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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 efipaviare severe for
college graduates, and in the West of the United States. r@gbigal mismatch un-
employment plays no apparent role.

"We are especially grateful to June Shelp, at The Conferenaed3for her help with the HWOL
data. The opinions expressed herein are those of the awhdnsot necessarily those of the Federal
Reserve Bank of New York or the Federal Reserve System.



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 throughgtllasting decline in
the outflow rate. One such theory is that the recession haiipeo a severe sectoral
mismatch between vacant jobs and unemployed workers: idilkess are seeking
employment in sectors (occupations, industries, locajidifferent from those where
the available jobs are. Such misalignment between thalisiobn of vacancies and
unemployment would lower the aggregate job-finding rate.

The mismatch hypothesis is qualitatively consistent witte¢ features of the
Great Recession. First, in the period 2009-2012, the U.8efd#ge curve (i.e., the
empirical relationship between aggregate unemploymedtaggregate vacancies)
has displayed a marked outward movement indicating that fgiven level of va-
cancies, the current level of unemployment is higher tha itnplied by the last
decade of historical dafa.Put differently, aggregate matching efficiency has de-
clined? Second, around half of the job losses in this downturn wereeotrated
in construction and manufacturiglo the extent that the unemployed in these bat-
tered sectors do not search for (or are not hired in) jobsarsdttors which largely
weathered the storm (e.g., health care), mismatch woisd adross occupations and

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.



industries. Third, house prices experienced a sharp &de@ally in certain regions
(see e.g., Mian and Sufi, 2011). Homeowners who expect that housing markets
to recover may choose to forego job opportunities in otheations to avoid large
capital losses from selling their house. Under this “holes&*conjecture, mismatch
between job opportunities and job seekers would arise snastbss locations.

In this paper, we develop a theoretical framework to conedizte the notion
of mismatch unemployment, and use it to measure how mucheofetent 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 (e.qg.,
segmented by industry, occupation, geography, or a cortibmaf these attributes).
Each labor market is frictional, i.e., its hiring procesg®erned by a matching
function. To assess the existence of mismatch in the datagskevhether, given
the observed distribution of productive efficiency, matghefficiency, and vacancies
across labor markets in the economy, unemployed workertasallocated,” i.e.,
they search in the wrong sectors. Answering this questiqoires comparing the
actual allocation of unemployed workers across sectors tideal allocation. The
ideal allocation that we choose as our benchmark is the @evbuld be selected by
a planner who faces no impediment in moving idle labor across sectors, except for
the within-market matching friction. We show that optimality for this planner dictates
that (productive and matching) efficiency-weighted vagameemployment ratios be
equated across sectors. By manipulating the planner'smafity condition, we con-
struct a mismatch index that measures the fraction of hirgtselvery period because
of misallocation of job seekers. Through this index, we caardify how much lower
the unemployment rate would be in the absence of mismatahdifterence between
the observed unemployment rate and this counterfactuahployment rate isnis-
match unemployment.* As we explain in detail in the paper, choosing as benchmark
the allocation of a planner who can shuffle labor across seetiono cost has the
implication that our estimates of sectoral mismatch arepeubound.

Our measurement exercise requires disaggregated dataomployment and va-
cancies. The standard micro data sources for unemploymentacancies are, re-

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).



spectively, the Current Population Survey (CPS) and theQoénings and Labor
Turnover Survey (JOLTS). Unfortunately, JOLTS only allosvsaggregation of va-
cancies into very broad geographical areas (4 Census ggod 17 industries that
roughly coincide with 2-digit NAICS classification.In this paper, we introduce a
new source of micro data, the Conference Board’s Help Wa®tedne (HWOL)
database, designed to collect the universe of unique ojginadvertisements in the
U.S. economy. Through this novel data set, we are able perdarr empirical anal-
ysis at the 2- and 3-digit occupational level, at a more textageographical level
(states and counties), and even by defining labor marketsashination of occu-
pation and locatioA.

Our empirical analysis yields indicates no significant rfolegeographical mis-
match between unemployed workers and job vacancies act8sstdtes or counties.
Mismatch at the industry and 2- and 3-digit occupation lameteased markedly
during the recession but declined steadily throughout 28@0ndication of a coun-
tercyclical pattern in mismatch. A similar, but milder, hprshape in mismatch is
observed around the 2001 recession. In line with this reBaltnichon and Figura
(2013) document that aggregate matching efficiency has seengly procyclical
over 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 counterfaemoalysis indicates that
mismatch unemployment at the industry level can accour.f® percentage points
out of the 5.4 percentage point total increase in the U.Smph@yment rate from
2006 to October 2009. At the 3-digit occupation level, thetabution of mismatch
unemploymentrises to 1.6 percentage points. When we ca@a@pdigit occupational
mismatch separately for different education groups arfdériiit Census regions, we
find its contribution to the observed increase in the unegrpknt rate is the largest
among college graduates and for the West of the U.S., andheismallest among
high-school dropouts and in the North-East.

The Great Recession coincided with an increase in the nuofbeorkers who
stopped actively searching for jobs because of a “discamagt effect”. We verified

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, when we add these discouraged workers (who can behhobigob seekers
with low search intensity) to the unemployed job-seekemt®lby occupation, our
conclusions are largely unaffected.

In an extension of the baseline analysis, we allow the nasatlon of unem-
ployed workers across sectors to also affect the vacanegienedecisions of firms:
since the presence of job-seekers in declining sectors sriakasier to fill jobs in
those sectors, it distorts firms’ incentives in the directad, inefficiently, creating
vacancies in the wrong markets. This channel depressesgajgrvacancy creation
relative to the planner’s solution, giving a further boastrtismatch unemployment.
This amplification can be very strong if the vacancy creatiost is close to linear,
but for specifications of this cost function in line with theisting literature (i.e.,
closer to quadratic) the amplification is moderate. Whes akliditional 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 ther,paur study indi-
cates that, at the analyzed level of disaggregation, sdatismatch can explain at
most 1/3 of the recent rise in the U.S. unemployment rateedireen early 2006 to
the end of 2009, the period of the sharp drop in the averaggrjding rate.

The model underlying our measurement exercise is a mutosgersion of the
standard aggregate search/matching model (Pissarid@®). 2¥ithin this class, the
closest paper to ours is Jackman and Roper (1987): in a statithing model with
many sectors, they show that distributing unemploymerdasscsectors so that sec-
toral labor-market tightnesses are equalized maximizgseg@gte hires, and they pro-
pose the use of mismatch indexes to summarize deviationstfis allocatiory. At
that time, economists were struggling to understand whi bigemployment was

"This idea goes back, at least, to Mincer (1966, page 126) witesy “To detect the existence,
degree, and changes in structural unemployment, (U, V) meyse constructed for disaggregations
of the economy in the cross-section, by various categosigsh as industry, location, occupation,
and any other classification of interest. For example, eacétion is represented by a point in the
(U, V) map, and a scatter diagram showing such informatiorafidabor markets may show a clear
positive correlation. This would indicate that unemployris largely nonstructural with respect to
location, that is to say, that adjustments require moveswithin local areas rather than the more
difficult movements between areas. In contrast, a negagiation in the scatter would indicate the
presence of a structural problem. The scatters may, of epsteow identifiable combinations of
patterns. Observations of changes in these cross sectiatiains over time will show rotations and
shifts, providing highly suggestive leads for diagnosethefchanging structure of labor supplies and
demands.”



so persistent in many European countfie®adoa-Schioppa (1991) contains a num-
ber of empirical studies for various countries and conduti@t mismatch was not
an important explanation of the dynamics of European uneympént in the 1980s.
Our paper contributes to reviving this old literature byesding it in several direc-
tions: (i) we develop a dynamic, stochastic environmenhwitmerous sources of
heterogeneity, (i) we develop a framework to constructnterfactual measures of
unemployment, absent mismatch, (iii) we incorporate tifecebf misallocation on
vacancy creation, and (iv) we perform our measurement atéhmore disaggre-
gated level, thanks to new micro data. Through this novel datirce, we document
new facts concerning changes in the correlation of vacandyiaemployment shares
across sectors of the economy, and show that these factf@amative about the ex-
tent of sectoral mismatch, in this class of search/matciindels.

Shimer (2007) proposed an alternative environment to nmeasusmatch 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 notion of vacanade is common
to the entire search/matching approach to unemploymente, Hiems desiring to
expand post vacancies: a vacancy is a manifestation of asfefiort to hire. In
Shimer’s model, firms unsuccessful in meeting workers ditewih idle jobs: a
vacancy is therefore a manifestation of a firfadure to hire. Both notions are the-
oretically correct. Since both models are parameterizatjube same micro-data
on vacancies, the key question is whether existing job-ogsndata from JOLTS
and HWOL are more likely to represent firms’ hiring effort arihg failure. The
short duration of job openings in JOLTS (2-4 weeks accortiinDavis, Faberman,
and Haltiwanger, 2010) seems somewhat more consistenthatformer view, but
better data is needed to shed light on this critical point.

The remainder of the paper is organized as follows. Sectipre@ents the the-
oretical framework. Section 3 derives the mismatch indexes explains how we
compute our unemployment rate counterfactuals. Here, s@ @dikcuss in some
depth the interpretation of our measure of mismatch. Seetidescribes the data.

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



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 concludespé&mdix A contains the

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

2 Environment and planner problem

We begin by describing our economic environment and degithie planner’s optimal
allocation rule of unemployed workers across sectors—theia building block of
our theoretical analysis. Throughout these derivatiorssmaintain the assumption
that the evolution of the vacancy distribution is exogen®is relax this assumption
in Section 6.

2.1 Benchmark environment

Time is discrete and indexed By 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 indivslwetho can be either
employed in sector (e;;) or unemployed and searching in sectdr.;;). Therefore,

I

> (eir + ui) = 1. On-the-job search is ruled out and an unemployed workemyn
Zg:i\llen period, can search for vacancies in one sector onhthiedime being, we also
rule out non-patrticipation, but in the next section we relag restriction.

Labor markets are frictional: new matches, or hirés,) between unemployed
workers(u;;) and vacancie&;;) in market; are determined by the matching function
Oy pum (uy, v ), 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

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



aggregate component ang 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
Ay, and®,, and the vector of vacancies = {v;, } are drawn from the conditional dis-
tribution functiond’z a ¢ (Zi41, Avg1, 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; ¢),
where¢,= {¢;; }. The vecto Z,, A, ®,, v, ¢, } takes strictly positive values.

Within each period, events unfold as follows. At the begngnof the period,
the aggregate shockg;, A,, ®,), vacancies/,, and matching efficiencies, are ob-
served. At this stage, the distribution of active matcbes- {ey;, ..., e} across
markets (and hence the total number of unemployed workgis also given. Next,
unemployed workers are allocated to markefithout any impediment to labor mo-
bility. Once the unemployed workers are allocated, the hiatcprocess takes place
andh;;, = ®,04m (uy, vy) NEW hires are generated in each market. Production oc-
curs in thee;; (pre-existing) plus:;; (new) matches. Finally, a fractial; of matches
are destroyed exogenously in each markeletermining 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

U1t (%7 Urt
Oy (T) = .. = ¢itmui <—Z*) = .. = ¢Imu1 <—*) ) 1)
Uyy Uy 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¥,

0 equation(1) , the derivative of the sector-specific matching functieis written as a function
of sectoral market tightness only (with a slight abuse otioh) because of its CRS specification.



2.2 Heterogeneous productivities and job destructions

We now allow for sector-specific shocks to productivity aegtduction rates that are
uncorrelated across sectors and independent of the aggstgrcksZ, andA,;. Note
that when productivity is heterogeneous across sectordnmimng aggregate output
in the planner problem is no longer equivalent to maximiz2ngployment.

In the derivations below, we first keep worker separatiormgyerous. Next, we
allow the planner to choose whether to endogenously dissalmne existing matches
and show that, under some conditions, it never chooses t@.ddsroughout this
extension, we also allow the planner to choose the size datw force.

2.2.1 Exogenous separations

Let labor productivity in sectarat datet be given byZ, z;;, where each component
is strictly positive, i.i.d. across sectors and indepehdéry;. Similarly, denote the
idiosyncratic component of the exogenous destructionimatector; asé;;. Then, the
survival probability of a match isl — A;) (1 — 6;). It is convenient to proceed un-
der the assumption that7,, 1 — A, z;, 1 — d;;} are all positive martingales, which
amounts to simple restrictions on the conditional distitnsT'; ¢, I'., andI's.*
All the non-employed individuals produce outpgut; (which can be interpreted as
home-production or the value of leisure). In addition, themployed incur a disu-
tility cost of search.

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

workers equates
Zit — ¢ Uit
[ mui T 2
TG A) (=00 (u) @

across markets. This rule establishes that the higher gaasammatching efficiency,
and expected discounted productive efficiency in maikéhe more unemployed

workers the planner wants searching in that market. Inqaai, expected output of
an unemployed worker searching in sectdnet of the opportunity cost of employ-

IAs we explain in Appendix A.2, the martingale assumptiondsvenient to solve forward, in
closed form, the expected marginal value of an employed erark sectori. A closed form solu-
tion can also be obtained if the components of the veffr 1 — Ay, z;;, 1 — d;: } 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. We have not attempted to solve the model uritler stochastic processes.



ment() is discounted differently by the planner in different sgstbecause of the
heterogeneity in the expected duration of matches.

2.2.2 Endogenous separations

We now allow the planner to move workers employed in secitmto unemployment
or out of the labor force, before choosing the size of therddee for 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 tkebor force, it will
never choose to separate workers who are already matchgu@ieting. The plan-
ner’s allocation rule remains exactly as in equati®nand all separations are due to
exogenous match destructions.

2.3 Heterogeneous sensitivities to the aggregate shock

In a classic paper disputing Lilien’s (1982) sectoral4sthitory of unemployment,
Abraham and Katz (1986) argue that, empirically, sectargbleyment movements
appear to be driven by aggregate shocks with different settving different sen-
sitivities to the aggregate cycle. Here we derive the plaatecation rule(2) under
this alternative interpretation of the source of sectahblr demand shifts.

Let productivity in sectori be z;; = Z" wheren; is a parameter measuring
the elasticity of sectoral productivity to the aggregateckh” 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

zp! ¢ Vit
0 A) 000 T B0 A)(- m} Pi, <u_) ©)

across sectors, whefe = exp (m (m; — 1) "7) The new ternt2; captures that the
drift in future productivity in sector varies proportionately withy; because of the
log-normality assumption. In essence, this sectoral dnfinges the effective rate at
which the planner discounts future output in that sector.

Understanding the nature of sectoral fluctuations excdwxisdope of this paper.
A comparison of equations (2) and (3) reveals that the maisole of this general-

9



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.

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=anm his mismatch
index quantifies the fraction of hires lost because of nusalfion, i.e.(1 — h,/hj),
whereh, denotes the observed aggregate hires/gnithe planner’s hires. Next, we
describe how this index allows to construct counterfasttmmeasure the mismatch
component of equilibrium unemployment.

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

his = (I)tgbitvzqtuzlt_au (4)

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

3.1 Mismatch index

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

pressed as:
I « 11—«
o 1—a Ui (&
el S ()" (%), ©

The optimal number of hires that can be obtained by the plaalh@cating theu;,
available unemployed workers across sectors is

1 o +\ 1—«
* a, l-« Vg U,
hi = ®ofuy [Z Pit <U—tt) <u_tt) ] : (6)
i=1

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

10



implies:

1

m_(g2) 2, @)

u;'kt ¢it U,

gt
Substituting the optimality conditiofY) in equation(6) , the optimal number of new

_ _ I 1
hires becomes; = ¢,®,vfu; ", whereg, = {Z o8 (”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
Ma=t-g=-2(5) () () ®

M, measures the fraction of hires lost in periodecause of misallocation. This
index answers the question: if the planner hadvailable unemployed workers and
used its optimal allocation rule, how many additional jolmad it be able to create?
These additional hires are generated because, by betieatitlg thesame number
of unemployed, the planner can increase the aggregatendind rate and achieve
more hires compared to the equilibrium (the “direct effedtinismatch). It is useful
to note that, in addition to this direct effeat; is in general lower tham, which,
for any given allocation rule, translates into a higher aggte job-finding rate and
more hires (the “feedback” effect of mismatci,, measures only the direct effect
of mismatch on hires, but the counterfactual of Section 8l incorporates the
feedback effect as welf.

From (8) and(5) one can rewrite the aggregate matching function as

he = (1= M) p®yvju; = (9)

which makes it clear that higher mismatch lowers the (meaghaggregate efficiency
of the matching technology and reduces the aggregate jdmfjmate because some

12Dickens (2010) and Lazear and Spletzer (2012) use an diigrindex 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 bedanrdy quantifies the number of job-
seekers searching in the wrong sectors, but not how suchioeton lowers the job-finding rate and
raises unemployment. In addition, the analysis in thesensagoes not allow for heterogeneity in
productive and matching efficiency, a key determinant ofajpgmal allocation of job-seekers across
labor markets.

11



unemployed workers search in the wrong sectors (those withively few vacan-
cies). The termp, can also contribute to a reduction in aggregate matchingjeftty
when the vacancy shares of the sectors with Ridgll.

In Appendix A.5, we show three useful properties of the indéxst, M, is
between zero (no mismatch) and one (maximal mismatch). riBedbe index is
invariant to “pure” aggregate shocks that shift the totainber of vacancies and
unemployed up or down, but leave the vacancy and unempldysiemes across
markets unchanged. Thirav1,, is increasing in the level of disaggregation. This
last property suggests that every statement about the faleismatch should be
qualified with respect to the degree of sectoral disaggi@yated.

Consider now the economy of Section 2.2, where labor masatstdiffer in their
level of productive efficiency. It is useful to define “ovdralarket efficiency” as
Tip = Qi (zie —C) /[ — B (1 — Ay) (1 — ;). Following the same steps, we arrive
at the index

bi

I « l1—a
e E@EET @

I l—a I [e7
- €y “ (% L L /v
Gut = Z@t (E_tt) (U—:> , with z; = [Z x5 (U—:)] . (11)
i=1 =1

b IS an aggregator of the market-level overall efficienciegved by their vacancy
sharet®
In the absence of heterogeneity with respect to matchingesfity, productivity,

I «@ 11—«
or job destruction, the index becom#d, = 1 — > <ﬂ> (u> . In what fol-

lows, we will also use the notatiof ., and M, tzo:éenote mismatch indexes for an
economy where the only source of heterogeneity is prodiyctivid job destruction
rates, respectively.

Finally, the notationM ¥ is used to denote the indexes calculated following the

Abraham-Katz view of sectoral fluctuations. The only diffece withM,; is the

where

13Since the planner now maximizes output (and not employmtadretically this index could be
negative. An index which measures the fractioroatput (instead of hires) lost to misallocation can
be easily computed by weighting the gap between actual amhplt’'s hires in each sector by sectoral
productivity, and it is always positive.

12



definition of overall market efficiency;;.

3.2 Mismatch unemployment

The mismatch index allows us to construct the counterfhectnamployment rate,
u;, in the absence of mismatch. Using (10), the actual aggreghtfinding rate in
the economy at datiecan be written as

o= = (1= M) G (1)
Uy Uy
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 sectorsdgs; ®,v%(u;)'~*. Therefore, the optimal job-finding rate
(in absence of mismatch) is

_ Vg @ 1 Ut ¢

i = <u) e i m) (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 bettertaloeend a higher job-
finding rate. This effect, which we call the “direct” misadition effect, is summa-
rized by the mismatch index, as explained. The second teptuies a “feedback”
effect of misallocation: no mismatch means lower unempleyiu; < u,) which,
in turn, increases the probability of meeting a vacancydbrgeekers. This feedback
effect can cause mismatch unemployment to remain abovegedor some time
even if M, quickly reverts to its average after an increase, becausdet time
for the additional unemployed to be reabsorbed. This is &patve observe in our
empirical analysis.

Given an initial value fon, the dynamics of the counterfactual unemployment
rate can be obtained by iterating forward on equation

u;tk+1 = s+ (1 —s— f7)uy, (13)

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

Formalizing mismatch unemployment as “distance from a berak allocation,” as
we do, follows, in essence, the same insights of the vasalitee on misallocation
and productivity (Lagos, 2006; Restuccia and Rogerson82B8ieh and Klenow,
2009; Moll, 2011; Jones, 2013). Our implementation has tigtirttive features.
First, we do not need to solve for equilibrium allocationsdahence, make specific
assumptions about firms’ and workers’ behavior, their imfation set, price deter-
mination, etc.). We simply take the empirical joint distriton of unemployment
and vacancies across sectors as the equilibrium outéb®econd, we construct the
counterfactual distribution (in absence of mismatch) feosimple planner’s problem
which can be solved analytically. The strength of these torolmined features is that
finer disaggregation in the available micro data poses reatho the feasibility of
the exercise. The approach we propose is robust and eagilgrmentable, even with
a high number of labor markets, and multiple sources of bgtareity, idiosyncratic
shocks, and aggregate fluctuations.

Our methodology yields a measure rafsmatch across sectors (defined by the
jointly observable characteristics of job vacancies arehysioyed job seekers), not
within sectors. Put differently, concluding that mismaphys a small role at the
level of 2-digit occupations does not necessarily rule tairnportance at the 3-

14The extension to endogenous vacancy requires a minimaf setastly standard, assumptions
that are discussed in Section 6.
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or 5-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 sifvaich 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-weightediorof vacancies to total
job seekers (employed and nét)In Section 7.4, we verify that mismatch between
vacancies and unemployment behaves very similarly to aexititat also includes,
among the job seekers, employed workers who report to seartte job.

The empirical method we have developed allows us to learntabe relative
importance of different dimensions of mismatch by pantitng the labor market
based on several characteristics (e.g., industry, occupatducation, geography).
Studying how mismatch, and its dynamics, vary across thasergions is surely
informative about the forces at work in the economy. Howewer methodology
is not well suited to separately quantify the deeper souoesisallocation. This
task requires specifying and solving a fully structuraliéigaum model which, at
the level of generality of our analysis, would be computadity unfeasible. Factors
explaining the discrepancy between the empirical and @eswlistribution of un-
employment across sectors —that these structural modmlddsincorporate— include
moving (e.g., retraining or migration) costs, relative wapidity, risk-aversion and
imperfect insurance, or certain government policies theat hamper the reallocation
of idle labor from shrinking to expanding sectors. Since mg\costs are a charac-
teristic of the physical environment which would also featin a planner’s problem,

15This 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.”

18The 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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whereas our benchmark planner’s allocation is derived ucakgless between-sector
mobility, our calculations on the role of mismatch have thtune of an upper bound.
The analysis of Herz and van Rens (2011) suggests that, athersgpurces of mis-
match, relative wage rigidity (across locations and indes} is vastly more impor-
tant than moving costs. In light of their finding, our planpeoblem may provide a
tight upper bound.

4 Data

We focus on three definitions of labor markets: the first iscatrindustry classifica-
tion. The second is an occupation classification, based timtbe 2-digit and 3-digit
Standard Occupational Classification (SOC) systémThe third is a geographic
classification, based on U.S. counties and metropolitaasaiddSA's) e

To be empirically viable, our methodology calls for: (i) @@l data on vacan-
cies, unemployment, and the vacancy share of the matchimagidun for the M in-
dex; (ii) data in (i) plus market-specific matching efficignmarameters for thé1
index; and data in (ii) plus information on productive effiecy (productivity and
separation rates) by sector for thd,; index and its corresponding counterfactual.
Deriving market-specific matching efficiencies, as wellaswacancy share, involves
estimating matching functions and, therefore, requireéa da hires.

4.1 Vacancies from the JOLTS and the HWOL

At the industry level, we use vacancy data from the Job Oggsrand Labor Turnover
Survey (JOLTS), which provides survey-based measuresafpenings and hires at
a monthly frequency, starting from December 2000, for seamindustries roughly
corresponding to the 2-digit NAICS classificatibh At the occupation and county

17See Tables C1-C3 in Appendix B for a list of industries andupations used in the empirical
analysis. In total, there are 22 2-digit SOC’s and 93 3-d&@iC's. We use all the 2-digit categories
with the exception of Farming, Fishing, and Forestry. Wdwdke 3-digit SOC’s exhibiting fewer than
10 observations in the CPS unemployment counts at leastiotioe sample period. These small cells
account for 60% of the 3-digit SOC'’s, but represent only ¥%d@ unemployed workers in the CPS.

BWe focus on counties whose population is at least 50,000 angbdogether counties in the same
metropolitan area. This procedure gives a total of 280 Itzdar markets.

19Since the JOLTS is a well known and widely used survey, we d@ravide further details. For
more information, see http://www.bls.gov/jlt/. See alsdErman (2009).
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level, we use vacancy data from the Help Wanted OnLine (HWdataset provided
by The Conference Board (TCB). This is a novel data set coimi@ithe universe
of online advertised vacancies posted on internet job [soardh newspaper online
editions. It covers roughly 16,000 online job boards and/oles detailed informa-
tion about the characteristics of advertised vacanciethfee to four million unique
active ads each monti. The HWOL database started in May 2005 as a replacement
for the Help-Wanted Advertising Index of print advertisimgintained by TCB!

Each observation in the HWOL database refers to a uniquechdariains infor-
mation about the listed 6-digit occupation, the geograjitation 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 wagfeFor 57% of ads we also observe the industry
NAICS classification. The majority of online advertised aacies are posted on a
small number of job boards: about 60% of all ads appear ondlvdpard<3

It is worth mentioning some measurement conventions in & 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 the position is taken to represenmigdesvacancy, but if
they appear in different MSA's and in different states thefject distinct vacancies.
In addition, the dataset records one vacancy per ad. Tharemsll number of cases
in which multiple positions are listed, but the conventiaed is one vacancy per ad.

20The data are collected for The Conference Board by Wantetiritgagies. For detailed in-
formation on survey coverage, concepts, definitions, anthodelogy see the Technical Notes at
http://www.conference-board.org/data/helpwantedhandfm

210ur empirical analysis covers the December 2000-June 26fitdpfor the JOLTS, and May
2005-June 2011 for the HWOL.

22The 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.

23The five largest job boards are: CareerBuilder, Craigsli€@Bcentral, Monster, and Ya-
hoo!HotJobs.
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Figure 1: Comparison between the JOLTS and the HWOL (The ConferencedBdelp
Wanted OnLine Data Series) aggregate time series.

More importantly, the growing use of online job boards overet may induce
a spurious upward trend. Figure 1 plots JOLTS vacancies aN@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 from 2008 onwardsateem which may
reflect the increasing penetration of online job listingsroime. Nevertheless, the
average difference between the two aggregate series i@baolyt 16% of the JOLTS
total, and the correlation between the two aggregate seraut 0.65. To the extent
that this trend towards online recruitment does not difter imuch across sectors,
our calculations are not affected. In Section 7.5, we pre@oseweighing scheme
for HWOL that aligns it more closely to JOLTS and show that fmdings remain
robust. We report additional detailed comparisons betweerdOLTS and HWOL
vacancy series in Appendix B.1.

4.2 Unemployment from the CPS

We calculate unemployment counts from the Current Porie&iurvey (CPS) for
the same industry and occupation classification that we oise&acancie$? For
geography, we use the Local Area Unemployment Statistid&)&) which provides

24Industry affiliations are not available for all unemployedrkers in the CPS. From 2000-2010,
on average about 13.3% of unemployed do not have industoynetion. Only about 1.5% of un-
employed are missing occupation information. Some of thes&ers have never worked before and
some are self-employed.
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monthly estimates of total unemployment at the county and\N&Sel>> The CPS
reports the industry and occupation of unemployed work@es/ious jobs. We begin
by assuming that all unemployed workers search only in thséhat they had last
worked in. We relax this assumption in Section 7. The smatiga size of the CPS
limits the level of disaggregation of our analysis, and prés us from using HWOL
ads data to their full effect

4.3 Matching functions

To compute market-specific matching efficiency parametgrand vacancy share
we estimate aggregate and sector-specific (constantisgtiniiscale) 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.

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 matchingtlitetd 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-specificchiag 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 Sur#@yAt the occupation level, for lack of
a better proxy, we use annual data on average hourly wagestfre Occupational

25See http://www.bls.gov/lau/ for more information on LAUS.

26The average number of unemployed in the CPS for the May 200&re 2011 period is 4,557
with a range of 2,808 to 12,436.

2TA few examples arer = 0.5 in Davis, Faberman, and Haltiwanger (2010)= 0.28 in Shimer
(2005),«0 = 0.54 in Mortensen and Nagypal (2007%) between 0.66 and 0.72 in Barnichon and Figura
(2013).

28nttp:/lwww.bea.gov/industry/
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Employment Statistics (OES) Similarly, at the county level, we use median weekly
wage earnings from the Quarterly Census of Employment arge®QCEW)° We
recognize that wage levels might be affected by factorsrdtien productivity like
unionization rates, compensating differentials, mongpehts, etc. To partially ad-
dress this issue, we normalize the average wage for eaclpatoon to unity at the
beginning of our sample and focus on relative wage movenwemistime. We also
apply the same normalization to industry-level produtgimeasures for consistency.

We calculate job destruction rates at the industry levehftbe Business Em-
ployment Dynamics (BED) as the ratio of gross job losses tplegment3! Since
the BED is quarterly, we assume that the destruction rateeisame for the three
months corresponding to a specific quarter and impute theg@onding 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 naisin is the largest when
¢ = 0. In keeping with our “upper bound” nature of the measureregatcise, in our
baseline calculations we use this value, but verify the stiess of our conclusions
for a range of values faf betweerd) and0.25.

5 Results

We begin by documenting the dynamics of the cross-sectoratlation between
vacancy and unemployment shares, which anticipates soraardfndings on the
mismatch indexes. Next, we study industry-level, occueti-level, and geograph-

ical mismatch unemployment, in that order.

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

30See http://www.bls.gov/cew/

31See http://www.bls.gov/bdm/. We recognize this is an irfgmtrproxy for separations, but (i)
monthly employment-unemployment transitions computethfCPS semi-panel at the industry level
are much noisier, and (ii) during 2001-2010, only 16 pct afgiends into unemployment, as opposed
to 91 pct of layoffs (see Elsby et al., 2010).
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Figure 2: Correlation coefficient betweemandv shares across industries (left panel) and
two digit occupations (right panel).

5.1 Correlation between vacancy and unemployment shares

From our definition of mismatch, it is clear that there is aselassociation between
mismatch indexes and the correlation between unemployarahtvacancy shares
across sectors. The planner’s allocation rule implies &epecorrelation between
unemployment shares and (appropriately weighted) vacahayes. A correlation
coefficient below one is a signal of mismatch, and a declicimrgelation is a signal
of worsening mismatch. Figure 2 plots the time series ofc¢biselation coefficient
across industries (left panel) and occupation (right panadr the sample period. For
each case, we report two different correlation coefficiemdivated by the definitions
of the mismatch indexes we derived in Sectiorp3between(u; /u;) and(vy /v;),
andp,: between(u;/u;) and (z;/z;)« (vy/v,). The two series behave similarly.
They drop sharply from early 2006 to mid 2009 and recoverethiger, indicating a
rise in mismatch during the recession that is, howeverivels short-lived.

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), theiéraof hires lost because
of misallocation of unemployed workers across industragyed from 2-3 percent

32All 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.
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Figure 3: Mismatch indexM; and M,; by industry (left panel) and the corresponding
mismatch unemployment rates (right panel).

per month, depending on the index used. At the end of the sesgsn mid 2009,
it had increased to roughly 7-8 percent per month, and it e slropped again
to almost its pre-recession level. To sum up, both indexdgate a sharp rise in
mismatch between unemployed workers and vacant jobs aahsstries during the
recession, and a subsequent fairly rapid dec¥ine.

How much of the observed rise in the unemployment rate carxplaiaed by
mismatch? Table 1 shows the change in mismatch unemployieéween 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. unemmayfrom 2006 to its
2009 peak, i.e., at most 14 percent of the increase. Thepagtdl of Figure 3 shows

33To shed more light on the dynamics of the mismatch index, usisful to examine the evolution
of vacancy and unemployment shares of different industries the individual components of the
index. In Figure C5, we plot the vacancy and unemploymenteshir a selected set of industries
using the JOLTS definition in Appendix C. The shares have bektively flat in the 2004-2007
period. However, starting in 2007, vacancy shares stadethéange noticeably. Construction and
durable goods manufacturing were among the sectors whigérienced a decline in their vacancy
shares while the health sector saw its vacancy share ircr€amcurrently, unemployment shares of
construction and durable goods manufacturing went up whdeunemployment share of the health
sector decreased. Starting from 2010, sectoral unemplolyamel vacancy shares began to regress
towards their pre-recession levels, with the exceptiomefdonstruction sector. The vacancy share of
the construction sector remains well below its pre-recesgivel.

34The average unemployment rate was 4.6% in 2006 and 10.0%ak in October 2009, indi-
cating a 5.4 percentage point increase. Throughout ther pameompare the average of 2006 with
the unemployment peak (October 2009) when we discuss thefohismatch in the increase in the
unemployment rate.
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Index U — Udg  U10.09 — U9 Alu—u*) A(u—u*)/Au

M 0.26 1.01 0.75 13.9%
M, 0.24 0.84 0.59 11.0%
MAK 0.28 0.89 0.61 11.2%

Industry =
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%
M 0.85 2.00 1.15 21.3%
M, 0.42 1.02 0.60 11.1%
2-digit Occ. 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%
3-digit Occ M 1.33 2.91 1.58 29.3%
' M, 0.79 1.73 0.94 17.4%
Routine/Cognitive MFEC 0.41 1.07 0.67 12.3%
County M 0.32 0.46 0.14 2.6%
M., 0.32 0.45 0.14 2.5%
2-digit x division M 0.81 1.71 0.90 16.9%
2-digit M 0.68 1.53 0.85 16.0%

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 thal\u = 5.4 percentage points. All calculations are monthly, excepttfe last
two lines which are quarterly.

mismatch unemployment (i.e., the difference between theabhand the counterfac-
tual unemployment rates) at the industry level for the 20011 period, computed
as described in Section 3.2. Mismatch unemployment hageecsince early 2010,
but it remains above its pre-recession levels. Figure Cégpehdix C shows mis-
match indexes with one source of heterogeneity at a titg, 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 1 shows, the corresponding ind&%2%X implies a contribution of mismatch
unemployment similar to the benchmapk.

Table C9 and Figures C8-C11 in Appendix C contain a senitanalysis on
industry-level mismatch with respect to (i) valuescofanging from 0.3 to 0.7; (ii)

35Figure 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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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.

alternative estimates of matching efficiengys which are separately estimated for
the periods before and after the recessfofiij) values of the home-production flow
¢ ranging betwee and0.25 of aggregate productivity; (iv) using hires data from
the CPS instead of the JOLTS; and (v) using HWOL vacancy daitadustry instead
of the JOLTS. The results are very robust: the contributiof2-aligit) industry-level
mismatch to the rise in the unemployment rate around thet@&eeession varies
between 0.5 and one percentage points.

5.3 Occupation-level mismatch

Figure 4 plots theM, and M, indexes (left panels) and the resulting mismatch un-
employment (right panels) for 2 and 3-digit SOCt, index for 2-digit occupations
rises by almost 4 percentage points. Similar to the pattbseived for industries,
the rise in mismatch leads the recession by over a year. Asigdbe figure and in

36We denote this index a12rea*,
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Table 1, based on th#&1, index, around 1.1 percentage points (or 21%) of the recent
surge in U.S. unemployment can be attributed to occupdtimimsanatch measured
at the 2-digit occupation level. At the 3-digit level, therpon of the increase in
unemployment attributable to mismatch is around 1.6 peagenpoints (or roughly
29% of the rise in the unemployment raté).

The M, index is lower than the\1; index and features a smaller rise, implying
around 2% of additional hires lost because of mismatch. ifldisx suggests that be-
tween 0.6 and 0.9 percentage points of the rise in the ungmglot rate (or between
11% and 17% of the increase) was due to mismatch at the 2aidiB-digit SOC
levels, respectively. Therefore, similar to what we fouodifhdustries, the index that
accounts for heterogeneity in matching and productiveieff@y across occupations,
implies a smaller role for mismatch unemployméht.

Table C10 and Figures C14-C15 in Appendix C contains a seitysanalysis on
occupational-level mismatch at the 2-digit level with resfo (i) the value o#; (ii)
alternative estimates of matching efficiengys which are separately estimated for
the periods before and after the recession; and (iii) vatigbe home-production
flow ¢ ranging betweet and0.25 of aggregate productivity. Our findings remain
robust to these alternative specifications.

5.3.1 The role of job polarization for occupational mismat

Job polarization refers to the increasing concentraticengbloyment in the highest-
and lowest-wage occupations, with job opportunities indteeskill occupations dis-
appearing, as documented by Acemoglu and Autor (2011). ptucathe effect of
job polarization on mismatch, we classify 2-digit occupas into four categories:
routine cognitive, routine manual, non-routine cognitiead non-routine manual.

37Figure C12 in Appendix C shows the unemployment and vacahayes of selected 2-digit
SOC's, i.e., the individual components of the index. As ther indicates, the shares have changed
noticeably during the most recent downturn. Business amhfiial operations, production and con-
struction/extraction were among the occupations that mespeed a decline in their vacancy shares
and an increase in their unemployment shares. Concurremitancy shares of health-care practi-
tioner and sales and related occupations went up and thespamding unemployment shares de-
clined. Starting from 2010, similar to the JOLTS data, unEpment and vacancy shares began to
normalize.

38Figure C13 in Appendix C shows mismatch indexes with oneoaf heterogeneity at a time,
My, M, Ms. The corresponding mismatch unemployment rates at thgiReicupation level are
reported in Table C10.
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We call this classification “Routine/Cognitive” and dendite corresponding mis-
match index withM ¢ 3° Figure C16 in Appendix C contrasts the unadjusted mis-
match index across these four occupation groups againgtde# calculated at the
2-digit level, and reports the implied path for mismatchmpéyment. Our findings
are summarized in Table 1. The lower level of the index suggaklitional mismatch
within these four broad categories. Despite the gap in thel lef the two indices,
the dynamics of thé1“ index are similar to those of the mismatch index computed
using all 2-digit occupations. In essence, the vacancynfynh@yment) share dropped
(rose) faster for routine manual occupations relative &édther groups, accounting
for at least half of the increase in mismatch unemploymerdsscthe twenty-one
2-digit occupations.

Jaimovich and Siu (2012) link the job polarization hypotbés jobless recover-
ies by analyzing employment changes during recessionsemodéries across these
occupational groups. They show that employment declinecknmoroutine occupa-
tions during the most recent downturn, in line with the iree in mismatch during
the recession. They also show that employment remainedastam all occupational
categories during the recovery, which is consistent wighdécline in mismatch after
the recession.

5.3.2 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 answeambiguous: more
education means more adaptability, but also more speethknowledge. To address
this question, we define four education categories (less tiigh school diploma,
high school diploma or equivalent, some college or Assesategree, Bachelor’'s
degree or higher) and analyze mismatch by 2-digit occupatithin each of these
four education groups.

The CPS provides information on the education level of tremymloyed. Recall
that each job listing recorded in HWOL reports its 6-digitopation. The BLS pro-
vides information on the distribution of workers employea@ach 6-digit occupation

39\We classify occupations at the 2-digit level instead ofatiseusing Acemoglu and Autor’s clas-
sification. While their way of classifying occupations is mdetailed, our classification broadly cap-
tures this distinction and is more comparable with the résuo analysis. See Table C2 in Appendix
C for our classification of occupations into these four gup
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Ugs — Ugg  U10.00 — Ulgge Au —u®) Au  A(u—u*)/Au

Less than HS 0.71 1.69 0.98 ppts 8.5 ppts 11.5%
HS Degree 0.60 1.50 0.89 ppts 6.9 ppts 12.9%
Some College 0.71 1.68 0.97 ppts 5.3 ppts 18.2%
College Degree 0.38 1.03 0.65 ppts 2.7 ppts 23.9%

Table 2: Changes in mismatch unemployment across 2-digit occupafir different edu-
cation groups using\U;. All the changes are calculated as the difference betwe¢ob@ic
2009 and the average of 2006. Note that = u1.99 — ugg and thatAwu varies by education.

broken down by their educational attainmé&ht\e allocate the total count of vacan-
cies from HWOL in a given month for a given 6-digit occupattoreach of the four
education groups we consider, proportionally to the edocal attainment distribu-
tions from the BLS*! Finally, we aggregate up to the 2-digit level to obtain vagan
counts for each occupation by education cell. The implisgusnption we make in
using the BLS information is that the educational requinetté newly created va-
cancies, for each occupation, is equal to the educatiomaénbin the existing jobs
for that same occupation.

The counterfactual exercises summarized in Table 2 revebdaa 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 édaczdtegory. In
particular, for the less than high school group, mismatgtaers a little less than one
percentage point (12%) of the 8.5 percentage point inciedke unemployment rate
of that group. For high school graduates, mismatch exp@aB&(13%) out of the 6.9
percentage point increase in unemployment. For those wittesollege, mismatch
explains about 1.0 (18%) out of a 5.3 percentage point risegn@mployment, and
for college graduates 0.65 (24%) out of the 2.7 percentagd pbserved increase.
Thus, the fraction of the rise in unemployment that can béated to the rise in oc-
cupational mismatch increases monotonically with edooatiom about one eighth

“OThis information comes from the American Community Surveyicrodata from
2006-08. See the BLS website at http://www.bls.gov/iempdbpe111.htm; see also
http://www.bls.gov/emp/epducationtech.htm for additional details.

4IFor robustness, we have also experimented with other gitoceules, for instance not imputing
vacancies of a given 6-digit SOC to an education level thabawts for less than 15% of the workers
in that occupation. The results are very similar.
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Figure 5:2-digit occupational mismatch index&d; in the four U.S. Census regions.

to roughly one quarter of the increase for each gréup.

Looking at occupational mismatch separately for each offdlie U.S. Census
regions (Figure 5) reveals that the only region where ouexnid still significantly
above its pre-recession level is the West, i.e. the regicgrevthe fall in house prices
and the rise in unemployment were the sharpest.

5.4 Geographical mismatch

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

Figure 6 shows the indexe®t; and M., and the corresponding mismatch un-
employment rates. We find that geographic mismatch is vevy(&bout 1/10 of the
2-digit occupation index, even though the number of segtotf times higher) and
is essentially flat over the sample period. These two resu#tsnteresting because
they indicate that (i) the rise of the index with the numbersettors, and (ii) its
counter-cyclicality are not mechanical features of ourhdblogy, but they depend

42Figures C17 in Appendix C plots mismatch indexes within dadad education category. The
index for college graduates is the only one which is stilhffigantly above its 2006 level.
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Figure 6: Geographical mismatch indexesl; and M, by county (left panel) and corre-
sponding mismatch unemployment rates (right panel).

on how the equilibrium distribution of unemployment andamacies 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 differeathods (see, e.g.,
Schulhofer-Wohl, 2010; Farber, 2012; Karahan and Rhee22®&bthari, Saporta-
Ecksten, and Yu, 20135.

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-
ment are very similar to those computed at the 2-digit octapdevel*

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 seresFigures 2 and

4“3We 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@amgions. Our conclusions from these
state- and region-based analyses are fully aligned witkdhaty-based study.

44See Figure C18 in Appendix C and Table 1.
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3 show that the fall in the cross-sectoral unemploymenganeag 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 mischatnemployment
in 2001. We find that worsening mismatch accounted for a tapgetion of the

(smaller) rise in unemployment in the 2001 recession (238ead of 11-14%). This
finding echoes the fact that the dynamics of employment fiferdint occupational
groups were much more asymmetric in 2001 than in 2008 (Jaghewd Siu, 2012).

6 Endogenous vacancy distribution

In this section, we relax the assumption of exogeneity otlieibution 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
number of vacancies will be posted in those sectors (beadtise higher probability
of recruitment) compared to the choice of a planner who atkexvacancies and job
seekers based on relative efficiency across sectors. Tk isea lower number of
aggregate vacancies and a lower aggregate job-findingrraeguilibrium—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
'U‘lt+€
Ky (vy) = K5, - ———, with ¢ € 0,00). 14
¢ (Vi) = K 1+ ( ) (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
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of vacancie$? The random variable;, shifts the cost of vacancy creation across
sectors and over time. 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 dbatdsefore the allocation of
unemployment across sectors.

Up to this point, we could conduct our analysis without motgkthe behavior
and choices of firms and workers in equilibrium. However,itteasurement 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,
1984; Acemoglu, 1996); and (2) no within-market congestixternality, in the spirit
of Hosios (1990%°¢

Free entry is the standard condition determining vacaricitgs class of match-
ing models. The choice of bargaining protocol is conventause 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 asitiguie source of dis-
crepancy between the efficient and equilibrium distrilngiof vacancies.

Under assumptions (1) and (2), the equilibrium conditiothmeconomy of Sec-
tion 2.2 with heterogeneity iy, 2, 6it, kit } iS:

11—«
c e ‘ % Lzt
Rig (Vi) = Cudie (W) M Ba-A) -0 o)

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

4Because of constant returns in the sector-specific matduimggion, 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.

46The extensive form game corresponding to this bargainingomue 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 sametor (i.e., with an identical partner) by
paying a small fixed cost.
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right hand side). Note that the individual firm takes the @&ttmeeting 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 fef, ande. For a given
value of the elasticity, we derive the sequence fey; that makes that condition hold
exactly at every datein each sectof. 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 obalele) have been accounted
for.#” Then, we can use this cost sequence in the planner’s vacesatjom condition
to compute the planner’s distribution of vacancies.

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

%\ l—a
i =eo(5F) o aa (40

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 sectar*®

A comparison of equation§l5) and (16) is instructive. Imposing the Hosios
condition\ = « in (15), within-market congestion externalities are ruled out e

471t is well known that productivity shocks alone are unabletplain fluctuations in vacancies
in a matching model with standard parameterization (Shi2@05). Investigating the fundamental
sources of vacancy fluctuations is beyond the scope of tipierpsle limit ourselves to point out that
recent papers (e.g., Petrosky-Nadeau, 2013) have emptdserrole 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 cadiprecisely as a source of fluctuations
in k. A planner subject to the same asymmetric information woade the same fluctuations:, .

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 quantitativéyaisa(to facilitate the comparison with
the baseline model). Recall that in the model with exogenagancies 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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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 egssesnumber of unem-
ployed workers search for jobs in declining sectors, firmsild@reate more vacan-
cies than the planner in those sectors, amplifying theainstburce of misallocation.
Combining equationél5) and(16), we therefore arrive at the relationship

Vit Uit ot

()
which demonstrates that the extent to which mismatch ungynpnt, i.e. deviations
of u;; fromu},, 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
(vie/v5;) . In this case, the planner’s vacancies are close to equifibviacancies, as
assumed in our benchmark analysis. If, instead,close to zero, the misallocation
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 w \ o v\ @
fi=t e (=) (=) () (17)
(1 — M) Uy Gt Ut
—— N—— ~ ~~ -
Direct Effect ~ Feedback through Feedback through

where ¢, is given by equatior{11) and ¢?, is the same aggregator, but with the
planner’s vacancy shareg /v; instead of the observed shares. Compared 29,
the equation above features an additional feedback effentsmnatch that operates
through vacancies and has two components. Mismatch redibeesygregate job-
finding rate by (i) distorting the distribution of vacancyasbs across sectors (the
first term in the square brackets) , and (ii) lowering totaarecies (the second term).
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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.

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 elasttizyt0 on aggregate US
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 US time series. In all these papers gigfiichtion ofs comes
from the response of vacancies and employment changesdaginaty shocks, and
¢ is precisely estimated. We conclude that existing estimate, at various level of
disaggregation, are quite tightly centered around one.

Givene, we can estimate the sector-specific vacancy cost creatictongs;; }.
Our estimates of vacancy costg increase for almost all industries and occupations
during the recession, therefore contributing to the olestdrop in vacancies. Figure
C19 in Appendix C plots the estimated sequences;0h some selected industries
and occupations for the case= 1. Next, we compute the distribution of planner’s
vacancies and the implied planner’s aggregate job-findatgwith endogenous va-
cancies (17), which we then feed into the law of motion forwhemployment rate
to perform our counterfactual exercise.
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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).

Table 1 summarizes the resutfsWe first present our analysis by industry. Figure
7 (left panel) plots aggregate vacancigsin the planner’s economy for different
values ofc. The main result is that quantitatively significant devoas between
vy andwv, (the data) occur only for low values of the cost elastieityFores > 1,
planner and equilibrium vacancies line up closely. Thisifigds reflected into the
calculation of mismatch unemployment (right panel). Ece 1, with endogenous
vacancy creation, mismatch unemployment rises by 0.9 ptage points between
2006 and October 2009, i.e., only an additional 0.3 pergenpeints relative to the
exogenous vacancy calculation. Foe 0.5, mismatch unemployment is generally
higher, but its increase between 2006 and October 2009liatstiut 1.2 percentage
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
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. Neetss, our results of Sec-
tion 5 derived under exogenous vacancies (or infinite matginst elasticity) are
close to those obtained from the model with endogenous egcaeation and uni-

49The indexes computed with endogenous vacancies have stipers.
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tary marginal cost elasticity, a specification supportedekigting estimates. Our
calculations also show that mismatch could have played amnaie 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. While current 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.

Our unemployment counts for industry and occupation areutated from the
CPS samples. We explore whether this random sampling caratera bias in our
mismatch index. With respect to job seekers, we have asstina¢cach unem-
ployed worker is searching in the same industry or occupat®the one where she
was last employed. Here, we correct our index for the dioectif search based on
observed unemployment-employment transitions. Sincéoities 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 dataggregate va-
cancies show a stronger upward trend than their JOLTS crparte If this trend
IS uneven across sectors, it may bias our mismatch measHe® we assess the
magnitude of this bias. Finally, we have assumed that thetisipares of vacancies
and unemploymeriiv, 1 — «) are constant across sectors. This assumption is crucial
for maintaining tractability, but the model can be solvednevically with heteroge-
neous shares to confirm this restriction does not drive odirfgs. The results of this
sensitivity analysis are summarized in Table 3 .

Since the endogenous vacancy creation margin did not sulzsha affect our
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results, in this section we use the baseline model with agexxaus distribution of

vacancies. With the exception of the adjustment for thectiva of search (done both
at the industry and occupation level) and and heterogeneityput shares —which

requires a long time series and is therefore done at thetiydasel- we perform our

sensitivity analysis for 2-digit occupations. Finally, wseM; (the index unadjusted
for heterogeneity) since, as clear from Table 1, it is the thia¢ leads to the largest
role for mismatch.

7.1 Sampling error as a potential source of bias

In Section 5 we documented a positive correlation betweemyhoyment and va-
cancy shares across industries and occupations. Undesdiimrio, classic mea-
surement error in sectoral unemployment counts may lead tgoaard 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 level. Hawdtstrapped sample
is of the same size as the original CPS samplEor each sample, we compute the
mismatch index. The mean index computed from the resulimgpting distribu-
tion is virtually identical to our point estimate, suggastihat this potential source
of bias is quantitatively negligible. With the samplingtdisution in hand, we are
also able to compute confidence intervals for the mismatdéxrand for mismatch
unemployment. The 95% confidence band is around 0.2 pegmptaints for both
variables, thereby confirming that our estimates are quéeige. 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-patlension of the CPS.
Respondents in the CPS are interviewed for several congecnbnths and we can
track unemployed workers who find new employment from onetimtmthe next and

S0We did it in two ways: (i) using the unweighted microdata freme CPS, and (i) using the
population weights in the CPS. Results are almost unchanged
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Figure 9: Mismatch index with unadjusted\f) and adjusted M*~?¥) unemployment

counts by industry (top-left panel) and corresponding maisim unemployment (top-right
panel). Mismatch index with adjusted and unadjusted uneynpént counts by occupation
(bottom-left panel) and corresponding mismatch unempeynibottom-right panel).

record: (i) industry/occupation of the job prior to the werks unemployment spell;
(i) industry/occupation of the new job. We then create airitansition matrices
(from sectori to sector)) by aggregating monthly flows, as in Hobijn (2012). We then
infer the number of job seekers in each sector using a sintatistscal algorithm,
whose key assumption is that every unemployed searching jfao in sector; has
the same probability of being hired, independently of thetareof 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 B-3

We first report our results by industry. The top-left paneFafure 9 shows the
mismatch index calculated using the adjusted unemployewmmnits, which we call
M?‘“dj, as well the unadjusted; index. The adjustment causes the level of the

SlFigures C21 and C22 plot the adjusted and unadjusted ungmphtt counts for some selected
industries and occupations. As expected, for example ctiieection reduces the number of unem-
ployed workers searching in construction and increasé®flihose seeking jobs in healthcare.
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Ugs — Udg  U10.00 — Upoe A —u*) Alu—u*)/Au

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

Table 3: Changes in mismatch unemployment across 2-digit occupatising the base-
line index M, with different adjustments. The first adjustment for diseqed (D) workers
counts all discouraged workers as unemployed (U) while du@rsd one only counts dis-
couraged workers from construction and production as utmreg. The first adjustment for
employed (E) job seekers is done by using the time used fosgaloch by the employed
relative to the unemployed while the second adjustmentnassuhat all employed who re-
port positive search time are counted as unemployed. Alttanges are calculated as the
difference between October 2009 and the average of 2006.

index to decrease somewhat during the sample period. Whag tie adjusted

counts, 0.65 percentage points of the roughly 5.4 percemat rise in the U.S.

unemployment rate is due to industry-level mismatch, coeygbéo 0.75 percentage
points without the adjustment (top-right panel).

The bottom row of Figure 9 reports our analysis by occupathuain, both the
adjusted/\/lg_“dj index and mismatch unemployment track their counterpaitts- w
out adjustment. In contrast to the industry-level analytsie adjusted index for oc-
cupations is slightly higher than in the baseline case. HWewejuantitatively, the
contribution of mismatch to the rise in the U.S. unemploytrate is virtually the
same when using adjusted unemployment counts by occupation

The key reason why our findings are robust to this adjustnsehai the estimated
transition matrices by industry and occupation revealttmabulk of the unemployed
workers keeps searching in the sector of their previous eynpent. Table 3 summa-
rizes these results.

7.3 Adjustment for discouraged workers

According to the CPS, an individual is unemployed if she doashave a job, has
actively looked for employment in the past four weeks anduisently available to
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work. However, it is possible that some workers become dissged from unsuc-
cessful job search and reduce their search intensity entougg classified as out of
the labor force in the official statistics. This grey areansstn unemployment and
non-participation is occupied by “discouraged workérs.”

If workers from certain occupations are more likely thanesthto become dis-
couraged (and exit from unemployment) or remain discoutdged delay re-entry
into the unemployment ranks), our mismatch measures—Ilmastte official unem-
ployment counts—may be biased. For example, if most of theodiraged workers
who dropped out of the labor force during the last recessi@inate 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 whéurding 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 wosketthe CPS classified
as “discouraged not in the labor forceD], 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 simatross occupations—
the correlation is around.95. As a consequence, including discouraged workers
affects the job-seeker shares of different occupationg ordrginally. As Table 3
and Figure 10 show, the difference between the modified nidmadex, which we
call MP, and the original index is quantitatively insignificant.

Next, to maximize the potential impact of such correctioa,omly count discour-

52The CPS classifies as discouraged workers those indivithutiin the labor force who want and
are available for a job and who have looked for work sometimtaé 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 nongHianh they would qualify.”

53The 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 discourage¢imetveen montt andt + 1 and we
added them back to the unemployment pool in the occupationigih 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 10:Mismatch indexM} by occupation including all discouraged (D) workers and
only discouraged workers in Construction and Productio&RCin unemployment (U) (left
panel). Mismatch index\; by industry allowing for heterogenous vacancy share pa&me
« across industries (right panel).

aged workers in construction and production related odoums (mostly manufac-

turing) as unemployed, the occupation groups with the Krigerease (decrease) in
their unemployment (vacancy) share. Once again, the augthas small effects:

the contribution of mismatch to the rise in the unemploymate is 23.4% as op-

posed to 21.3% in the baseline case. All these results aocetegpin Table 3, and

Figure C23 in Appendix C shows the plot of mismatch unempleyin

7.4 Adjustment for employed job-seekers

Since the CPS does not have any information on job searchvioeltd employed
workers, we use the American Time Use Survey (ATUS) to implienumber of
employed job seekers in each sector. The ATUS reports theinod 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. Thate 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 oékers, and this modified
index is calledM¥F.

We implement two versions of this adjustment. First, we cotephe ratio be-
tween the average time spent searching by employed workecsupation and that
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spent by the unemployed, and augment the job-seeker coaatimpation in month
t with a number equal to that ratio times the CPS employmerksito this same
occupation-montf? The shortcoming of this method is that, if employed workers
allocate less time to job search because they are moreieéfeate would underes-
timate the contribution of employed job-seekers. In oubséoversion, we compute
the number of all the workers employed in occupatiowho report any positive
amount of time spent searching for another job and add igatiemployment stock
in occupation.®

These modifications do not result in major changes in thebligion of job seek-
ers across occupations and thus have very small effectsranismatch measurés.
The plot of the modified mismatch index is shown in Figure G2Appendix C.

7.5 Reweighing of HWOL vacancies

The two main concerns with the HWOL data are that (i) someosgchay systemat-
ically over- or under-use online recruitment tools comparethe aggregate and (ii)
the upward trend in the penetration of online advertisemey be faster or slower
in some sectors than others. To address these concernsyeigheHWOL vacancy
counts by occupation in order to match the total vacancy ooy industry and re-
gion in JOLTS, month by month. Appendix B.4 describes ouraagh in detail.
Table C13 in Appendix C reports the estimated weights bystrguand region.
A low (high) weight means that sector or region makes use themecruitment
boards more (less) than the aggregate economy. Our findiaggiée intuitive: Fi-
nance, Real Estate, and Professional Services are amongpgteover-represented

54The ATUS has a considerably smaller sample size relativiee PS, so we can only make this
adjustment for each occupation by pooling all the years 20011) together.

SFor 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
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 cop@sed for the unemployed job-seekers.

6The correlation between the modified and original unemplenyitshares of occupations over
time is between 0.987 and 0.997 with the first method and a®®89 with the second method. The
average absolute difference between the modified and thmakindex is 0.01 when we use the first
method and 0.007 when we use the second method.
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industries in online recruitment, and Accommodation, Goweent, and Construc-
tion among the most under-represented. Weights changewdmahever time, but
the correlation between the 2005-06 and the 2010-11 weigt90, indicating that
the upward trend is quite common across sectors.

When we recompute the mismatch index using these reweighatsthcy counts
by 2-digit occupation Mf‘“dj) we do find a slightly higher increase in occupa-
tional mismatch (see Figure C25 in the Appendix), but as Gasden in Table 3,
the counterfactual exercise yields results similar to @asgefine calculation with the
raw HWOL data. Overall, these findings are encouraging awel, ttime, more will
be learned about the virtues and limitations of this new dataFor the moment, one
should bear in mind that results based on HWOL may be not asitilefias those
based on JOLTS’

7.6 Heterogeneousy across sectors

So far, we have assumed that the elasticity of hires to vaesic) 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 saetl mismatch index and
for mismatch unemployment, whernvaries across sectors. We perform this analysis
by industry because we need a long time series to preciseiyae «; sector by
sector, and JOLTS has over 50 data points more than HWOLe Tabd 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 lardgsecities (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 afiatish unemploy-
ment at the industry level, relative to the homogeneouaase? Figure 10 shows that

5"In a previous version of the paper (Sahin et al, 2012) we atiress 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 asalydiiring through referrals). We show
that markets where vacancies are severely under-repartédlike 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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the two mismatch indexes track closely each other until titea# the recession, but
the index calculated allowing for heterogeneitydrdeclines more gradually after-
wards. As a result, mismatch unemployment (displayed inrféigc26 in Appendix
C) remains higher (but only by 0.2 percentage points) trehatmogeneous coun-
terpart throughout 2010.

8 Conclusion

In this paper, we developed a framework to coherently defiienaeasure mismatch
unemployment. We use this framework to ask how much sectoishatch con-
tributed to the dynamics of U.S. unemployment around theaGRecession. Our
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 aceasurement exercise,
mean that this estimate should be considered as an upped bourach level of
disaggregation we analyzed.

While, admittedly, our approach does not put us in the besitipa to separately
identify the many potential causes of mismatch, we arguatiahalyzing different
layers of disaggregation (e.g., occupation, industrycatian, geography), as we
do, is informative nevertheless. The absence of an incr@ageographical mis-
match casts doubts on the “house lock” hypothesis, a caondus line with exist-
ing research (e.g., Schulhofer-Wohl, 2010; Farber, 20E2aKan and Rhee (2012);
Kothari, Saporta-Ecksten, and Yu, 2013). The non-nedkgible played by occu-
pational mismatch, especially for high-skilled workeesg\ves room for explanations
based on labor demand shifts combined with human capitaiaation, relative
wage rigidity, and government policies. Kambourov and Meska (2009), Alvarez
and Shimer (2010), Carrillo-Tudela and Visscher (20139, aficzer (2013), among
others, have proposed equilibrium models where unemplaypekiers cumulate spe-
cific human capital and, in equilibrium, make explicit matyidecisions across dis-
tinct labor markets. Going forward, these frameworks stidnd, potentially, well
suited to investigate the structural causes of mismatcmpie®yment, i.e., why job
seekers search for jobs in the “wrong” sectors.
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APPENDIXNOT FOR PUBLICATION

A Theoretical Appendix

This Appendix formally derives all the theoretical resulfsSections 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
Vieyv,0,Z,A,®) = max Z(e;+hi)+ BE[V (e;v, ¢, Z A, &)

{20} 7
s.t.
1
> leitw) = 1 (A1)
i=1

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

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

tors. Equatior{ A2) states that, once 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
Vj

)+5E[ (€536, 2 AL )] (1= A) By, (u—) —u (19)

7

ZOhim., <
U;

7
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wherey is the multiplier on constraintAl). 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

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:

Ve (€v,0,Z,A,®) =Z — p+ B(1 - AE[V, (v, ¢, Z', A, @)], (A6)
from which it is immediate to see, by iterating forward, ti@fV,, (e’; v/, ¢, 2’ A, ®')] is
independent of, since productivity and the job destruction rate are comawrass all sector.
Using this result intd 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 sectdt;) , or out of the
1

labor force. The aggregate labor forceis >° (e; + u;) < 1.

Labor productivity in sectof is given b2>7IZzZ where each idiosyncratic componentis
strictly positive, i.i.d. across sectors and independédrithe aggregate stat&. The non-
employed individuals produce outpgZ > 0 (which can also be interpreted as the value of
additional leisure), and the unemployed incur in an extsatility cost of searcly > 0.

Let the conditional distribution of the vecter= {z;} bel, (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 (¢’,d) . The survival
probability of a match is the(l — A) (1 — ;). The vector{Z, A, ®,z,v, ¢, J} takes strictly
positive values.

Itis convenient to impose additional structure on some ttamdhl 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 cthirent number of unemployed
workersu, the vector of productive efficiencies and the vector of destruction ratés The

8\ 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)

Mt 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

52



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.

60See 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.

51For 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 C25aseld 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.

66



Productivity

Hourly Median Wage

250

0.06

—Construction —>—Construction ‘
+ ——Manufacturing - Durable
——Manufacturing - Durables L o R
-+ Finance 005l = Retail 9 |
2001 > Retail 1 9 fl=—Health )
—Health

\X
|
|
P

o

b

_ SN I
= b
1505 o " 1 8
e i o
— 7 - 2003 —
. g
]
100 - 1

o
o
N

2%01 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2%01 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011

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.
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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-
employment rates (right panel) for the baseline speciticadind with the Abraham-Katz (AK)
specification with heterogenous sensitivities to aggeeghbcks.
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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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employment (left panel) and the corresponding mismatch unemploynaasr(right panel).
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Figure C12: Unemployment and vacancy shares by selectegbation.
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Figure C21: Adjusted unemployment counts for selectedstreis.
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Figure C24: Mismatch indexe®1; by occupation (left panel) and the corresponding mismatch
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Figure C26: Mismatch indexe$1, by industry (left panel) and the corresponding mismatch
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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
(8} ag « g
. 0576 0.152
JOLTSHires 14 542 0.603]  [0.051,0.242] ]
PS 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 sha@nd CES substitutability parameterusing industry

and occupation level data. 95-5 confidence intervals coegjvia 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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