ hi) — 0s. (A21)

Second, the planner has another vector of choice varigbléswith o; € [0, (1 — A) (1 — 6;) (e; + hy)] -
The decision of how many workers to separate from sec&anployment into unemploy-

ment is:
<0 —o0,=0

EVi()=V.()]] =0 —=0,€(0,(1—A)(1—6) (e + hy)) (A22)
>0 o= (1-A)(1—38) (e + hy)

%01t is clear that our result is robust to allowiggo be stochastic and correlated with, A, ®).
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depending on whether at the optimum a corner or interiortewarises. If the first-order
conditions(A17) hold with equality, then the optimality conditiqd22) holds with the®* < ”
inequality andr; = 0. As a result, the planner’s allocation rut2) remains unchanged.

A.4 Heterogeneous sensitivities to the aggregate shock

Let productivity in sectoi be Z" and letlog Z follow a unit root process with innovatiarinde-
pendent ofA and distributed a8/ (—o./2, o). Note that [(Z')"] = Z" exp (n; (n: — 1) %) .
denote); = exp (n; (; — 1) &) . We maintain thafl — A, 1 — 4;) follow unit root processes.
Using(A17) into the Envelope conditiofA16) yields

Vo, =2" —(Z+B1—-A)(1-6)E[V/]. (A23)

Solving (A23) forward by using the unit root assumption, viaéaon

ARY Z
1-B(1-A)(1-6)% 1-B1-A)(1-0)

E[V]=

€i

Substituting this expression fd# [V ] into equation(A14) and rearranging, we conclude that
the planner allocates unemployed workers so to equalize

1—5(1—ZA77)1(1—@)92' S 1-80 —CZA) (1—50} i (%)7

7

across sectors, which is expressi8hin Section(2.3) in the main text. Since; could be larger
than one, a necessary additional technical condition we imyose is5 (1 — A) (1 — §;) ; <
1 for all .

A.5 Properties of the mismatch index

First, we prove tha0 < M, < 1. Since all the components of the sum(8) are positive,
My, < 1. Under maximal mismatch (no markets where unemploymenvacancies coexist),
the index is exactly equal to one. To show thdt,, > 0, note that

e e R )
Li=1 "]
« 11—
w5 ) (5)
£ Z¢ (vzt) i=1 i=1

IA
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where the< sign follows from Holder’s inequality. It is easy to showatlthe index becomes
exactly zero in absence of mismatch by substituting thecatlon rule(7) into the index.

By inspecting(8) , it is also easy to see that thel ,; index is invariant to “pure” aggregate
shocks that shift the total number of vacancies and unersplayp or down, but leave the
vacancy and unemployment shares across markets unchanged.

To show that the mismatch index is increasing in the levelisdgregation, consider an
economy where the aggregate labor market is described byitwensions indexed b, j),
e.g., I regionsx J occupations. LetM,;; be the mismatch index over thesectors and
M1 be the one over thé x J sectors. From the disaggregated matching function, we have
hije = @tgb”tvmum Summing this expression ovgwields

« l—«
Vij Uij a, l-a
Z¢Zﬂt (th) (u—ﬁ) ] TT (A24)
it it

j=1

zt - E (I)t¢zytvzjtuzjt

At the aggregated level, we hakg = ®,¢,viu;, * and therefore (A24) implies that

J @ o\ 1
Gir = 2_; Dije <QZ]t) <QZ—:) . (A25)

1t

Now consider the disaggregated matching index. We have

1 J

N 11—«
1 =My = Z Z zz]tt <U;]tt> <uqzt> (A26)

=1 j5=1

for
I J «
Gro = [ZZ% (vm)] , (A27)
i=1 j=1

Manipulating the above expression yields

J
11— M(Z)IJt = o4 l-a Z Z ¢2Jtv23tumt

¢1Jtvt

I

1 « -«
§ a, 1—«a § UZ]t uijt
= T 11—« Uzt it ¢Ut
Uy Uit

¢1Jtvt i=1 j=1

e
(%7 Ugt
CbIJt ;¢Zt (U_t) (Ut)
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where the third step above follows from (A25). Next, manging (A27) delivers

I J N
- )1 1 Vije
¢1Jt = s ;Un ([; ¢ijt (Uit )] )

|
Q

where the second step above follows from the iden}ﬂjz1 Uijt = Ust
inequality yields

1< J Ui\ (s N\
n ijt ijt

¢1Jt > — (%7 ¢"t < - ) <—>

Ut ; ’ ; “ (%7 Uy

I o
_ {Z@i (—)} — dn
i=1 t

whereg, is an expression equivalentdg,, in (A27) for the case where thé x .J) sectors are
collapsed intd sectors. Combining results, we have shown that

. Applying Holder’s

2o

and so we must havud1 s, ;; > M.
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A.6 Planner’s problem with endogenous vacancies

Optimal vacancy creation Consider the planner’s problem of Section 2.2 solved in Ap-
pendix A.2, the most general of our environments. To singglile notation, without loss of
generality, letz; denote output in sectamet of the flow output from nonemploymefitif we

let the creation of vacancid®;} be under the control of the planner, we have:

I
Viu,e;z,¢,0,k,24, A, P) = max Zzi(e; + hy) — K; (v;) — Eu
(.12, )=y 3 )~ () =&
+ BEV (€2, ¢, 8 k.2 A &) (A28)
s.t.
I
Zui < u (A29)
i=1
&g = (1=A)(1—05)(e; +h) (A31)
I
u o= =) ¢ (A32)
i=1
u; € [0,u], 0 €[0,1],v; >0 (A33)

FZ,A,‘I’ (Z/a Ala (I)/J 27 A? (I)> ) F(Z? ((blu (b) ; FZ (Z/; Z) ) F5 (5/7 5) ; FH (KJ/7 ’%) (A34)

The optimality condition for vacancy creation is

Ko (18) = @ () {22+ 50— 2) (- 8)E [V, 0]}

Using the expression fdE [V, (-)] obtained in(A18) and the functional forms fok; andm
specified in the main text, we obtain expressjos).

Calculation of planner’s vacancies We now lay out an algorithm to compute the plan-
ner’s optimal allocation of vacancies across sectors. leging conditior( A20) dictating the
optimal allocation of unemployed workers across sectaxgngthe distribution of vacancies
{vf}, yields

*

: 1 o
%= [ K — ] (A35)
ur 1 — o — Z2%0

T—B(1-A)(1=5,)

1

1

wherey is the multiplier on the resource constrain} u; < w. Substituting(A35) into (16)
i=1
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yields an equation for the optimal number of vacancies itoséavhich reads

L1 e \ e 7200, o
“Z':E<1—a) (ﬁ) [(l_a)l—ﬁ(l—A)(l—&J S e

Summing over all’s, we arrive at the optimal share of vacancies in sector

1/e
L Zz(z’i @
v ri | T=BO—A)(1=5)

= e (A37)

I 1 26 o
2im1 7% [m]

only as a function of parameters, which is quite intuitiee higher is productive, matching and
job creation efficiency in sectay relative to the other sectors, the larger its share of wdean
However, to solve the model, we need to determindéiag of v; which requires eliminating
w from (A36). Combining again the two first order conditions, and sumnaicrgss all sectors,
we arrive at

1+(1—a)/e 1+1/e

“*Z(lfa)lk[z“l‘“’]#G) a Zi[ e
(A38)

which establishes a unique inverse relationship betwesmd*: the higher the number of idle
workers, the lower the shadow value of the constraint.

Equation(A38) suggests an algorithm to solve far. At any date, before choosing how to
allocate vacancies and unemployed workers, the total nuailiéle workers is a state variable
for the planner, i.ey* is known. One can therefore back qufrom (A38), and therw; from
(A36) andu; from (A35).

Counterfactual unemployment To perform the counterfactual on unemployment with
endogenous vacancies, we use the same iterative proceskoebed in Section 3.2, with the
caveat that the relationship between the planner’s jobrghte and the empirical job-finding
rate at date is now given by

U A NP R A A R VA AV A
ft_u_?_q)t%t(@) =/ 1 — My (Uf) [(Q_Sxt) (Ut) }’ (A39)

where¢,, is given by equatior{11), and¢?, is the same aggregator with shafes/v;) in-
stead of(v;;/v;) . Whenv}, = v;; (i.e.,e — o0), equation(A39) collapses to the relationship
f =1f/ (1 = My)] (us/ui)® that we have used in our baseline counterfactual with exagen
vacancies.
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A.7 Model with heterogeneousx

We now extend the model of Section 2.2 and introduce segieiic matching functions;.
We retain the constant-return Cobb-Douglas specificatahwe allow the vacancy share
(and hence the unemployment share «) to vary across sectors, i.e., hires in sectat datet
are now given by the matching function

hiy = Pyavsiug, . (A40)

By replicating all the steps outlined in Section A.2, we \arat the set off first-order
conditions (one for each sectqr

(Zz't - C) v\ N

1
which, together with the adding-up constrajntu,;, = u,, yields a system of/ + 1) equations
i=1

in(Z+1) unknowns{{u;;}f:1 ,Mt} at every date, which can be solved numerically.
Since optimal hires ark!, = ®,¢;,v" (uf)' ™", the mismatch index atis

I
i, l—a
h > Gy uy
t i=1
M;Etzl—ﬁzl—
t

- .
Qg x\1—a;

> Pivgy (uy)

=1

Even if this mismatch index has no longer a closed form, iasydo compute once we have the

vector of planner’s allocations of unemployed workers ssgectorg«}, } . The counterfactual
unemployment rate is still obtained as described in Se&i2rof the paper.
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B Data Appendix

B.1 Comparison between JOLTS and HWOL vacancies

Vacancies recorded in JOLTS are derived from a sample oftab®000 business establish-
ments. JOLTS vacancies represent “all unfilled, postedipasiavailable at an establishment
on the last day of the month. The vacancy must be for a speasitipn where work can start
within thirty days, and an active recruiting process mudtihéerway for the position.” (Faber-
man, 2009, p. 86). As noted in Section 4, the HWOL databadeatslads from job listings
posted by employers on thousands of internet job boards alnteanewspapers. The HWOL
program uses a mid-month survey reference period. For eeamgta for October would be
the sum of all posted ads from September 14th through Octt&tér This reference period
is aligned to the BLS unemployment “job search” time peridthe monthly vacancy counts
that we use in our calculations are total monthly undupdidatds appearing in the reference
period. This figure therefore includes both newly postedeamisads reposted from the previous
months.

Sampled establishments in the JOLTS only report their owectiemployees and exclude
“employees of temporary help agencies, employee leasingaaies, outside contractors, and
consultants,” which are counted by their employer of recaat by the establishment where
they are working! Thus, this approach captures temp-help and leasing woakdosg as their
employers are sampled in the JOLTS, but does not capturelfrersployed contract workforce
(these workers typically receive a 1099-MISC form instefd W-2 form to report payments
received for services they provide). On the other hand, t#WOH series includes postings
for contract work. In what follows, we often also report HWQ@hcancy counts excluding
contract work, to make the series more comparable to the 3@h&asure of vacancies, but in
our empirical analyses of mismatch with HWOL data we consatleads, including those for
contract work.

We perform two exercises to compare the vacancy counts wieogeteach data source, one
at the regional level and one at the industry level—regiahiadustry are the only dimensions
available in both JOLTS and HWOL. First, we compare totalavextes by Census region in
Figure C1. The HWOL series tend to be lower than the JOLT &sdxefore 2008 (especially
in the South), and higher from 2008 onwards (especially énNbrtheast). The two series are
closest in the West: here the correlation between the HWQ@LI&LTS series is 0.94. In the
other three regions the correlation is lower: 0.27 in thewdt, 0.40 in the South, and 0.54
in the Northeast. Our re-weighing strategy in Section 7 ksaibs to correct for the possibility
that online ads penetration may differ across regions.

61See the JOLTS Technical Note at http://www.bls.gov/nesisase/jolts.tn.htm.
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For about 57% of the job listings, we observe the NAICS codéefemployer. There-
fore, we are able to directly compare vacancy counts by ingfi®om HWOL to those in the
JOLTS. We report in Figure C2 scatterplots of vacancy shayemdustry from JOLTS and
from HWOL—for the latter, we report both total vacanciesyaedl as vacancies without con-
tract work. The top panel of the figure reports average vacahares over the sample period
under consideration. Most data points are close to the gBeddine, indicating that the va-
cancy shares by industry in the two series line up fairly wedpecially when we omit contract
work from HWOL to make it more comparable to the JOLTS. Theydmlo sectors where
JOLTS and HWOL show significant differences in vacancy share “Public Administration”
and “Accommodation and Food Services.” The bottom paneirtephe change in average va-
cancy shares between 2006 and the 12 month period arounanbec009 for each series.
Again, the JOLTS and HWOL series are quite close to each oflittrthe exception of “Public
Administration.”

We have investigated whether the missing industry infoiomah HWOL exhibits any sys-
tematic patterns that may have skewed our analysis. Fostobss, we re-weighted the industry
observations in HWOL as follows: first, we dropped obseoratifrom individual Job Boards
with the highest rates of missing NAICS codes. Then, we rigghted the remaining observa-
tions to correct for any correlation between NAICS missiatpes and Job Board, occupation
or Census region. In other words, if vacancies for specifio Board, SOC, Census region)
combinations are more likely to have missing NAICS codes ydrancies that do have NAICS
information in those cells are assigned a larger weight mmating total vacancies by indus-
try.6? The resulting vacancy shares are almost identical to thasedoon the raw data.

To sum up, the comparison between JOLTS and HWOL vacancyt€suggests that there
are some discrepancies in the behavior of two series. The cmsicerns are (i) the possible
over- or under-use of online advertisement in certain se¢tegions and/or industries) and (ii)
the presence of an upward trend in the use of online recruitthat could artificially mitigate
the drop in job advertisements around the last recessiahifdilate the subsequent recovery).
We address these issues in Section 7 and show that our @ligetiesults on mismatch mea-
sures are robust.

52For example, suppose a (Job Board, SOC, Census region)asefbhr observations. Observation one is in
NAICS code 11, observations two and three are in NAICS codei@8 observation four has a missing NAICS.
Thus, the missing NAICS rate @525. Then, a weight of /(1 — 0.25) = 1.333 is applied to each observation with
non-missing NAICS. So we find 1.333 job vacancies in NAICSecdl, and 2.667 job vacancies in NAICS code
13.
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B.2 Matching function estimation

Throughout our analysis we assume matching functions argtaot returns to scale. We begin
by imposing a Cobb-Douglas specification. At the end of teigisn we show that, when we
allow for a more general CES specification, our results goiwards an elasticity of substitution
statistically close to one.

To compute market-specific matching efficiency parametgrsand vacancy share, we
use various data sources. At the industry level, we use eg=mand hires from JOLTS, and un-
employment counts from the CPS. At the occupation level, seeuacancies from HWOL but
do not have a direct measure of hires as in JOLTS. Theref@eonstruct hires from the CPS
using flows from unemployment into a given occupatidor people who are surveyed in adja-
cent months. Because these monthly flows are quite noisyse/@ B-month moving average
of the data, and aggregate occupations into five broad otionpggroups. For comparison pur-
poses, we replicate the analysis at the industry level ukiegonstructed “CPS hires” as well.
At the aggregate level, we perform the estimation using BGTS and HWOL vacancies, and
both JOLTS and CPS hires.

The estimation of matching functions is subject to an endeg problem, as shocks to
unobserved matching efficiency may affect the number ofrvaiea posted by firms—much like
TFP shocks affect firm’s choice of labor input. To deal witlstlssue, we follow two strategies
suggested by Borowczyk-Martins, Jolivet, and Postel-yi(2012). First, they recognize that
some of the major movements in matching efficiency inducingas in the OLS estimator
are low-frequency ones. As a result, modeling explicitly ttynamics of matching efficiency
through time-varying polynomials and structural breakesgga long way towards solving the
problem even with the simple OLS estimator. This is the fiostte we take. At the aggregate
level, we estimate:

h
log <—t) = const +v'QTT; + alog <ﬂ) + €, (B1)
Ut Uy
whereQTT, is a vector of four elements for the quartic time trend whglmieant to capture
shifts in aggregate matching efficiency (i.¢,,in the model).

At the sectoral level, we are interested in the sector-fipemmponent of matching effi-
ciency orthogonal to common aggregate movements in aggregatching efficiency. There-
fore, at the industry and 2-digit occupation level, we perfehe following panel regression:

Vit

hi re 08
log (—t) = 7' QTT; + X{e<ory log (¢]") + Xqu=ory log (¢}°") + alog (u—) +ei, (B2)

Uit it

wherex ;-¢7; is an indicator for months after December 2007, the offid¢attf the recession,
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to absorb sector-specific shifts in matching efficiency.

Borowczyk-Martins, Jolivet and Postel-Vinay (2012) alsognse a GMM estimator to take
care of the simultaneity bias. This method requires imgpaim ARMA(p,q) structure on the
matching efficiency process: we follow their model selatpootocol and set = 3 andq = 3.
We use an over-identified GMM estimator implemented witlr fegs of market tightness and
one lag of the job-finding rate as instruments, as they argisetiie one delivering the most
precise parameter estimates.

Table C4 displays the full set of estimates of the vacancyesb@rametedi. In the aggregate
regressions, the estimated vacancy share varies betws2eand(.67; in the panel regressions,
the estimates are somewhat lower varying betwegh and(0.53. To construct our mismatch
indices, and in our calculation of mismatch unemploymeuetpick a value oty = 0.5 for two
reasons. First, it is the midpoint of our estimates with aggte data. Second, our mismatch
indices are typically highest far = 0.5; therefore, in the spirit of reporting an upper bound for
mismatch unemployment, we use this value.

The estimated quartic time trend (not shown) drops durimgrétession in all our OLS
specifications, consistent with a deterioration of aggeegaatching efficiency. With regard to
sectoral matching efficiency, in our baseline calculatimesuse the estimates obtained with
JOLTS hires for the industry level mismatch analysis, arakéhwith CPS hires for the oc-
cupation level analysis. In all cases, we use giheerecession matching efficiency parameter
estimates, and verify the robustness of our findings to thisce. The estimated matching effi-
ciency parameterg; pre- and post-recession are reported in Tables C6-C8. Bayavements
in the common componert, the quartic in time, changes over time in sector-specifichag
efficiencies are small.

Finally, in order to examine the plausibility of the Cobb@pas specification, we general-
ize (B2) and estimate the following CES specification viaimimim distance:

log <%) = 7' QT Ti+x<ory 10g (¢]")+X {107y log (‘b?OSt)jL% log {04 <%) + (1= O‘)} €t

it it (B3)
Recall thats € (—o0,1) with 0 = 0 being the Cobb-Douglas case. A simulated annealing
algorithm is used to ensure that we attain a global minimu®2 @onfidence intervals are
computed via bootstrap methods. The estimation resultseparted in Table C5. The point
estimates ob range from—0.11 to 0.18 depending on the specification, implying an elasticity
betweer).9 and1.2. In the specification with HWOL vacancies and CPS hires, wacotreject
the null thato = 0 at the 5% significance level. In the other specifications WEh.TS data,
o = 0 lies just outside the 95% confidence interval, but the patiheates are close to zero,
implying values close to unity for the elasticity of the ntatgy function.
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B.3 Adjustment in sectoral unemployment count

Let u;; be the number of unemployed workers at datehose last job is in sectar andU;; be
the true number of unemployed actually searching in séctbdatel. Also Ietuft be the number
of unemployed whose last job is in seci@nd who are searching in secfoBYy definition, we
haveu; = ZJI.ZI uft The key unknown at each datés the vecto{ Uy, } .

From the panel dimension of CPS we obsédr{iethe number of unemployed workers hired
in sectorj in periodt whose last job was in sectar Let the total number of hires in sectpr
in periodt be /. Assume that the job-finding rate in secjois the same for all unemployed,
independent of the sector of provenance, with the sole ¢xceiptheir previous job was in that
same sector, in which case their job-finding rate is highea fgctor~; > 1, or:

J j
h—j = (14) h;?t, fori # j. (B4)
Wiy Wiy
The average hiring rate of sectpis the total number of hires fgrdivided by the total number
of unemployed looking in sectgror:

e 0E)

Substituting( B4) into the above equation delivers:

b R wl, i, [
__Z< zt) ( Z) (1—|—’)/t) 5 (U—jt>
i#] Uit it

Because the ratid’, /«, is the same across dlk# j, we can pull it out of the sum above and
obtain, after rearranging:

" (2) l1+% (—)yl if i # j

—it = -1 (BS)

i (1+%)( )[H%(i)] if i = j

Since we do not obser\zﬁgt/th, we want to substitute it out. Note that

j Me (2
Wiy hl \ 1+

th 1 — h_ét Yt
Rl \ 1+
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and using this expression {i35), we arrive at a relationship between the hiring rate fidm;
and the average hiring rate jn
h . h]
L

UJ it Uj

it

(B6)

where .
W, e
1—h—é<ﬁ> if i £ j
hl, ’ e
(1+%>{1—,§-(ﬁ>} if i = j

Rearranging equatiof36) and summing across gllyields, at every, the equations:

J
it —

in the (I + 1) unknowns{U;:},v;. The last equation needed is the “aggregate consistency”

condition
I I
Z th = Z Ut (B7)
j=1 j=1

stating that the true distribution of unemployed acrossoseanust sum to the observed total
number of unemployed. We therefore have a syste(d ef 1) equations i/ + 1) unknowns.

In our calculation of unemployment counts, to guarantee ramegative solution to the
linear system, we set to zero all entries in the transitiotricesh/, which account for less than
5% of hiresh? in any given sector at any dateWe find that the estimated valuespfare all
close to one.

B.4 Reweighting of HWOL vacancies

Let vZ, be the vacancies in the HWOL data for industry 1, ..., I and region = 1,..., Rin

montht. Let v;, be the corresponding count for JOLTS vacancies. The obgeigtito reweigh
monthly vacancies in HWOL to match those in JOLTS by indusimg region (the only two
common variables across data sets). We therefore solvesttethe following set of 7 x R)

equations

I

H _ J
E Ujpg = Wit = Wre = Upy
i=1
R

H _ J
E Uipg = Wit * Wrt = Uy
r=1
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for the (I x R) vector of weights{w;;, w,+} . Our solution algorithm imposes that weights must
be positive, but this constraint is never binding in praztitable C13 reports the average esti-
mates of these weights over 2005-2006 and 2010-2011. Wectirapute reweighed vacancy
counts by occupationin montht as

I R
H _ H
Vot = § § Wit * Wrt * Vgt -

i=1 r=1

Our reweighed occupational mismatch index of Figure C26asel on this revised vacancy
count.
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C Additional figures and tables
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Figure C1: Comparison between the JOLTS and the HWOL (TheeCemce Board Help
Wanted OnLine Data Series). Top-left panel: Northeast-flgipt panel: Midwest, Bottom-
left panel: South, Bottom-right panel: West.
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HWOL vs. JOLTS Vacancy Shares, All Years
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Figure C2: Top panel: comparison between vacancy shardgeid®LTS and HWOL (The
Conference Board Help Wanted OnLine Data Series) for the R#5 to June 2011 period.
Bottom panel: change in average vacancy shares from 2006lyd?009-June 2010 in the
JOLTS and the HWOL. See Table C1 for an explanation of ingldabrels.
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Figure C3: Productivity levels (left panel) and job destiog rates (right panel) for selected
industries. Source: BEA and BLS for productivity levels &8tD for job destruction rates.

45 45 0.07 T T T 0.07
—e—Business and Financial Operations —e— Business and Financial Operations
—*—Sales and Related —*—Sales and Related
igcalthca‘rp Pra‘céit]*i:oncr i —E—ICI(‘,althcazp Prac(tiitéor;cr .
il struct: e xtract 4 i onstruc E ract;
ot = Gomstrcton o Extraction 4 0os| = Gomimetion und Exirction 006
35r 135 0.051 10.05
)
T
30r 130 @ 0.04r -10.04
s
S
25 125 §0.03— -10.03
1 %]
20;_’_0—’—&/6_’_0___6—(> 120 0.02r 10.02
15;’/_—_.—. 115 0.01r 0.01
| e g
]2% | 1 1 1 1 1 19 % 1 | . . 1 1 0
05 2006 2007 2008 2009 2010 2011 201 2005 2006 2007 2008 2009 2010 2011 2012

Figure C4: Wages (left panel) and job separation ratest(pghel) for selected occupations.
Source: OES for wages and CPS for job separation rates.
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Figure C5: Unemployment and vacancy shares by selectedtiydu
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Figure C6: Mismatch indexe$d;, M, My, M., and M, by industry (left panel) and the
corresponding mismatch unemployment rates (right panel).
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Figure C7: Mismatch indexes1,, by industry (left panel) and corresponding mismatch un-
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Figure C8: Mismatch indexX 1, by industry (left panel) and the corresponding mismatch un-
employment rates (right panel) for various valuesagfthe vacancy share parameter in the
matching function
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Figure C9: Mismatch index\1; by industry for different values of the utility flow from non-
employment (left panel) and the corresponding mismatch unemploynaasr(right panel).
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industry classification in HWOL (The Conference Board Helanféd OnLine Data Series).
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Figure C12: Unemployment and vacancy shares by selectegbation.
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nonemployment (left panel), and the corresponding mismatch unemploymatess (right
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Figure C20: Mismatch indexX; by 2-digit industry (top-left panel) and occupation (botto
left), mismatch unemployment rate by industry (top-riganel) and by occupation (bottom-left
panel) with the corresponding 95% bootstrapped confiderteevals.
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Figure C21: Adjusted unemployment counts for selectedstreis.
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Figure C25: Mismatch indexe®1; by occupation (left panel) and the corresponding mismatch
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Figure C26: Mismatch index by 2-digit occupation: unadjusted index amdex computed with
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Code

Industry

ACC
ART
CON
EDU
FIN
PUB
HEA
INF
MFG
MFG
MIN
OTH
BUS
REA
RET
UTL
WHO

Accomodation and Food Services
Arts, Entertainment and Recreation
Construction

Education Services

Finance and Insurance

Government

Health Care and Social Assistance
Information

Manufacturing-Durable Goods
Manufacturing-Nondurable Goods
Mining

Other Services

Professional and Business Services
Real Estate and Rental and Leasing
Retail Trade

Transportation, Warehousing and Utilities
Wholesale Trade

Table C1: Industry classification in the JOLTS. The codesialéft column are those used in

Figure C2.
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Code Occupation

Classification

110000 Management Occupations

130000 Business and Financial Operations Occupations
150000 Computer and Mathematical Occupations
170000 Architecture and Engineering Occupations
190000 Life, Physical, and Social Science Occupations
210000 Community and Social Service Occupations

230000 Legal Occupations

250000 Education, Training, and Library Occupations
270000 Arts, Design, Entertainment, Sports, and Media @eations
290000 Healthcare Practitioners and Technical Occupation

310000 Healthcare Support Occupations
330000 Protective Service Occupations

350000 Food Preparation and Serving Related Occupations
370000 Building and Grounds Cleaning and Maintenance Catoups
390000 Personal Care and Service Occupations

410000 Sales and Related Occupations

430000 Office and Administrative Support Occupations
470000 Construction and Extraction Occupations
490000 Installation, Maintenance, and Repair Occupations

510000 Production Occupations

530000 Transportation and Material Moving Occupations

Cognitive/Non-routine
itBagNon-routine
Cognitive/Mutine
Cogaiitlen-routine
{fiwgMNon-routine
CogriNie-routine
Cognitive/Non-routine
CtggiNon-routine
Cognitive/Non-routine
Cognitive/Non-routine
Manual/Non-reutin
Manual/Non-reutin
nudlidlon-routine
Manual/Non-routine
Manual/dldme
Cognitive/Routine
CiggiRoutine
ManuaifiRe
Manual/Routine
Manual/Routine
MadRoutine

Table C2: 2-digit SOC Codes used in our empirical analysise @lassification in the right

column is that used in Figure C16.
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Code

Occupation

111000
113000
119000
131000
132000
151000
211000
252000
272000
291000
311000
339000
352000
353000
359000
372000
373000
399000
411000
412000
413000
419000
433000
434000
435000
436000
439000
452000
472000
493000
499000
512000
514000
519000
533000
537000

Top Executives

Operations Specialties Managers

Other Management Occupations

Business Operations Specialists

Financial Specialists

Computer Occupations

Counselors, Social Workers, and Other CommunitySaatal Service Specialists
Preschool, Primary, Secondary, and Special Educ&thool Teachers
Entertainers and Performers, Sports and Relatekievgor

Health Diagnosing and Treating Practitioners

Nursing, Psychiatric, and Home Health Aides

Other Protective Service Workers

Cooks and Food Preparation Workers

Food and Beverage Serving Workers

Other Food Preparation and Serving Related Workers

Building Cleaning and Pest Control Workers

Grounds Maintenance Workers

Other Personal Care and Service Workers

Supervisors of Sales Workers

Retail Sales Workers

Sales Representatives, Services

Other Sales and Related Workers

Financial Clerks

Information and Record Clerks

Material Recording, Scheduling, Dispatching, arsdrDuting Workers
Secretaries and Administrative Assistants

Other Office and Administrative Support Workers

Agricultural Workers

Construction Trades Workers

Vehicle and Mobile Equipment Mechanics, Installensl Repairers
Other Installation, Maintenance, and Repair Odoups
Assemblers and Fabricators

Metal Workers and Plastic Workers

Other Production Occupations

Motor Vehicle Operators

Material Moving Workers

Table C3: 3-digit SOC Codes used in our empirical analysis.
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Aggregate regressions Panel regressions

JOLTS HWOL Industry (JOLTS) Occupation (HWOL)
OLS GMM OLS GMM oLS oLS
. 0.654 0.661 - - 0.532 —
JOLTSHIres 4510y (0.037) - _ (0.013) _
Sample Size 126 126 - — 2,142 —
CPS Hires 0.318 0.298 0.332 0.536 0.241 0.279
(0.017) (0.136) (0.038) (0.059) (0.014) (0.016)
Sample Size 126 126 72 72 404 370

Table C4: OLS and GMM estimates of the vacancy shanesing the JOLTS and HWOL
datasets. S.E. in parenthesis. See Section B.2 for details.

JOLTS HWOL
@) ag (8] ag
. 0.576 0.152
JOLTSHires 16 542 0.603]  [0.051,0.242] ]
oPS Hires 0.301 0.18 0.239 -0.108

[0.267,0.350] [0.08,0.303] [0.194,0.291] [-0.226,0.p04

Table C5: Estimates of the vacancy shand CES substitutability parameterusing industry
and occupation level data. 95-5 confidence intervals coegvis bootstrap. Sample sizes are
the same as in Table C4.
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Industry prre gpost

Mining 1.71 1.36
Arts 1.69 1.87
Construction 166 1.73
Accommodations 153 1.60
Retail 1.47 1.46
Professional and Business Services 1.43 1.45
Real Estate 141 1.22
Wholesale 1.21 1.35
Other 1.14 1.16
Transportation and Utilities 1.14 1.16
Manufacturing - Nondurables 0.96 1.00
Education 0.94 1.02
Health 0.93 1.05
Government 0.87 0.89
Finance 0.85 0.73
Manufacturing - Durables 0.84 0.78
Information 0.76 0.70

Table C6: Estimates of industry-specific match efficienagag hires from the JOLTS.

Industry Groups Industry prre ppost
Group 1 Construction 0.50 0.55
Mining
Manufacturing
Group 2 Other 0.42 0.44

Transportation and Utilities
Accommodations
Arts
Group 3 Professional and Business Services38 0.39
Retail
Wholesale
Education
Finance
Government
Group 4 Health 0.33 0.33
Information

Real Estate

Table C7: Estimates of industry-specific match efficienagiag hires from the CPS.
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Occupation Groups Occupation ppre ppost

Protective Service Occupations
Food Preparation and Serving Related Occupations

Service Building and Grounds Cleaning and Maintenance Occupatio?ié38 0.63
Personal Care and Service Occupations
Natural Resources, Construction and Extraction Occupstio
Construction and Maintenance Installation, Maintenaaoe, Repair Occupations 0.56 0.63
Production, Transportation Production Occupations 048 0.52
and Material Moving Transportation and Material Moving Qpations ' '
. Sales and Related Occupations
Sales and Office Office and Administrative Support Occupations 037035
Management Occupations
Business and Financial Operations Occupations
Computer and Mathematical Occupations
Architecture and Engineering Occupations
Management, Life, Physical, and Social Science Occupation
Professional and Related Community and Social Service gatmns 0.32 0.33

Legal Occupations

Education, Training, and Library Occupations

Arts, Design, Entertainment, Sports, and Media Occupation
Healthcare Practitioners and Technical Occupations
Healthcare Support Occupations

Table C8: Estimates of occupation-specific match efficemasing hires from the CPS.
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Index U — Ugg  U10.00 — Ulgoe A(u —u*) A(u—u*)/Au

M 0.26 1.01 0.75 13.9%

M, 0.24 0.84 0.59 11.0%

M 0.28 0.89 0.61 11.2%

MY (e =0.5) 0.67 1.90 1.22 22.5%

MY (e = 1.0) 0.35 1.24 0.90 16.6%

MY (e = 2.0) 0.27 0.95 0.69 12.7%

My 0.29 0.92 0.63 11.7%

M, 0.24 0.96 0.72 13.4%

JOLTS Hires M 0.23 0.98 0.74 13.7%
Muad 0.25 0.89 0.65 11.9%

M(a=0.3) 0.22 0.89 0.67 12.4%

M(a=0.5) 0.26 1.01 0.75 13.9%

M(a=0.7) 0.22 0.82 0.60 11.1%

Mbreak 0.25 0.92 0.67 12.4%
M,((=0.10) 0.24 0.82 0.59 10.8%
M,(¢(=0.20) 0.23 0.79 0.56 10.3%
M,(C=0.25)  0.22 0.73 0.51 9.4%

. M 0.27 1.03 0.77 12.4%
CPSHires . 0.10 0.61 0.51 9.4%
M 0.63 1.51 0.88 16.3%

HWOL M, 0.56 1.35 0.79 14.7%

Table C9: Changes in mismatch unemployment at the indusist.l All the changes are cal-
culated as the difference between October 2009 and thege/ef2006. Note thahu = 5.4
percentage points.
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Index Upgs — Udg  U10.00 — Upoe A(u—u*) Alu—u*)/Au
M 0.85 2.00 1.15 21.3%
M, 0.42 1.02 0.60 11.1%
MY (e = 0.5) 1.08 2.60 1.52 28.1%
MY (e = 1.0) 0.75 1.81 1.07 19.7%
MY (e = 2.0) 0.58 1.41 0.83 15.3%
Mu—adi 0.84 2.00 1.16 21.4%
My=ad 0.92 2.12 1.19 22.1%
MP (all discouraged irt/) 0.92 2.03 1.11 20.6%
MP (D in C&P inU) 1.06 2.33 1.27 23.4%
MP (E: weighted by search time) 0.78 1.90 1.13 20.9%
2-digit MPF (E: fraction searching) 0.79 1.97 1.18 21.8%
M, 0.46 1.15 0.69 12.8%
M, 0.85 2.00 1.15 21.2%
M 0.80 1.86 1.05 19.5%
M(a=10.3) 0.72 1.69 0.96 17.8%
M(a=0.5) 0.85 2.00 1.14 21.3%
M(a=0.7) 0.79 1.77 0.98 18.1%
Mbreak 0.42 0.98 0.56 10.4%
M(¢ =0.10) 0.42 1.02 0.60 11.1%
M(¢ =0.20) 0.42 1.02 0.60 11.1%
M({ =0.25) 0.42 1.02 0.60 11.1%
M 1.33 2.91 1.58 29.3%
M, 0.79 1.73 0.94 17.4%
3-digit M, 0.83 1.85 1.02 18.8%
M, 1.33 2.91 1.58 29.2%
M 1.29 2.80 1.50 27.8%

Table C10: Changes in mismatch unemployment at the ocaupkvel. All the changes are
calculated as the difference between October 2009 and énage/of 2006. Note thatu = 5.4

percentage points.
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Index UQ1.01 — UH1 o1 U06.03 — Upsoz Alu—u*) Alu—u*)/Au

M 0.09 0.50 0.41 22.8%

M, 0.10 0.50 0.41 21.7%
M=o 0.11 0.43 0.32 17.8%
M (e = 1.0) 0.20 0.70 0.50 26.8%

Table C11: Changes in mismatch unemployment at the indiestey for the 2001 recession.
All the changes are calculated as the difference between2@®3 (month in which the unem-
ployment rate peaked for the 2001 recession) and the avef&f¥1Q1. Note thaf\u = 1.8
percentage points.
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2005-2007 2008-2011

Occupation D U D U
11 Management 3.86 444 424 547
13 Business and Financial 223 226 224 270
15 Computer and Math 090 122 117 1.36
17 Architecture and Engineering 0.72 0.77 0.84 1.30
19 Life, Physical, and Social Science 058 0.45 040 0.46
21 Community and Social Service 0.79 080 0.79 0.84
23 Legal 043 045 0.81 0.46
25 Education, Training, and Library 485 322 531 284
27 Arts, Design, Entertainment, Sports, and Media 194 19581 1.92
29 Healthcare Practitioners and Technical 1.90 1.48 2.2645 1.
31 Healthcare Support 229 234 185 194
33 Protective Service 1.47 176 196 144
35 Food Preparation and Serving Related 10.62 9.47 9.99 8.19
37 Building and Grounds Cleaning and Maintenance 6.78 6.1822 6 5.71
39 Personal Care and Service 6.06 385 6.27 3.50
41 Sales and Related 15.01 1294 12.62 11.75
43 Office and Administrative Support 1291 13.18 12.79 12.60
45 Fishing and Farming 163 148 193 141
47 Construction and Extraction 8.40 11.04 8.93 13.34
49 Installation, Maintenance, and Repair 248 3.04 264 234
51 Production 6.13 894 580 9.23
53 Transportation and Material Moving 8.02 875 8.11 8.69

Table C12: Distribution of discouraged and unemployed wislacross occupations; percent
of D andU in each occupation.
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Weight 2005-2006 Weight 2010-2011

Industry

Accomodation and Food Services 2.25 2.43
Arts, Entertainment and Recreation 1.07 1.03
Construction 1.42 1.32
Education Services 0.44 0.55
Finance and Insurance 0.49 0.56
Government 2.94 2.35
Health Care and Social Assistance 0.79 0.83
Information 0.49 0.58
Manufacturing-Durable Goods 0.81 0.64
Manufacturing-Nondurable Goods 0.75 0.63
Mining 0.82 1.23
Other Services 1.34 1.14
Professional and Business Services 0.34 0.35
Real Estate and Rental and Leasing 0.56 0.52
Retail Trade 0.92 1.04
Transportation, Warehousing and Utilities 1.00 1.07
Wholesale Trade 0.61 0.73
Region

Northeast 0.90 0.99
West 1.18 0.97
Southwest 0.68 0.92
South 1.17 1.23

Table C13: Estimated weights which equalize monthly JOLm& HHWOL (The Conference
Board Help Wanted OnLine Data Series) vacancy counts bystngland region (average weight
is normalized to one each month).
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o ¢

Mining 0.5549 1.4503
(0.056) (0.110)
Construction 0.3999 1.1542

(0.040) (0.083)
Durable goods manufacturing 0.5757 0.7565

(0.026) (0.026)
Nondurable goods manufacturing 0.5381 0.8250

(0.030) (0.033)

Wholesale trade 0.5126 1.0329
(0.029) (0.020)
Retail trade 0.6488 1.3904

(0.042) (0.051)
Transportation and warehousing  0.4174 0.8851
(0.037) (0.030)

Information 0.5103 0.6210
(0.030) (0.018)

Financial activities 0.6485 0.6936
(0.053) (0.014)

Real estate 0.3528 1.0877

(0.055) (0.044)
Professional & business services 0.5922 1.2406
(0.028) (0.018)

Education 0.401 0.7213
(0.056) (0.036)
Healthcare 0.6932 0.7459

(0.026) (0.011)
Arts, entertaiment, and recreation 0.3511 1.2342

(0.051) (0.068)
Accommodation & food services 0.5543 1.3247

(0.024) (0.025)

Other 0.3836 0.9120
(0.044) (0.029)
Government 0.7891 0.7454

(0.042) (0.012)

Table C14: Estimates ef and¢ by industry. Standard errors are in parentheses.
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