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Abstract

We develop a framework where mismatch between vacancies and job seekers across sectors
translates into higher unemployment by lowering the aggregate job-finding rate. We use this
framework to measure the contribution of mismatch to the recent rise in U.S. unemployment by
exploiting two sources of cross-sectional data on vacancies: JOLTS and HWOL (a new database
covering the universe of online U.S. job advertisements). Mismatch across industries and
occupations explains at most one-third of the total observed increase in the unemployment rate.
Geographical mismatch plays no apparent role. Occupational mismatch has become especially
more severe for college graduates, and in the West of the United States.
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1 Introduction

The U.S. unemployment rate rose from an average value of thh&06 to its peak
of 10% in October 2009, as the economy experienced the dedpesturn in the
postwar period. Two years after its peak, the unemployneaatstill 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 shtvat, while
the inflow rate has returned to its pre-recession level ghdinding rate is still half of
what it was in 2006. Any credible explanation for the recgmtaimics in unemploy-
ment must therefore operate through a long-lasting deatilee outflow rate. One
such theory is that the recession has produced a severeaentesmatch between
vacant jobs and unemployed workers: idle workers are sgekimployment in sec-
tors (occupations, industries, locations) different frihimse where the available jobs
are. Such misalignment between the distribution of vaemand unemployment
across sectors of the economy would lower the aggregatijding rate.

The mismatch hypothesis is qualitatively consistent witte¢ features of the
Great Recession. First, over the past three years the Uv@rilge curve (i.e., the
empirical relationship between aggregate unemploymedtaggregate vacancies)
has displayed a marked rightward movement indicating tlaita given level of
vacancies, the current level of unemployment is higher thahimplied by the his-
torical datat Put differently, aggregate matching efficiency has dedlih&econd,
around half of the job losses in this downturn were concégdran construction and
manufacturing. To the extent that the unemployed in these battered seatonstd
search for (or are not hired in) jobs in the sectors whichdgrgveathered the storm
(e.g., health care), mismatch would arise across occua#ad industries. Third,

1See, among others, Elsby, Hobijn, and Sahin (2010), HaL@®, Daly, Hobijn, Sahin, and Val-
letta (2011), Barlevy (2011), and Veracierto (2011). Acdling to these studies, at the current level
of vacancies, the pre-recession U.S. unemployment-vaesaratationship predicts an unemployment
rate between 2 and 3 percentage points lower than its curaérd.

2According to Barlevy (2011) and Veracierto (2011), the siz¢his drop from its pre-recession
level is between 15% and 25%, 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
sectors accounted for 54% of this decline.



house prices experienced a sharp fall, especially in cerggions (see e.g., Mian
and Sufi, 2011). Homeowners who expect their local housintkets to recover
may choose to forego job opportunities in other locatiorestmd large capital losses
from selling their house. Under this “house-lock’conjeetumismatch between job
opportunities and job seekers would arise mostly acrosgitmts.

In this paper, we develop a theoretical framework to concaze the notion of
mismatch unemployment, and use this framework to measwentach of the re-
cent rise in the U.S. unemployment rate is attributable tenmaitch. 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 worker$naisallocated,’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 atenthuld 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 caamgify how much
lower the unemployment rate would be in the absence of m@mathe difference
between the observed unemployment rate and this courtigafamemployment rate
is mismatch unemployment.*

Our measurement exercise requires disaggregated datamployment and va-
cancies. The standard micro data sources for unemploymeniacancies are, re-
spectively, the Current Population Survey (CPS) and theQoénings and Labor
Turnover Survey (JOLTS). Unfortunately, JOLTS only allodvsaggregation of va-

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).



cancies by 2-digit industries and very broad geographiea & Census regions).
In this paper, we introduce a new source of micro data, thde&Zence Board’s Help
Wanted OnLine (HWOL) database, designed to collect thearsesof unique online
job advertisements in the U.S. economy. Through this noat det, we are able
perform our empirical analysis at the 2- and 3-digit occiguedl level, at a more de-
tailed geographical level (states and counties), and eyelefining labor markets as
a combination of occupation and locati®n.

Our empirical analysis yields the following main resultse Y\hd no significant
role for geographical mismatch across U.S. states or cemintlismatch at the 2-digit
industry and 2- and 3-digit occupation level increased maigkduring the recession
but declined throughout 2010, an indication of a strongicgtpattern in mismatch.
A similar, but milder, hump shape in mismatch is observediagdothe 2001 reces-
sion. With all the caveats associated to a short sample, wetiind evidence of a
significant long-run “structural” shift in mismatch aftéret Great Recession.

We calculate that an additional four percent of monthly simeere lost during
the Great Recession because of the misallocation of vaesmani job seekers across
occupations and industries. As a result, our counterfaemoalysis indicates that
mismatch unemployment at the 2-digit industry level caroaot for 0.75 percentage
points out of the 5.4 percentage point total increase in tf& Unemployment rate
from 2006 to October 2009. At the 3-digit occupation levéke tontribution of
mismatch unemployment rises just beyond 1.5 percentagespdVhen we compute
occupational mismatch separately for different educagronips and different Census
regions, we find its contribution to the observed increasténunemployment rate
is the largest among college graduates and for the West{ @the smallest among
high-school dropouts and in the North-East.

In an extension of the baseline analysis, we allow the nasatlon of unem-
ployed workers across sectors to also affect the vacaneyionedecisions of firms:
the presence of job-seekers in declining sectors makesigre@ fill jobs in those
sectors and, therefore, distorts firms’ incentives in tleation of, inefficiently, cre-
ating vacancies in the wrong markets. We show that this atlalapresses aggregate

SNote that industry classification in the JOLTS is slightlffetient than the 2-digit NAICS classi-
fication. See Table B1 for a complete list of industries ini. TS.

5The HWOL micro data would allow an even more disaggregatetyais. The binding constraint
is the small sample size of unemployed workers in the mor@iss.



vacancy creation relative to the planner’s solution, giarfurther boost to mismatch
unemployment. When this additional force is factored into counterfactuals, the
contribution of mismatch to the observed rise in the unemmpknt rate grows by
a maximum of two thirds of a percentage point. We thereforeckale that, at the
analyzed level of disaggregation, mismatch can explaincstivy3 of the recent rise
in the U.S. unemployment rate since 2006.

We now return briefly to the nature of our measurement exarcisormaliz-
ing mismatch unemployment as “distance from a benchmadcatilon” follows,
in essence, the same insights of the vast literature on legsdilon and productivity
(Lagos, 2006; Restuccia and Rogerson, 2008; Hsieh and W|&@®9; Jones, 2011;
Moll, 2011). Our implementation has two distinctive feasur First, we do not need
to solve for equilibrium allocations (and, hence, make geassumptions about
firms’ and workers’ behavior, their information set, pricetermination, etc.) We
simply take the empirical joint distribution of unemploymend vacancies across
sectors as the equilibrium outcorheSecond, we construct the counterfactual dis-
tribution (in absence of mismatch) from a simple plannergbfem which can be
solved analytically.

The key strength of these two features combined is that filsagdregation in
the available micro data poses no threat to the feasibifithe exercise. The ap-
proach we propose is robust and easily implementable, ewnashigh number
of labor markets, and multiple sources of heterogeneitgsithcratic shocks, and
aggregate fluctuations. Our method is also useful in idgntfthe relative impor-
tance of different dimensions (e.g., industry, occupatgeography) of mismatch.
The limitation is that one cannot separately quantify thesgibly many, sources
of misallocation. This would require specifying and sotyia complex structural
equilibrium model which, at the level of disaggregation af @nalysis, would be
computationally unfeasible. Factors explaining the @dipancy between the empiri-
cal and planner’s distribution of unemployment across@edhclude moving (e.g.,
retraining or migration) costs, relative wage rigidity,aartain government policies
that may hamper the reallocation of idle labor from shrigkia expanding sectors.
Since moving costs are characteristics of the physicarenment that would also

"The extension to endogenous vacancy requires a minimaf setastly standard, assumptions
that are discussed in Section 7.



feature in a planner’s problem, while our benchmark plasralocation is derived

under costless between-sector mobility, our calculatmnthe role of mismatch are
an upper bound. In light of this remark, the finding that migrhas not a chief deter-
minant of the persistently high U.S. unemployment appeas enore compelling.

The model underlying our measurement exercise is a mutosgersion of the
standard aggregate search/matching model (Pissaride8).28himer (2007) pro-
posed an alternative environment to measure mismatch betfirens and workers
across labor markets. The crucial difference between tbertedels is the notion of
a vacancy or, equivalently, at which point of the meetingcpes vacancies are mea-
sured. In the matching model, firms desiring to expand posamees: a vacancy
is a manifestation of a firm’sffort to hire. In Shimer's model, firms unsuccessful
in meeting workers are left with idle jobs: a vacancy is tfiene a manifestation
of a firm’s failure to hire. Both notions are theoretically correct. Since both mod-
els are parameterized using the same micro-data on vasaticgekey question is
whether existing job-openings data from JOLTS and HWOL apeentikely to rep-
resent firms’ hiring effort or hiring failure. The short dticm of job openings in
JOLTS (2-4 weeks according to Davis, Faberman, and Halgenr?010) seems
somewhat more consistent with the former view, but bett¢éa daneeded to shed
light on this critical point.

The notion of vacancy we adopt is common to the entire seaatiching ap-
proach to unemployment. Within this class, the closestptapeurs is Jackman and
Roper (1987): in a static matching model with many sectdrsy tshow that dis-
tributing unemployment across sectors so that sectoralatarket tightnesses are
equalized maximizes aggregate hires, and they proposeséhefumismatch indexes
to summarize deviations from this allocatidmt that time, economists were strug-

8This 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.”



gling to understand why high unemployment was so persistentany European

countries. Padoa-Schioppa (1991) contains a number ofralstudies for various
countries and concludes that mismatch was not an imporkghdreation of the dy-

namics of European unemployment in the 198@ur paper contributes to reviving
this old literature by extending it in several direction§: wWe develop a dynamic,
stochastic, environment with numerous sources of heteme (ii) we explain how

to construct counterfactual measures of unemploymengrdlisismatch, (iii) we in-

corporate the effect of misallocation on vacancy creatand (iv) we perform our

measurement at a much more disaggregated level, thanke/tmioeo data.

Beyond the present paper, a small but rapidly growing litessattempts to quan-
tify whether mismatch played a substantive role in the GRetession. Barnichon
and Figura (2011) document that fluctuations in the estichegsiduals of the ag-
gregate matching function are negatively correlated withdispersion of tightness
across U.S. labor markets. This empirical finding is in linthwur theoretical result
showing that our mismatch index acts as a shifter of the aggeematching func-
tion. However, their empirical analysis is mostly disaggied at the geographical
level, a negligible dimension of mismatch according to caicglations. Dickens
(2010) and Lazear and Spletzer (2012) study mismatch ireth@ Imarket using an
alternative index proposed by Mincer (1966). In a previoaision of this paper, we
also reported results based on this index and argued thatdk hass useful than the
one we propose here because it only quantifies the numbeb-@&fgekers searching
in the wrong sectors, but not how such misallocation lowleegob-finding rate and
raises unemployment. In addition, the analysis in thesensagoes not allow for
heterogeneity in productive and matching efficiency acsesdors, a key determi-
nant of the optimal allocation of job-seekers across labarkets. The analysis of
Herz and van Rens (2011) is quite complementary to ours: gheynore structure
on the determination of equilibrium unemployment in ordedisentangle various
potential sources of mismatch, and as a consequence haterdata requirements.
They conclude that relative wage rigidity (across statesiadustries) is vastly more

9The conjecture was that the oil shocks of the 1970s and theucaent shift from manufacturing
to services induced structural transformations in therdabarket that permanently modified the skill
and geographical map of labor demand. From the scatteredadailable at the time, there was
also some evidence of shifts in the Beveridge curve for sooumtties. Subsequent explanations
of European unemployment based on the interaction betvemdmological changes and rigid labor
market institutions were more successful quantitatively.
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important than moving costs as a source of mismatch. In bfheir finding, our
planner problem may provide a tight upper bound.

The remainder of the paper is organized as follows. Sectipre@ents the the-
oretical framework. Section 3 derives the mismatch indees explains how we
compute our unemployment rate counterfactuals. Sectiasdribes the data. Sec-
tion 5 performs the empirical analysis. In Section 6 we yettile robustness of our
results to measurement errors in unemployment and vacanoytss Section 7 ana-
lyzes the case in which mismatch also affects vacancy oreafiection 8 concludes.
Appendix A contains the proofs of our theoretical resultd Appendix B contains
more detail about the data and our measurement exercise.

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 7.

2.1 Benchmark environment

Time is discrete. The economy is comprised of a large nunil@rdistinct labor
markets (sectors) indexed byNew production opportunities, corresponding to job
vacanciegv;) , arise exogenously across sectr§ he economy is populated by a
measure one of risk-neutral individuals who can be eitherleyed in sectof (¢;) or

unemployed and searching in sectdi;). Therefore,zlj (e; +u;) = 1. On-the-job
search is ruled out, and an unemployed worker, iﬁ:altny givelghecan search for
vacancies in one sector only.

Labor markets are frictional: new matches, or hirgs) between unemployed

workers(u;) and vacanciegy;) in market: are determined by the matching function

10we explain in Section 7 that assuming that vacancies areemxmg is equivalent to a model
where the job creation margin is endogenous, and the etasticthe cost of creating vacancies is
infinitely large.



- ¢, - m (u;,v;), With m strictly increasing and strictly concave in both arguments
and homogeneous of degree one(in, v;). The term® - ¢, measures matching
efficiency (i.e., the level of fundamental frictions) in s&ci, with ® denoting the
aggregate component angdthe 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 producg units of output in every sector. Matches are de-
stroyed exogenously at rat®, also common across sectors. Aggregate shagks
A and®, and the vector of vacancies= {v;} are drawn from conditional distri-
bution functiond’z o ¢ (Z', A", @"; Z, A, @) andl'y, (v'; v, Z’, A’, ®"). The notation
shows that we allow for autocorrelation{&r, A, ®, v}, and for correlation between
vacancies and all the aggregate shocks. The sector-speaifathing efficiencies;
are independent across sectors and are drawn ffipfw’; ¢), wherep = {¢;}. The
vector{Z, A, ®, v, ¢} takes strictly positive values.

Within each period, events unfold as follows. At the begngof the period, the
aggregate shocksZ, A, @), vacanciess, and matching efficiencies are observed.
At this stage, the distribution of active matches= {e;,...,e;} across markets
(and hence the total number of unemployed workgrs also given. Next, unem-
ployed workers choose a labor marketithout any impediment to labor mobility.
Once the unemployed workers are allocated, the matchinggpsotakes place and
h; = ®¢;m (u;,v;) new hires are made in each market. Production occurs ip;the
(pre-existing) plus:; (new) matches. Finally, a fractiah of matches are destroyed
exogenously in each markét determining next period’s employment distribution
{e;} and stock of unemployed worket&

Planner’s solution In Appendix A.1 we prove that the planner’s optimal rule
for the allocation of unemployed workers across sectorisigxdconomy can be writ-

ten as
v V; v
D1y, (—1) = .. = ¢yma, (—) = .= ¢rmy, <—I) , 1)
uj u; uy

where we have used the “*” to denote the planner’s allocafidns condition states
that the planner allocates more job seekers to labor mank#tsnore vacancies and
higher matching efficiency.



2.2 Heterogeneous productivities and job destructions

We now allow for sector-specific shocks that are uncorrdlatxoss sectors and in-
dependent of the aggregate shétkin this extension, we also allow the planner
to choose the size of the labor force, but we keep worker atipas exogenous.
Finally, we allow the planner to choose whether to endogslyalissolve some ex-
isting matches and show that, under some conditions, itrrehaoses to do so. All
the derivations for these extensions are contained in Agigef2-A.3.

Let labor productivity in sectoi be given byZ - z;, where each component
is strictly positive, i.i.d. across sectors and indepenhdér¥. Similarly, denote the
idiosyncratic component of the exogenous destructioniragectori asd,;. Then,
the survival probability of a match il — A) (1 —¢;). It is convenient to proceed
under the assumption thé¥, 1 — A, z;, 1 — ¢;} are all positive martingales, which
amounts to simple restrictions on the conditional distttns'; A 4, I, andT;.12
Appendix A.2 proves that the planner’s optimal allocatiolerof unemployed work-

ers equates
Zi (%
i mr e () @

across markets. This rule establishes that the higher gaasgmmatching efficiency,
and expected discounted productive efficiency in maitkéhe more unemployed
workers the planner wants searching in that market. Inqadi, expected output of

an unemployed worker in sectois discounted differently by the planner in different
sectors because of the heterogeneity in the expected alurdtmatches.

2.2.1 Endogenous separations

Consider the environment of Section 2.2 and allow the platmenove workers
employed in sector into unemployment or out of the labor force at the end of the
period, before choosing the size of the labor force for nexiqul.

This model of sectoral shocks is in the spirit of Lilien (1982n Section 2.2.2 of Sahin et al.
(2012), we laid out an alternative model of sectoral cycléem sectoral productivity fluctuations
are driven by the aggregate shock because different sdwwesdifferent elasticities to this common
factor (in the spirit of Abraham and Katz, 1986). Since ressalte very similar to the case studied
here, we omit the presentation of this variant of the model.

2We can allow the vectar = {Z,1 — A, z;,1 — §;} to have the more general linear conditional
mean function of the typE [2'] = Z 4 p,x. However, the derivations are more convoluted, and we
do not make use of this more general assumption in the erapaialysis.



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.

3 Mismatch index and counterfactual unemployment

We now use the planner’s allocation rule to derive an indeasueng the severity
of labor market mismatch between unemployed workers andnges. From this
point onward we must state an additional assumption, wtschell supported by
the data as we show below: the individual-market matchimgtion m (u;, v;;) is
Cobb-Douglas, i.e.,

hit = Bydaviiuy ©, 3)

whereh;, are hires in sectorat datet, anda € (0, 1) is the vacancy share common
across all sectorsS. Next, we describe how to use these indexes to construct coun-
terfactuals to measure how much of the recent rise in U.Smpleyment is due to
mismatch.

3.1 Mismatch index

Our mismatch index measures the fraction of hires lost lmratimisallocation, or
(1 — he/R}) whereh, denotes the observed aggregate hiresnte planner’s hires.

Consider first the benchmark environment of Section 2.1.mH®), summing
across markets, the aggregate number of new hires can besegrpras:

I « l—«
b = Bl [ S, (v_) (u_) | 4
t tY Wt [;QSt vy U ( )

The optimality condition dictating how to allocate unemyd workers between

marketi; and markey is:

1

Vit _ <@) oYt (5)
Uy, Dit u;

7t
13At this point we abandon the recursive formulation and iditrce timet explicitly.
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The optimal number of hires that can be obtained by the plaalh&cating theu;,
available unemployed workers across sectors is

1 o «\ 1l—a
* a, 1—a § Uj Uy
ht = (I)tvt utl [ Cbit (U_j) (u—;) ] . (6)

=1
Substituting the optimality conditiofb) in equation(6) , the optimal number of new
_ _ I 1 @
hires becomes; = ®,¢,v0u; ", whereg, = |3 ¢z (”v—tf)] , a CES aggregator
i=1

of the sector-level matching efficiencies Weight_ed by thratancy share. Therefore,
we obtain an expression for the mismatch index

hy ! Git Vit “ Uit e
Moo () (3) () @
M, measures the fraction of hires lost in peribdecause of misallocation. This
index answers the question: if the planner hadvailable unemployed workers and
used its optimal allocation rule, how many additional jolmand it be able to create?
These additional hires are generated because, by betteatatlg thesame number of
unemployed, the planner can increase the aggregate jabgirate and achieve more
hires compared to the equilibrium, which we will call ther&tit effect” of mismatch.
It is useful to note that, in addition to this direct effeat, is in general lower than
uy Which, for any given allocation rule, translates into a leigaggregate job-finding
rate and more hires, which we will call the “feedback” effedt,, measures only
the direct effect of mismatch on hires, but the counterfalctd Section 3.2 fully
incorporates the feedback effect as well.

From(7) and(4) one can rewrite the aggregate matching function as

ht = (1 — M¢t) . Qgt . q)tvf‘u%_o‘ (8)

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

11



In Appendix A.4, 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 maiMsts differ in
their level of productive efficiency. It is useful to definevérall market efficiency”
asz; = ¢uzi/ [1 — B (1 — Ay) (1 — 0;)]. Following the same steps, we arrive at the

index
! ¢z‘t (%7 “ Ugt e
M= () () () ©

I l1—a I 64

- X; « (% L 1 /v

Ou = b (;7) (—) with 7, = [foz (—)] . o
i=1 i=1

b, is an aggregator of the market-level overall efficienciegved by their vacancy
sharet*
In the absence of heterogeneity with respect to matchingjesfity, productivity,

I «@ 11—«
or job destruction, the index becom#d, = 1 — > <”v—:> (Z—f) . In what fol-
i=1

lows, we will also use the notatiofM.;, M) to denote mismatch indexes for an
economy where the only source of heterogeneity is prodiyctivid job destruction

where

rates, respectively.

3.2 Mismatch unemployment

This mismatch index allows us to construct the countertatnemployment rate,
u;, in the absence of mismatch. The actual aggregate job-fimdbe in the economy

14The M, index still measures the fraction of hires lost because shitdcation. However, since
the planner now maximizes output (not employment), thézaky this index could be negative. A
version of the index which measures the fractiomuatput (instead of hires) lost to misallocation can
be easily computed, and it is always positive.

12



at datet can be written as

ft = @ = (1 - M:Jct) ngtq)t (ﬂ) .

Ut 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 sectorsds; ®,v%(u;)'~*. Therefore, the optimal job-finding rate
(in absence of mismatch) is

_ Vg @ 1 Ut ¢
= () =f——— [ 11
ft ¢ t ¥t <u>tk) ft (1—Mxt) <'U/z<) ( )

—— N———

Direct Effect Feedback

There are two sources of discrepancy between counterfaotdaactual job-finding
rate. The first term ir{11) 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” misatition effect, is summa-
rized by the mismatch index, as explained. The second teptuies a “feedback”
effect of misallocation: no mismatch means lower unempleytu; < u,) which,
in turn, increases the probability of meeting a vacancy dtxgeekers. This feed-
back effect explains why, even if after a period of highentheerage mismatch,;
returns to its average, mismatch unemployment can remaiveadverage for some
time, as it takes time for the additional unemployed to b&seebed—a pattern we
see 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, (12)

wheres; is the separation rate. Our strategy takes the sequencssdaration rates
{s,} and vacancie$v, } directly from the data when constructing the counterfdctua
sequence ofu; } from (12) , an approach consistent with the theoretical model where
vacancy creation and separations are exogenous to theepfann

5We avoid the term “constrained efficient” unemployment gaese in the extended models of Sec-
tion 2.1 the planner also controls labor force participatecisions. Therefore, we prefer to interpret
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The gap between actual unemploymenaind counterfactual unemploymerjt
is mismatch unemployment. This calculation addressesdigiestion of interest:
what is the contribution of mismatch unemployment to thengécise in the aggregate
U.S. unemployment rate? In the rest of the paper we addrissguastion directly.

4 Data

We focus on three major definitions of labor markets: the fgst broad industry
classification; the second is an occupation classificatbased on both the 2-digit
and 3-digit standard occupational classification (SOCjesys the third is a geo-
graphic classification, based on U.S. counties and mettapaireas (MSAs$® As
discussed in Section 3, our analysis requires informatimvacancies, hires, un-
employment, productivity, and job separation rates acdifsrent labor markets.
It also requires market-specific matching efficiency patanseand vacancy share
whose calculation involves estimating matching functions

At the industry level, we use vacancy data from the Job Omgmsnand Labor
Turnover Survey (JOLTS), which provides survey-based omeasof job openings
and hires at a monthly frequency, starting from DecembeO26f seventeen in-
dustry classification§’. At the occupation and county level, we use vacancy data
from the Help Wanted OnLine (HWOL) dataset provided by Thef€ence Board
(TCB). This is a novel data series that covers the universalifie advertised vacan-
cies posted on internet job boards or in newspaper onlineadi It covers roughly
16,000 online job boards and provides detailed informagioout the characteristics
of advertised vacancies for between three and four millioilgqwe active ads each
month!® The HWOL database started in May 2005 as a replacement fdtiehe
Wanted Advertising Index of print advertising maintaingdTCB.*°

uy as the counterfactual unemploymentrate under the plesakotation rule of unemployed workers
across sectors, abstracting from possible discrepanetegbn the planner’s labor force participation
choice and the corresponding equilibrium outcome obsadrvét data.

16See Tables B1-B3 in Appendix B for a list of industry and oatign classifications used in the
empirical analysis.

YSince 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).

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

®0ur empirical analysis covers the December 2000-June 26fitdpfor the JOLTS, and May
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Figure 1: Comparison between the JOLTS and the HWOL (The ConferencedBdelp
Wanted OnLine Data Series) aggregate time series.

Each observation in the HWOL database refers to a unique @d¢@mtains in-
formation about the listed occupation at the 6-digit letled geographic location of
the advertised vacancy down to the county level, whetheptsition is for full-
time, part-time, or contract work (essentially self-enygld contractors or consul-
tants: e.g., computer specialists, accountants, auylitbeseducation level required
for the position, and the hourly and annual mean wAdeor 57% of ads we also ob-
serve the industry NAICS classification. The majority ofinaladvertised vacancies
are posted on a small number of job boards: about 60% of akpgear on five job
boards?t

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

2005-June 2011 for the HWOL.

20The 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 onc¢hapation classification. For a subset
of the ads we also observe the sales volume, the number obgegd of the company, and the actual
advertised salary range, but in this paper we do not atteone this additional information.

21The five largest job boards are: CareerBuilder, Craigsli€@Bcentral, Monster, and Ya-
hoo!HotJobs.
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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 represenigdesvacancy, 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 conventied is one vacancy per ad.

More importantly, the growing use of online job boards overet may induce
a spurious upward trend. Figure 1 plots JOLTS vacancies 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 onwardsatteem which may
reflect the increasing penetration of online job listingsroime. Nevertheless, the
average difference between the two aggregate series ibalyt 16% of the JOLTS
total, and the correlation between the two aggregate seradmut 0.65. To the extent
that this trend towards online recruitment does not difter lmuch across sectors,
our calculations are not affected. In Section 6, we proposaneighing scheme
for HWOL that aligns it more closely to JOLTS and show that fmdings remain
robust. We report additional detailed comparisons betwieerdOLTS and HWOL
vacancy series in Appendix B.1.

We calculate unemployment counts from the Current Poulefiurvey (CPS)
for the same industry and occupation classification that seefar vacancie%: For
geography, we use the Local Area Unemployment Statistid&)@&) which provides
monthly estimates of total unemployment at the county and\MSel.?® The CPS
reports the industry and occupation of unemployed work@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 6. 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:

We use various proxies for productivity, depending on datalability. At the
industry level, we compute labor productivity by dividinglue added for each in-

22Industry affiliations are not available for all unemployedrkers in the CPS. From 2000-2010,
on average about 13.3% of unemployed do not have industoynretion. Only about 1.5% of un-
employed are missing occupation information. Some of thes&ers have never worked before and
some are self-employed.

23See http://www.bls.gov/lau/ for more information on LAUS.

24The average number of unemployed in the CPS for the May 2006re 2011 period is 4,557
with a range of 2,808 to 12,436.
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dustry from the Bureau of Economic Analysis (annual dataay®rage employment
in that industry from the Establishment Sur#@t the occupation level, for lack of
a better proxy, we use annual data on average hourly wagestfre Occupational
Employment Statistics (OES) Similarly, at the county level, we use median weekly
wage earnings from the Quarterly Census of Employment arge®QCEWY’ 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 levahftbe Business Em-
ployment Dynamics (BED) as the ratio of gross job losses tplegment?® 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 B3 and B4 in the appestaiw the evolution
of productivity and job destruction rates for selected stdes and occupations.

To compute market-specific matching efficiency parametersand vacancy
sharex, we estimate aggregate and sector-specific (constamtiseiiscale) match-
ing functions using various specifications, estimationhods, and data sources. Ap-
pendix B.2 contains a detailed description of methodolagy @sults. Our findings
indicate that a value of the vacancy share- 0.5 is appropriate? Tables B6-B8 in
Appendix B contain estimates of sector-specific matchifigiehcies.

2Shttp:/iwww.bea.gov/industry/

26See http://www.bls.gov/oes/

27See http://www.bls.gov/cew/

283ee http://www.bls.gov/bdm/. We recognize this is an irfgarproxy 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 afgijends into unemployment, as opposed
to 91 pct of layoffs (see Elsby et al., 2010).

29This value is roughly in the middle of the range of estimatesduin other recent papers in the
matching literature. A few examples ate = 0.5 in Davis, Faberman, and Haltiwanger (2010),
a = 0.28 in Shimer (2005)p = 0.54 in Mortensen and Nagypal (2009,between 0.66 and 0.72
in Barnichon and Figura (2011). Moreover, our mismatchdediare typically highest far = 0.5;
therefore, this value is consistent with the spirit of repayan upper bound for mismatch unemploy-
ment.
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Figure 2: Correlation coefficient betweemandv shares across industries (left panel) and
two digit occupations (right panel).

5 Results

5.1 Industry-level mismatch

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 éepecorrelation between
unemployment shares and (appropriately weighted) vacahayes. A correlation
coefficient below one is a signal of mismatch, and a declicioigelation is a signal
of worsening mismatch. Figure 2 (left panel) plots the tiredes of this correla-
tion coefficient across industries over the sample periadpdrticular, we report
two different correlation coefficients motivated by the defons of the mismatch
indexes we derived in Section 3: Ja: between(u;/u;) and (vy/v;) and 2. p,:
between(u;, /u,) and (z;/Z,)= (vi/v;). The two series behave very similarly. They
drop sharply from early 2006 to mid 2009 and recover theeeaftdicating a rise in
mismatch during the recession that is, however, relatighbyt-lived*°

301t is also useful to examine the evolution of vacancy and ysleyment shares of different in-
dustries. In Figure B5, we plot the vacancy and unemployrsieates for a selected set of industries
using the JOLTS definition in the Appendix. The shares haemn belatively flat in the 2004-2007
period. However, starting in 2007, vacancy shares stadazh&ange noticeably. Construction and
durable goods manufacturing were among the sectors whipérienced 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
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Figure 3: Mismatch indexM; and M,; by industry (left panel) and the corresponding
mismatch unemployment rates (right panel).

The left panel of Figure 3 plots the unadjusted indék, and the one adjusted for
heterogeneityM.,,.3! This figure shows that, before the last recession (in mid 2006
the fraction of hires lost because of misallocation of unkelygd workers across
industries ranged from 2-3 percent per month, dependingp@intdex used. At the
end of the recession, in mid 2009, it had increased to rougtdyercent per month,
and it has since dropped again to almost its pre-recessuah |do sum up, both
indexes indicate a sharp rise in mismatch between unenglgekers and vacant
jobs across industries during the recession, and a subsefgirey rapid decline.

How much of the observed rise in the unemployment rate carxpkiaed by
mismatch? The right panel of Figure 3 shows mismatch ungmpdat (i.e., the
difference between the actual and the counterfactual ultgmment rates) at the in-
dustry level for the 2001-2011 period, computed as destrib&ection 3.2. Table
1 shows the change in mismatch unemployment between OA@668rand the aver-
age of 20062 The main finding is that worsening mismatch across thesensase
industries explains between 0.59 and 0.75 percentagespaiithe rise in U.S. un-

the construction sector remains well below its pre-recesgivel.

3INote that all mismatch indexes throughout the paper are ki to eliminate high frequency
movements and better visualize the variation in the indekefacilitate the comparison across differ-
ent definitions of labor markets, we plot all the mismatclrexes and mismatch unemployment rates
using the same vertical distance on the y axis, 0.15 and 2ceptage points, respectively.

32Note that the average unemployment rate was 4.6% in 2006 @u@d4lat its peak in October
2009, indicating a 5.4 percentage point increase. Throuigthee paper we compare the average
of 2006 with the unemployment peak (October 2009) when weuds the role of mismatch in the
increase in the unemployment rate.
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Index Uos — Ul U10.09 — Uigge Alu—u*) A(u—u*)/Au
M 0.26 1.01 0.75 13.9%
M, 0.24 0.84 0.59 11.0%
Industry Mu_adj 0.25 0.89 0.65 11.9%
MY (e =0.5) 0.67 1.90 1.21 22.5%
MY (e = 1.0) 0.34 1.24 0.90 16.6%
MY (e = 2.0) 0.26 0.95 0.69 12.7%
M 0.85 2.00 1.14 21.3%
M, 0.42 1.02 0.60 11.1%
Mou—adj 0.84 2.00 1.16 21.4%
2-digit Occupation My—adj 0.93 2.12 1.19 22.1%
MY (e = 0.5) 1.08 2.60 1.52 28.1%
MY (e = 1.0) 0.74 1.81 1.07 19.7%
MY (e = 2.0) 0.58 1.41 0.83 15.3%
3-digit Occupation M 1.33 2.91 1.58 29.3%
M, 0.79 1.73 0.94 17.4%
Routine/Cognitive Mpe 0.41 1.07 0.67 12.3%
County M 0.32 0.46 0.14 2.6%
M, 0.32 0.45 0.13 2.5%
2-digit x division (quarterly) M 0.81 1.71 0.90 16.9%
2-digit (quarterly) 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 that\u = 5.4 percentage points.

employment from 2006 to its peak, i.e., at most 14 percentairicrease. Mismatch
unemployment has declined since early 2010, but remaingeait® pre-recession
levels.

Appendix B.3 contains a sensitivity analysis on indusayel mismatch with re-
spect to (i) values of ranging from 0.3 to 0.7; (ii) alternative estimates of maigh
efficiency ¢,’s; and (iii) HWOL vacancy data by industry. Results are veygust:
the contribution of mismatch to the rise in the unemploynrate around the Great
Recession varies between 0.52 and 0.88 percentage points.

5.2 Occupation-level mismatch

We now present our results on mismatch between vacanciesirgployment
across 2- and 3-digit occupations. Recall that the HWOL ada dsed for these
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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 mischatnemployment rates for 2-digit
(upper right panel) and 3-digit occupations (lower righhgid.

calculations begin in May 2005 and the latest observatidnme 2011.

Figure 2 (right panel) plots the correlation between vagand unemployment
shares across 2-digit SOC’s. As for the industry-level ysiga) we document a sig-
nificant decline for both measures during the recession asgbaequent pick-up
starting in mid-20093

Figure 4 plots theVi, and M, indexes (left panels) and the resulting mismatch
unemployment (right panels) for 2 and 3-digit SO&*sThe raw .M, index for 2-

33Figure B10 in the Appendix shows the unemployment and vacahares of selected 2-digit
SOC's. As the figure indicates, the shares have changedabticduring the most recent downturn.
Business and financial operations, production and cornginiextraction were among the occupations
that experienced a decline in their vacancy shares and aeaise in their unemployment shares.
Concurrently, vacancy shares of health-care practitiamer sales and related occupations went up
and the corresponding unemployment shares declinedirfgténam 2010, similar to the JOLTS data,
unemployment and vacancy shares began to normalize.

34There are 22 2-digit SOC’s and 93 3-digit SOC’s. We use all2tdigit categories with the
exception of Farming, Fishing, and Forestry. We excludeg®-&OC's that exhibit fewer than 10
observations in the CPS unemployment counts at least ortbe isample period. These small cells
account for 60% of the 3-digit SOC'’s, but represent only ¥%d@ unemployed workers in the CPS.
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digit occupations rises by almost 4 percentage points.|&ina the pattern observed
for industries, the rise in mismatch leads the recessionvBy @year. As seen in the
figure and in Table 1, based on thé, index, around 1.1 percentage points (or around
21%) of the recent surge in U.S. unemployment can be atéibtd occupational
mismatch measured at the 2-digit occupation level. At tlikgd-level, the portion

of the increase in unemployment attributable to mismatarasind 1.6 percentage
points (or roughly 29% of the rise in the unemployment rate).

The efficiency-weighted\,, index is lower than the unadjusted index and fea-
tures a smaller rise, implying around 2% of additional hioss because of mismatch.
This index suggests that between 0.6 and 0.9 percentages pbithe rise in the un-
employment rate (or between 11% and 17% of the increase) watbdnismatch at
the 2-digit and 3-digit SOC levels, respectively. Therefaimilar to what we found
for industries, the index weighted by matching and prodecéfficiency implies a
smaller role for mismatch unemployment.

Appendix B.3 contains a sensitivity analysis on occupaidevel mismatch with
respect to (i) values af; (ii) alternative estimates of matching efficiengys. The
findings reported here are very robust.

5.2.1 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.
We call this classification “Routine/Cognitive” and dentite index with/M z.3°

Figure B13 in Appendix B shows the unadjusted mismatch iratgrss these four
occupation groups as well as the index calculated at thegi2idvel, and the corre-
sponding mismatch unemployment rates. Our findings are suiped in Table 1.
The lower level of the index suggests additional mismatdhiwithese four broad
categories. Despite the gap in the level of the two indidesbehavior of the\ z¢

35We classify occupations at the 2-digit level instead ofatiseusing Acemoglu and Autor’s clas-
sification. While their way of classifying occupations is maaletailed, our classification broadly
captures this distinction and is more comparable with tis¢ séour analysis. See Table B2 in the
Appendix for our classification of occupations into theserfgroups.
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index is very close to the occupational mismatch inddx computed using 2-digit
occupations. In essence, the vacancy (unemployment) dhagped (rose) faster for
routine manual occupations relative to the other groupgy@atting for at least half of
the increase in mismatch unemployment across the twerd\2atigit occupations.

Jaimovich and Siu (2012) link the job polarization hypotbés jobless recover-
ies by analyzing employment changes during recessionsemoderies across these
occupational groups. They show that employment declinecenroroutine occu-
pations during the most recent downtdfnThis relatively large decline is in line
with the increase in mismatch during the recession. Thay ste®w that employ-
ment remained stagnant in all occupational categoriemiduhne recovery, which is
consistent with the decline in mismatch after the recession

5.2.2 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 answseambiguous: 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.

As noted before, each job listing recorded in HWOL constisen individual ob-
servation with a 6-digit occupation classification. The BuSvides information on
the distribution of workers employed in each 6-digit ocdigrabroken down by their
educational attainmenrt. We allocate the total count of vacancies from HWOL in a
given month for a given 6-digit occupation to each of the feducation groups we
consider, proportionally to the educational attainmestriiutions from the BLS®
Finally, we aggregate up to the 2-digit level to obtain vayarounts for each occu-
pation by education cell. The CPS provides information @netiucation level of the

36See the bottom panel of Figure 6 in Jaimovich and Siu (2012)2p

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

38For robustness, we have also experimented with other dibocaules, for instance not imputing
vacancies of a given 6-digit SOC to an education level thedbawts for less than 15% of the workers
in that occupation. The results are very similar.
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Uos — Udg  U10.00 — UTpog A(u — u*) Au Alu —u*)/Au

Less than High School 0.71 1.69 0.98 ppts 8.5 ppts 11.5%
High School 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. All the changes are calculated as the differbetween October 2009 and the
average of 2006. Note th&tu = wu19.09 — ugg and thatAw varies by education.

unemployed.

The counterfactual exercises summarized in Table 2 reveahaclear pattern:
the contribution of occupational mismatch to the rise inmmpkyment between 2006
and 2010 grows as we move from the lowest to the highest ddaczdtegory. In
particular, for the less than high school group, mismatgbiaers a little less than
one percentage point (12%) of the 8.5 percentage pointaseren unemployment
for that group. For high school graduates, mismatch expl@i9 (13%) out of the
6.9 percentage point increase in unemployment. For thobeseime college, mis-
match explains about 1.0 (18%) out of a 5.3 percentage psmim unemployment,
and for college graduates 0.65 (24%) out of the 2.7 percenpagt observed in-
crease. Thus, the fraction of the rise in unemployment thathe attributed to the
rise in occupational mismatch increases monotonically widucation from about
one eighth to roughly one quarter of the increase for eachpgio

Looking at occupational mismatch separately for each offdkie 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.

5.3 Geographical mismatch

We perform our geographical analysis on mismatch across ddigties using the
HWOL data on online job ads coupled with LAUS data on the uregsal. We focus
on counties whose population is at least 50,000 and grouwgthiegcounties in the

39Figures B14 in the Appendix plots mismatch indexes withichelaroad education category. The
index for college graduates is the only one which is stilhffigantly above its 2006 level.
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Figure 5:2-digit occupational mismatch index&d; in the four U.S. Census regions.

same metropolitan area to capture the notion of local lakarkets. The procedure
gives a total of 280 local labor markets.

Figure 6 shows the mismatch index&$;, and M, and the corresponding mis-
match unemployment rates. We find that geographic mismatelery low (about
one fifth of the size of the index for 3-digit occupations, eteough the number of
active sectors is much higher) and is essentially flat oversdmple period under
consideration. In particular, this measure of mismatchsdua display a marked
cyclical pattern, indicating that counter-cyclicalityriest a mechanical feature of our
index, but it depends on how the distribution of unemployhaer vacancies across
sectors evolves over the cycle.

Unsurprisingly, the rise in mismatch unemployment aceaydp this index is
around one tenth of a percentage point, implying that geadgcal mismatch—across
U.S. counties and MSAs—played a negligible role in the redsmamics of U.S.
unemployment. This finding is consistent with other receatkiathat investigated
the link between housing market and labor market usingreiffemethods (see, e.g.,

4OWe also compute geographic mismatch for the 50 U.S. stateg tiee HWOL data on online job
ads coupled with CPS data on the unemployed. The JOLTS melimited geographic information,
enabling us to study mismatch only across the four broad@eamgions. Our conclusions from these
state- and region-based analyses are fully aligned witkdhaty-based study.
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Figure 6: Geographical mismatch indexesl; and M, by county (left panel) and corre-
sponding mismatch unemployment rates (right panel).

Schulhofer-Wohl, 2010, and Farber, 2012).

We also examine mismatch defining labor markets as a conninat occupa-
tions and locations. Because of the small sample size of Bf®, @e define labor
markets as the interaction of 2-digit occupations and the fiensus divisions. The
resulting mismatch indexes and mismatch unemployment mgepted in Figure
B15 and Table 1. The dynamics of both mismatch index and tlsenatich unem-
ployment are very similar to those computed at the 2-digitipation levef?

5.4 Isthe Great Recession different from the 2001 recessi®n

For our industry-level analysis, we are able to compare tiodudon of mismatch
unemployment in the Great Recession to that of the 2001 seresFigures 2 and
3 show that the fall in the cross-sectoral unemploymenganeag correlation and the
rise in our mismatch index is common to the last two downtuinsTable B11 we
report our calculations on the role of mismatch unemployrimreRB001. We find that
worsening mismatch accounted for a larger portion of thea(r) rise in unemploy-
ment in the 2001 recession (23% instead of 11-14%). Thisrfgqhndchoes the fact

41A related concern regarding geographic mobility is the appiobservation that the rate of in-
terstate migration in the U.S. reached a postwar low. Howdegplan and Schulhofer-Wohl (2010)
show that this is largely a statistical artifact arisingnfra change in survey procedures for missing
values. After removing this spurious effect, they find thegt &annual interstate migration rate follows
a smooth downward trend from 1996 to 2010.

42Due to the small sample, we compute this index with quartiaty. To facilitate the comparison,
we also computeM, for 2-digit occupations at the quarterly frequency.
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that the dynamics of employment for different occupatiaralps were much more
asymmetric in 2001 than in 2008, as documented by Jaimowidtsau (2012).

6 Robustness on job-seeker and vacancy measures

There are three potential sources of bias that might affecimasmatch measures.
The first is the assumption that each unemployed worker icisieg in the same
industry or occupation as the one where she was last empldgedond, our un-
employment counts do not include discouraged workers. eéSgnene workers get
discouraged from job search and drop out of the labor forogtearily during peri-
ods of high unemployment, we might underestimate the truet®u of potential job
seekers in some sectors. Third, HWOL data on aggregate ci@ssshow a stronger
upward trend than their JOLTS counterpart. If this trendrisuen across sector, it
may bias our mismatch measures. In this section, we verdyrdbustness of our
findings to these measurement issues.

6.1 Adjustment for direction of search

The number of unemployed workessarching for jobs in a particular sector does
not necessarily coincide with the number of workers whosedaployment was in
that sector. Here, we propose an alternative calculatidheohumber of job-seekers
in each industry or occupation by exploiting the semi-patlension of the CPS.
Since respondents in the CPS are interviewed for severakcotive months, we can
track unemployed workers who find new employment from onetimtwthe next and
record: 1. industry (and occupation) of the job prior to therker's unemployment
spell; 2. industry (and occupation) of the new job. We thezater annual transition
matrices (from sectoi to sectorj) by aggregating monthly flow8. We then infer
the number of job seekers in each sector using a simpletstatialgorithm, whose
key assumption is that every unemployed searching for anjgkegtorj has the same
probability of being hired, independently of the sector b§im, except when coming
from sectoy; itself in which case she is allowed to have a higher job-figdate. The
method is outlined in detail in Appendix B.4.

43In implementing this procedure, we closely follow HobijrO(2).
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Figure 7: Mismatch index with unadjusted\) and adjusted M,_q;) unemployment
counts by industry (top-left panel) and corresponding naisim unemployment rates (top-
right panel). Mismatch index with adjusted and unadjusteelnuployment counts by occu-
pation (bottom-left panel) and corresponding mismatchmpieyment rates (bottom-right
panel).

We first report our results by industry. The top-left paneFafure 7 shows the
mismatch index calculated using the adjusted unemploycnits, which we call
M., _q4j, as well the unadjusted! index. The adjustment causes the level of the
index to decrease somewhat during the sample period. Whag tie adjusted
counts, 0.65 percentage points of the roughly 5.4 percemagt rise in the U.S.
unemployment rate is due to industry-level mismatch, coegbéo 0.75 percentage
points without the adjustment (top-right panel).

The bottom row of Figure 7 reports our analysis by occupatidgain, the be-
havior of the adjusted,,_,4; index and of the resulting mismatch unemployment is
very similar to the case without adjustment. In contrash&ihdustry-level analysis,
the adjusted index for occupations is slightly higher thathe baseline case. Quan-
titatively, the contribution of mismatch to the rise in theSJunemployment rate is
virtually the same when using adjusted unemployment cdmntsccupation. Table
1 summarizes these results.
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6.2 Adjustment for discouraged workers

According to the CPS, an individual is unemployed if he or dbes not have a job,
has actively looked for employment in the past four weeksiamdrrently available
to work. However, it is possible that some workers get disaged from unsuccess-
ful job search and drop out of the labor force temporarilyimgiperiods of high
unemployment? If workers from certain occupations or industries are mikely
than others to get discouraged, our mismatch measures niagdezl. For example,
if a high fraction of the unemployed whose prior occupati@swonstruction-related
drop out of the labor force and stay on the sidelines (to terghe labor force at a
later stage), the number of unemployed construction weriseain under-estimate of
the true number of potential job seekers in the construcetor. In this example,
actual mismatch would be larger.

We calculate the unemployment to “discouraged not in therldbrce” (U D)
flow rates conditional on workers’ previous occupations enistries. Tables B12
and B13 in Appendix B show that the rates at which unemployexkers flow into
the discouraged worker state are similar across industnesoccupations. As a
consequence, adjusting the unemployment counts by imgjudiscouraged work-
ers affects the unemployment shares of different industigd occupations only
marginally. As a robustness check, we recomputed the basimatch indexM;,
using this extended definition of unemployment where weuitelworkers who flow
from unemployment to discouragement. The difference betwbe modified mis-
match index and the original index is quantitatively insiigant (a difference of
0.0002 on averagéy.

“The Current Population Survey classifies as discourageles®ithose individuals “not in the
labor force who want and are available for a job and who hawkdd for work sometime in the past
12 months (or since the end of their last job if they held onthiwithe past 12 months), but who are
not currently looking because they believe there are nogub#able or there are none for which they
would qualify.”

45As a further check, we repeate this calculation by includiththe workers who flow from unem-
ployment to non-participatiorl{/N). Tables B12 and B13 report also théV flows by industry and
occupation. Results are very similar.

29



6.3 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 tsooy industry and re-

gion in JOLTS, month by month. Appendix B.5 describes ouraagh in detail.

Table B14 reports the estimated weights by industry ancoregA low (high)
weight means that sector or region makes use of online teweat boards more
(less) than the aggregate economy. Our findings are quitéivet Finance, Real
Estate, and Professional Services are among the mostemersented industries in
online recruitment, and Accommodation, Government, ands@action among the
most under-represented. Weights change somewhat over ltiméhe correlation
between the 2005-06 and the 2010-11 weights is 0.90, indg#tat the upward
trend is quite common across sectors.

Figure B18 shows that, when we recompute the mismatch indaxguhese
reweighted vacancy counts by 2-digit occupatiov (,4;) we do find a slightly
higher increase in occupational mismatch, but as can beisdable 1, the counter-
factual exercise yields results similar to our baselinewation with the raw HWOL
data?®

7 Endogenous vacancy distribution

In this section, we relax the assumption of exogeneity ofdis&ibution of vacan-
cies maintained so far. Why would endogenizing vacanciesabur calculations?
If, in equilibrium, too many job-seekers search in the secteith low matching

46\We also redid our analysis using separate weights by regibg mdustry: our findings are very
similar to the baseline results. In a previous version ofgthger (Sahin et al, 2012) we also address
the issue that vacancies may be measured with error (in @ithS and HWOL), since not all hires
occur through formal advertisement (see, e.g., Galenja2@k?, for an analysis of hiring through
referrals). We show that markets where vacancies are dgvarder-reported look like markets with
higher matching efficiency, and argue that our calculatemesstill appropriate. Intuitively, it makes
no difference to the planner whethgris high in a sector because pure matching efficiency is high or
because actual vacancies are larger than those formalgrtgsbd: in both cases, the planner would
like to allocate many job-seekers to that sector.
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and productive efficiency, private firms’ job creation demis are distorted: an ex-
cessive number of vacancies will be posted in those sedbexsa(se of the higher
probability of recruitment) compared to the choice of a plmwho allocates vacan-
cies and job seekers purely based on relative efficiencysa@ectors. The result
is a lower number of aggregate vacancies and a lower aggrggafinding rate in
equilibrium—another “feedback” effect of mismatch stemgjithis time, from the
vacancy side.

We begin by stating some additional assumptions on theibguih data gener-
ating process needed to measure the cost of vacancy cre&erthen proceed to
explain formally this additional feedback effect of misetatFinally, we present our
findings. Appendix A.5 contains more details on all the derons.

7.1 Measurement of the vacancy creation cost

Let the cost, in terms of final good, of creatingvacancies in sectarbe

U'1+€
Ki i) = P ) 13

with e € (0,00) to guarantee convexity of th&; function?’” With this isoelastic
specifications measures the elasticity of vacancy creation, i.e., howltdwedf the)
the marginal cost increases with the (log of the) number ofmaies. The variable
r; shifts the cost of vacancy creation across sectors and ower tWe letx; be
i.i.d. across sectors and independent of the other idigayinshocks, and denote its
conditional distribution a$', (', k) .*® The choice of how many vacancies to post
takes place before the allocation of unemployment acragersg but after observing
sectoral and aggregate states.

The first challenge we face is how to estimate the margindlelasticity= and
the time-varying sector-specific vectdr;}. For the cost elasticity, we resort to
existing estimates suggesting thats between one and two (Yashiv, 2007; Merz

4’Because of constant returns in the sector-specific matdhimggion, it is the convexity of the
cost function that prevents concentrating all vacancigsimemployed 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.

48We could also introduce an aggregate cost-shifter, comroassa all sectors. Since the results in
this section would be unaffected, we omit it to simplify thaation.
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and Yashiv, 2007; Cosar, Guner, and Tybout, 2010). Up t® ploint, we could
abstain from modeling behavior and choices of firms and wsrke equilibrium.
However, measurement ¢k, } requires imposing a minimal amount of structure on
the equilibrium data generating process. Three assungpsigffice: 1) free entry of
vacancies in each sector; 2) no within-market congestitereality, in the spirit of
Hosios (1990); and 3) a bargaining protocol between firmsmsoriters such that the
firm obtains a shar@, and the worker a shar@ — \), of the expected discounted
output flow—in particular, outside options do not mattertfog bargaining outcome
(as in Shaked and Sutton, 1984; Acemoglu, 1996).

This choice of bargaining protocol is convenient becausthg absence of within-
sector congestions, it enables us to remain agnostic abewtdtermination of the
equilibrium value of unemployment for a worker—therefoeducing to a bare min-
imum the structure needed on the equilibrium model—andusec# isolates mis-
match unemployment as the unique source of discrepancyebatthe efficient and
equilibrium distributions of vacanciés.

To clearly see this last point, we must compare the equilibrcondition for
vacancy creation in sectarto that of the planner. We begin from the equilibrium
condition in the economy of Section 2.2 with heterogeneity;, z;, d;, x; }:

£ e _ Vj ot Zzi
Ri (Vi) = o, (u—> M B A 5 (14)

stating that the marginal cost of a vacancy in sect@he left hand side), also het-
erogeneous across sectors, is equated to its expectechalaygin for the firm (the
right hand side). Note that the individual firm takes the @ttmeeting probability
as given. Note that, as— oo, v; = k;, i.€., vacancies are entirely cost-determined.
This special case corresponds to the economy of Section 2.

All variables in condition(14) are observable, except faf ands. For a given
value of the elasticity, we derive the sequence feythat makes that condition hold

49The extensive form game corresponding to this bargainingomoe is spelled out in Acemoglu
(1996, Appendix 1). The key assumption is that if, once theipdormed, a party wants to quit the
bargaining, it can rematch within the period within the sasmetor (i.e., with an identical partner) by
paying a small fixed cost.

S0with the more common Nash bargaining protocol, anotherejsncy would arise between the
equilibrium value of unemployment and the net shadow vaf@am@dditional unemployed worker for
the planney: — &, see equationA14).
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exactly at every date in each sector. This strategy amoaragributing, residually,
fluctuations in vacancies to variation in the cost of job ticgg once exogenous
variation in productivity and separation rates have beeowauted foP?

7.2 Comparison between equilibrium and planner FOCs

In Appendix A.5, we show that the planner problem of Sectid) 2ugmented with
a vacancy creation decision where the planner faces théuasion (13), yields the
first-order condition

U;

. %\ a—1 ZZZ'
it =00 (i) e Zia— )

(2

equating the marginal cost of a vacancy to its marginal gaityrn equal to the ex-
pected discounted value of output conditional on matchings the marginal decline
in the probability of meeting an unemployed worker alloddat@sectoti.

A comparison of equation§l4) and (15) is instructive. WithA = « within-
market congestion externalities are ruled out and the adgaon why equilibrium
vacancies in sectardiffer from their efficient counterpart is that the numberuof
employed workers is the “wrong” one, i.e., the only reasomismatch unemploy-
ment. If in equilibrium an excessive number of unemployedkers search for jobs
in declining sectors, firms would create more vacanciestir@planner in those sec-
tors, amplifying the initial source of misallocation. Coming equationg14) and
(15), and maintaining the assumptian= «, we arrive at

l—a
UZ' (ul ) 1l—a+e
v\
Uj u;

which demonstrates that the extent to which mismatch uneynpnt, i.e. deviations
of u; from u}, translate into misallocation of vacancies in equilibri(ira., deviation

51t is well known that productivity shocks alone are unablexgplain 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, 2009) have emptdsezrole 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 camtiprecisely as a source of fluctuations
in k;. A planner subject to the same asymmetric information woade the same fluctuationsin.
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of v; from v}) depends on the value of the elasticitylf the marginal cost func-
tion is steep4 high), large differences in the ratie,/«}) and, therefore, in meeting
probabilities and expected output gains, translate intallstifferences in the ratio
(v;/vy) . In this case, planner’s vacancies are close to equilibriaoancies, as as-
sumed in our benchmark analysis. We will provide resultsafeery broad range of
values fore, and in keeping with the upper bound nature of our exerciseseatte= 1

in our baseline.

In Appendix A.5, we lay out a simple algorithm to compute thenper’s optimal
allocation of vacancies across sectfrs }, 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:

« Tk *\ @
= % . (“_i) . K_rt) . (U_t) }7 (16)
(1 — M) Uy Ot Uy
— SN—— N ~~ -
Direct Effect  Feedback through Feedback through

where ¢, is given by equatior{10) and ¢?, is the same aggregator, but with the
planner’s vacancy shareg /v; instead of the observed shares. Compared 19,
the equation above features an additional feedback effentsmnatch that operates
through vacancies and has two components. Mismatch redoeesygregate job-
finding rate by (i) distorting the distribution of vacancyases across sectors, and (ii)
lowering total vacancies.

7.3 Results

We first estimate the vacancy cost creation parameteoy sector. Next, we com-
pute the distribution of planner’s vacancies and the inttinner’s aggregate job-
finding rate with endogenous vacancies (16), which we thed fato the law of
motion for the unemployment rate to perform our countetfakcéxercise. Our esti-
mates of the vacancy cost parametencrease for almost all industries and occupa-
tions during the recession, therefore contributing to theeoved drop in vacancies.
Figure B19 in Appendix B.3 plots the estimated sequences @f some selected
industries for the case= 1.

34



25

—u — u* using v

---u —u* using v*(e =0
--u —u* using v*(e = 1)
wou —u* using v*(e = 2

[N}

IN
T
=
4
T

Total Vacancies (Million)
=

w
T

Mismatch Unemployment Rate (ppts)

o
3
—

2 I I I I I I I I I L L L L L L L L L L L
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2%01 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012

Figure 8:Aggregate vacancies and (left panel) and correspondingnatish unemployment
rates (right panel) at the industry level using endogenagancies specification with JOLTS.

Table 1 summarizes the resuttsWe first present our analysis by industry. Fig-
ure 8 (left panel) plots aggregate vacancigs the planner’'s economy for different
values ofs. The main result is that quantitatively significant devoas between;
andv; (the data) occur only for low values of the cost elastieityFors > 1, planner
and equilibrium vacancies line up closely. This finding #e@ed into the calcula-
tion of mismatch unemployment (right panel). Foe 1, with endogenous vacancy
creation, mismatch unemployment rises by 0.89 percentaigeshetween 2006 and
October 2009, i.e., an additional 0.3 percentage poinggivelto the exogenous va-
cancy calculatio® Fore = 0.5, mismatch unemployment is generally higher, but
its increase between 2006 and October 2009 is still abouyier@ntage 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 9 indicates, the contributtdmismatch unemployment
to the rise in the U.S. unemployment rate between 2006 andb®ct2009 is 1.1
percentage point¥. Fore = 0.5, it increases up to 1.5%, or 28% of the total rise in
unemployment.

To summarize, as expected, the contribution of mismatchmpi®y/ment is larger

52The indexes computed with endogenous vacancies have stipers.

S3Figure B20 in the Appendix also reports our analysis withagrahous vacancies done with the
M index. Here, mismatch unemployment rises by about 1.1 ptage points between 2006 and
October 2009.

54In the case of no heterogeneity in matching and productiiciericy across markets, that contri-
bution rises to 1.8 percentage points, or roughly one tHit®total rise in unemployment as shown
in Figure B21.
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Figure 9:Aggregate vacancies and (left panel) and correspondingnatidh unemployment
rates (right panel) at the occupation level using endogerauancies specification with the
HWOL (The Conference Board Help Wanted OnLine Data Series).

when the distribution of vacancies is endogenized. Neets, our results of Sec-
tion 5 derived under exogenous vacancies (or infinite margiost elasticity) are
close to those obtained from the model with endogenous egcaeation and uni-
tary marginal cost elasticity, a value supported by exgsgéstimates. Our calcula-
tions also show that mismatch could have played a major rothe recent rise of
unemployment, by dampening aggregate vacancy creatidyjfane is willing to
maintain that the cost elasticity is very low (below 1/2).

8 Conclusion

How much did mismatch contribute to the dynamics of U.S. yslegment around
the Great Recession? To address this question, we deveddpachework to coher-
ently define and measure mismatch unemployment. Plausibéaeterizations of
the model imply that mismatch can explain at most 1/3 of tleemerise in the U.S.
unemployment rate. Our formalization of mismatch, and sdwehoices made in
our measurement exercise, mean that this estimate shoclohselered as an upper
bound.

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-
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match casts doubts on the “house lock” hypothesis, a caondus line with exist-
ing research. The non-negligible role played by occupatiomsmatch, especially
for high-skilled workers, leaves room for explanationsdzhsn labor demand shifts
combined with human capital specialization or with relatwage rigidity. Alvarez
and Shimer (2010), and Carrillo-Tudela and Visscher (20a6)ong others, have
proposed models where unemployed workers, in equilibrimake explicit mobility
decisions across distinct labor markets. While less anlertaltlisaggregated mea-
surement than our framework, these models are, potentialy suited to study the
structural causes of mismatch.

If mismatch only accounts for a portion of the persistentyhhunemployment
rate, what are the other economic forces at work? Both thesggte vacancy rate
and aggregate matching efficiency are still below theirnpission level. Weak
aggregate demand combined with wage rigidity (Shimer, 20d2certainty about
future productivity (Schaal, 2012) and future economidgyo(Baker, Bloom, and
Davis, 2011), or selective restructuring by firms duringesstons (Berger, 2012) do,
gualitatively, imply a slow recovery in job creation. Thesidicentive effects on job
search effort from prolonged extension of unemploymeneben(Farber and Val-
letta, 2011), and the diminished recruitment intensity om’é side (Davis, Faber-
man, and Haltiwanger, 2012) are consistent with the falggragate matching effi-
ciency. Going forward, disentangling these channels véilperamount in achieving
a comprehensive picture of the Great Recession.
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APPENDIXNOT FOR PUBLICATION

A Theoretical Appendix

This Appendix formally derives all the theoretical reswfsSections 2 and 7.

A.1 Heterogeneous matching efficiencies

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

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

{u;>0} i—1
s.t.
I
> leitu) =1 (A1)
=1
hi = q)lem (Ui, Ui) (AZ)
e, = (1—=A)(e;+hy) (A3)

1—‘Z,A,<I>' (Z/7 Alv (blv Z7 Av q)) ) FV (V,; v, Zlv Alv q),) ) F(Z) (¢/7 ¢) (A4)

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

tors. Equatior{ A2) states that, onlc_e1 the allocati¢n, } is chosen, the frictional matching pro-
cess in each market yieldsy;m (u;, v;) new hires which add to the existirgactive matches.
Equation(A3) describes separations and the determination of next pedétribution of ac-
tive matcheqe.} in all sectors. Ling A4) in the problem collects all the exogenous stochastic
processes the planner takes as given.

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

(%

200, (L) + BBV, (€70 2, 8,00 (L= ) 00 (2) = (89

7 7

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

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

A.2 Heterogenous productivities and destruction rates

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

labor force. The aggregate labor force/is= > (e; + u;) < 1. We normalize to zero utility

from non participation, and l&€t > 0 denote tﬁéldisutility of search for the unemployed.

Labor productivity in sectof is given byZ - z;, where each idiosyncratic componenis
strictly positive, i.i.d. across sectors and independérif.oLet the conditional distribution of
the vectorz = {z;} beTl, (z’,z). The idiosyncratic component of the exogenous destruction
rate in sectot is 9;, i.i.d. across sectors and independentNo¥Z and z;. Let the conditional
distribution of the vectop = {4;} beT's(¢,). The survival probability of a match is then
(1—=A)(1—24;). Thevecto{Z, A, ®,z, v, ¢, 5} 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 sizeeolfabor 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 ctlirent number of unemployed
workersu, the vector of productive efficiencies and the vector of destruction ratés The

SS\We are also using the transversality condition; ., 5¢(1 — A)'E[V,,,] = 0.
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planner solves the problem:

I
V(u,ez,v,0,0Z,A®) = max > Zz(ei+h)—Eu+t RV (€2 v, ¢, 8, 2 N )
=1

{uivel}
s.t.
I
Z u, < wu (A7)
i=1
hi = ®pim (Uz’, Ui) (A8)
I
u o= =) ¢ (A10)
i=1
up € [07 U] 76/ S [07 1] ) (All)

FZ,A,@ (Zla Alv (blv Z7 Av q)) ) FV (V,; \Z Zlv Alv q)/’ Z,) ) F(b (¢,a ¢) ) FZ (Z/; Z) ) F(5 (6,7 5) (A12)

where the conditional distributions in the last line ardnieted as described above. The choice
of how many unemployed workets to allocate in the market yields the first-order condition

(%

Zz;®pimy, (u ) + PE [—Vu/ () + V! ()} (1—-A)(1—46;) Ppimy, (%) = U, (A13)

wherey is the multiplier on constraintA7). The Envelope conditions with respect to the states

u ande; yield:
vu (uae;zu"?(b? 5727 A? (I)> = M= 5 (A14)
‘/ei (u7 €,2,V, (b? 5727 A? (I)> = Zz+ 5(1 - A) (1 - 5@) E [‘/e/i - Vu/] : (A15)

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 plus its discounted continuation value net of the&alf search, conditional on the match
not being destroyed.

The optimal decision on the labor force size next pefiagquires

E[V, (W, ez v, ¢ 6 2 A &) =0, (A16)

i.e., the expected marginal value of moving a nonpartidipgio job search should be equal
to its value as nonparticipant, normalized to zero. By cammgj (A16) with (A14), we note
that the planner will choose the size of the labor force sottifmexpected shadow value of an

43



unemployed workeE [;//] equals search disutility.>®

Using (A16) into the Envelope conditioA15) under the additional assumption that all
the elements of the vecter= (7,1 — A, z;, 1 — ;) are independent martingales, and iterating
forward, we arrive at:

e ZZZ'
E [‘/EL] o 1— B (1 _ A) (1 _ 52> (Al?)
which, substituted into equatiqal13) yields
vi pA-A)1 =) vi\ _

Rearranging, we conclude that the planner allocates ibler o equalize

Zi (4
[ A A) (1 _8)""™ (u_)

across sectors, which is expressia@nin Section(2.2) in the main text.

A.3 Endogenous separations

Consider the environment of Secti@r2 and allow the planner to move workers employed in
sector; into unemployment (or out of the labor force) at the end ofgaod, before choosing
the size of the labor force for next period. There are two gkearto the planner’s problem.
First, the law of motion for employment becomes

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

ment is:
<0 —o0,=0

EVi()=VEO]{ =0 =o€ (0,(1—2)(1~6) (e +hi)) (A20)
depending on whether at the optimum a corner or interiortgwiuarises. |If the first-order

conditions(A16) hold with equality, then the optimality conditidm20) holds with the* < ”
inequality andr; = 0. As a result, the planner’s allocation ryt&) remains unchanged.

%8|t is clear that our result is robust to allowiggo be stochastic and correlated with, A, ®).
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A.4 Properties of the mismatch index

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

) ) I é a I 11—«
gy T

IN

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(5) into the index.

By inspecting(7) , it is also easy to see that thel ,; index is invariant to “pure” aggregate
shocks that shift the total number of vacancies and uneresglayp or down, but leave the
vacancy and unemployment shares across markets unchanged.

To show that the mismatch index is increasing in the levelisdggregation, 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 = @gbljtvmum Summing this expression ovgyields

J «a -«
Ui Ui a, l-a
E ¢Mt<vﬁ) <uf) li%ui : (A21)
=1 ’

it

hit = § :(I)Cb”tthumt =&

At the aggregated level, we haxig = ®¢;v5ui,* and so (A21) implies that
J v «a u 11—«
ijt ijt
it = i ) A22
i ;mt(wt) (u) (A22)

Now consider the disaggregated matching index. We have

1 J

- 11—«
L M=% ;ffft () (“u—) (A23)

=1 j5=1
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for

bra = [21: EJj 6 (“)] B (A24)

=1 j=1

Manipulating the above expression yields

I J
1— M(Z)IJt E § ¢ljt'U2]tu2]t
¢”tvt U i=1 j=1
1 1 11—«
o § 02U l1—a E (b <,Uljt) <uijt)
- 7 1— zt zt ijt
Praviuy, 4 Wit

11—«
Vit Uit
T b & Z¢” (_) (u_)

where the third step above follows from (A22). Next, manging (A24) delivers

I J NG
" 1 L[ Vi
e (S ()] )
J:

1 ! 4 L Uzgt " 4 uijt o
= ’U_t;vit z:: zyt( ) ’ Z Ut

J=1

«

1 [e%

where the second step above follows from the idenjﬁjz1 wi;r = wi. Applying Holder’s
inequality now yields

14 J Vi N e\ T «
PO U AN T
¢1Jt - v, Z_: it Z¢zgt <'Uit gy

where¢;, is the equivalent expression tg 5, in (A23) for the aggregated case. Combining
results, we have shown that

¢zt Vit Uit e
1—M¢1Jt<z¢” (Ut) (u—t) =1-Myn

and so we must havud s, ;; > M.
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A.5 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, and letctkation of vacancie$v;} be
under the control of the planner.

I
V(u,e;z,¢,0,k,7, A, P) = {ma>§ } Z Zzi(e; + hy) — K; (v;) — Eu+ BEV (W, €52, ¢, 0" ', 2/, A, D))
A e
s.t.
I
du < w (A25)
=1
e; = (1=A)(1—0d)(e;+ hi) (A27)
I
uo= 0= ¢ (A28)
i=1
u; € [0,u], ¢ €[0,1],v;,>0 (A29)
Pyne (Z, A Z, A, @), Ty (¢;0),T,(252),T5(,0), s (K, ) (A30)

The optimality condition for vacancy creation is
V; /
Ko () = 0, () {2504 51 ) (L= DBV (]}

Using the expression fdE [V, (-)] obtained in(A17) and the functional forms fok; andm
specified in the main text, we obtain expressjoh).

Calculation of planner’'s vacancies We now lay out an algorithm to compute the plan-
ner’s optimal allocation of vacancies across sectors. ieeging conditior{ A18) dictating the
optimal allocation of unemployed workers across sectaxgngthe distribution of vacancies
{v}}, yields

* 1 -

- = [ A T ] (A31)

u; l—a —Zu®d
! 1=-B(1-A)(1-3:)

1
wherey is the multiplier on the resource constrain u; < u. Substituting(A31) into (15)

=1
yields an equation for the optimal number of vacancies itoséavhich reads

(1—a)/e 1/e

.1 a1y o 72, o
i=n(i) G e S - e
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Summing over all’s, we arrive at the optimal share of vacancies in sector

1/e
. 1 [#} °
U_i: ki | 1=B(1-A)(1-6;) (A33)

* e
Vi ZI 1 zii @
=1 r; [ 1-B(1—A)(1-6;)

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 determindéixg of v; which requires eliminating
w from (A32). Combining again the two first order conditions, and sumnaicrgss all sectors,
we arrive at

1+(1—a)/e T 14+1/e

o=(75) -t () T [t
(A34)

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

Equation(A34) 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 (A34), and therw; from
(A32) andu; from (A31).

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 jobrgchte and the empirical job-finding
rate at date is now given by

e A NS S A A N AN A
=) = () 1(2) ()] ess

where¢,, is given by equatior{10), and ¢, is the same aggregator with shaleg/v;) in-
stead of(v;;/v;) . Whenv}, = v;; (i.e.,e — o0), equation(A35) collapses to the relationship
f*=1f/ (1= Myu)] (uw/u;)” that we have used in our baseline calculations with exogenou
vacancies.
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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 eeamigta 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.

Sample establishments in the JOLTS only report their owactliemployees 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 waakdomg 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#OH 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 totalavexes by Census region in
Figure B1. The HWOL series tend to be lower than the JOLTS®sdrefore 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 6 ksaibs to correct for the possibility
that online ads penetration may differ across regions.

57See 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 B2 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.® The resulting vacancy shares are almost identical to thasedon 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 6 and show that our @ligetiesults on mismatch mea-
sures are robust.

58For 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 inducigas 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)
U Uy
whereQTT, is a vector of four elements for the quartic time trend whglmieant to capture
shifts in aggregate matching efficiency.

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 B4 displays the full set of estimates of the vacancyesparametedi. 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 duriegeession in all our OLS spec-
ifications, consistent with a deterioration of aggregatéctnag efficiency. With regard to sec-
toral matching efficiency, in our baseline calculations we the estimates obtained with JOLTS
hires for the industry level mismatch analysis, and thosk @PS hires for the occupation level
analysis. In all cases, we use th-recession matching efficiency parameter estimates, and
verify the robustness of our findings to this choice. Thenegted matching efficiency parame-
terso¢; pre- and post-recession are reported in Appendix B, TalbeB& Beyond movements
in the common componendt,;, changes over time in sector-specific matching efficienares
small.

Finally, in order to examine the plausibility of the Cobbi@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 thato € (—o0, 1) with o = 0 in the Cobb-Douglas case. A simulated annealing al-
gorithm is used to ensure that we obtain a global minimum. @®¥fidence intervals are
computed via bootstrap methods. The estimation resultseprted in Table B5. 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, wctreject
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 Additional results on industrial and occupational mismatch

To examine the robustness of our results, we present a nuoflsetditional specifications.
Table B9 summarizes the results. We first compute the indadpssted for one source of
heterogeneity at a time (see Figure B6). Next, we comput@nthexes for different values of
« (Figure B7). In addition, we compute the mismatch index ggils separately estimated for
the periods before and after the recession. We denote thex imsA12<e*, Finally, we repeat
our calculations using different data sources. We comghéertdex usingp; estimated from
the CPS flows data (Figure B8). We also repeat our analysiea-tigit industry level using
the HWOL ads data. Figure B9 paints a very similar picturdn&d bbtained from JOLTS. Both
M, and M7 are somewhat higher for HWOL than for JOLTS, but peak andinkeah a very
similar fashion. The contribution of mismatch to the in@@an unemployment rate is only
slightly larger with HWOL—between.79 and0.88 percentage points.

We also report additional results for occupational-levedmatch. First of all, Figure B11
presents indexes adjusted for one source of heterogertegtytiane for 2-digit occupations.
Indexes for different values of are plotted in Figure B12. Table B10 summarizes these gesult
and shows that our baseline findings on occupation level atigmof Section 5.2 are quite
robust.

B.4 Adjustment in sectoral unemployment count

Let u;; be the number of unemployed workers at datéhose last job is in sectar andU;; be
the true number of unemployed actually searching in séetodater. Also letu?, be the number
of unemployed whose last job is in seci@nd who are searching in secfoBYy definition, we
haveu;; = Z§:1 uft The key unknown at each datés the vecto{ U, } .

From the panel dimension of CPS we obsér{iethe number of unemployed workers hired
in sectorj in periodt whose last job was in sector Let the total number of hires in sectpr
in periodt be h]. Assume that the job-finding rate in secjois the same for all unemployed,
independent of the sector of provenance, with the sole éxceitheir previous job was in that
same sector, in which case their job-finding rate is highea tgctor, > 1, or:

h, R
j:(uw)u—?,fom’#j (B4)
gt it

The average hiring rate of sectpis the total number of hires fgrdivided by the total number
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of unemployed looking in sectgror:

h_j_z hzt i- 4 h_;t u_gt
Jt i#] u;t U]t

Substituting( B4) into the above equation delivers:

hi h] w, W, (]
S Z zt Uy + (1 + 7) ;_t gt .
jt 1#j Wi th

Because the ratlbjt/u is the same across alk~ j, we can pull it out of the sum above and
obtain, after rearranging:

" ({}) {1+% (—)}_1 if i £

= 1 (BS)

e @ ()]

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

j P (1
Uiy hi \ 1+t

J
Ui M (e
hl T4yt

and using this expression {i35), we arrive at a relationship between the hiring rate fidm;
and the average hiring rate jn

W 0
it e B6
u‘gt 1t th ( )

where ,

Wie ( if 4 ;

it

(14 7) { - };— (lfwﬂ if i =

Rearranging equatiofB6) and summing across gllyields, at every, the ! equations:

N .
L (RN,
uit:Z_<hJ>Utj

7=1

in the (I + 1) unknowns{U;;},y;. The last equation needed is the “aggregate consistency”
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condition ,
Z Uj = Z Ui (B7)
j=1 j=1
stating that the true distribution of unemployed acrossossanust sum to the observed total
number of unemployed. We therefore have a systefi ef 1) equations in/ + 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.

Figures B16 and B17 plot the adjusted and unadjusted ungmpiat counts for some se-
lected industries and occupations. As expected, for exartips correction reduces the number
of unemployed workers searching in construction and irsg@edhat of those seeking jobs in
healthcare.

B.5 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 indusing 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 Uipt " Wit~ Wrt = Uy
r=1

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 B14 reports the average esti-
mates of these weights over 2005-2006 and 2010-2011. Wectitapute reweighed vacancy
counts by occupationin montht as

I

H __ H
Vot = § § Wit * Wrt * Vgt -

i=1 r=1

Our reweighed occupational mismatch index of Figure B18aiseld on this revised vacancy
count.
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Figure B1: Comparison between the JOLTS and the HWOL (ThefeCence 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 B2: Top panel: comparison between vacancy shardeid®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 B1 for an explanation of inguatrels.
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industries. Source: BEA and BLS for productivity levels &8tD for job destruction rates.
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Figure B8: Mismatch index\1,; by industry (left panel) and the corresponding mismatch un-
employment rates (right panel) using CPS measure of hioes fmemployment.

0.15

o1al—M JOLTS 24y—u —u> JOLTS
' M HWOL 5ol --u —u* 2-Digit HWOL
0.13)--- M, JOLTS : — u* JOLTS
M; HWOL T
0.12 z 2 20 u—u’ 2-Digit HWOL
011t S :
2
5 0.1F & 16k
8 0.091 £
2 2 14r
= 0.08 §
3] o
g 0.071 gL
g 0.06F g 1
=" =}
0.05} 508
0.04}7 = N S SIOTNE Lt S L I
’ @06 LTI
0.03f s
NP 0.4f i
0.02} see e .
0.01F 02 LI
2%01 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2%05 2006 2007 2008 2009 2010 2011 2012

Figure B9: Mismatch indexe$1, (left panel) and the corresponding mismatch unemployment
rates (right panel) using the JOLTS and HWOL (The Conferdwad Help Wanted OnLine
Data Series).

60



Unemployment Share

Mismatch Index

0.04 T . : T T 0.16 0.2 T . : T T 0.05
—e—Business and Financial Operations (Left Axis) —e—Business and Financial Operations (Left Axis)
—«—Sales and Related (Right Axis) —«—Sales and Related (Left Axis)
—=—Healthcare Practitioner (Left Axis) —=—Healthcare Practitioner (Left Axis)
—— Construction and Extraction (Right Axis) —— Construction and Extraction (Right Axis)
——Production (Right Axis) 10.14 ——Production (Right Axis)
0.03r : 1 0.161 : 10.04
{012 g
<
)
0.021 1 2 0.121 -10.03
]
]
10.1 g
0.01f . 0.08 10.02
10.08
2%05 2006 2007 2008 2009 2010 2011 20]9206 0'%%05 2006 2007 2008 2009 2010 2011 20]9201
Figure B10: Unemployment and vacancy shares by selectegbation.
x
[} i
°
c
0.08f B =
e e £
et 3= S 15
0.06] .- e , g |
0.04f 1
0.02f b
i i i i i i i i i i . I
2%05 2006 2007 2008 2009 2010 2011 2012 2%05 2006 2007 2008 2009 2010 2011 2012

Figure B11: Mismatch indexest,, M, My, M.;, and M, by occupation (left panel) and
the corresponding mismatch unemployment rates (rightlpane

61



Mismatch Index

Mismatch Index

0.15r

0.1r

0. | | i i |
%%05 2006 2007 2008 2009 2010

Figure B12: Mismatch index1, by occupation (left panel) and the corresponding mismatch

2011

2012

Mismatch Unemployment Rate (ppts)

N
T

=
(&)
T

=

o
&)

2

05

2006

unemployment rates (right panel) for various values .of

2007

2008

2009

2010

2011

2012

0.15 : 2.5 : —
—M - 2 digit —u —u* - 2 digit
---Mprc ---u—u* - RC
7 2
0.1r 1 E
% 1.5r
-y ... g
0.05F  _z==n” N 1 5
©
5
S 05+
2%05 2066 2067 2068 2069 20‘10 20‘11 2012 2%05 2606 2607 2608 2609 2610 Zdll 2012
Figure B13: Mismatch indexes\ across four occupations groups (routine/cognitive,

manual/non-manual, and across 2-digit occupations (kefef). Corresponding mismatch un-
employment rates (right panel).

62



Mismatch Index

Less than High School High School Graduate

0.14} 1 0.14}
w 0127 : ] 5 0.12f
[} [}
T 01 » T 01p »
5 008 5 008 M/—/\
£ 0.06f & 0.06
7] %)
S 0.04f S 0.04f

0.02f 1 0.02f

0 : : : : : : 0 : : : : : :
2005 2006 2007 2008 2009 2010 2011 2012 2005 2006 2007 2008 2009 2010 2011 2012
Some College College

0.19¢ ] 0.19¢
« 0.17¢  0.17}
S S
2 015 2 015
§ 013 G 013
g 0.1} g 011
8 @
S 0.09t S 0.09}

0.07¢ ] 0.07¢

0.025005 20‘06 20‘07 2068 20‘09 20‘10 20‘11 2012 0'%5005 2606 20‘07 2068 20‘09 2610 20‘11 2012
Figure B14: Mismatch indexes\{;) by occupation for different education groups.

0.2 T T T T T T 5 T T .
— M 2-digit SOC —u — u* 2-digit SOC
- --M 2-digit SOC X 9 census divisons ---u —u* 2-digit SOC X 9 census divisions

IS
T

0.15r

w
T

Mismatch Unemployment Rate (ppts)
N
Y

=
T

0. | | i i | | | | i i | |
%%05 2006 2007 2008 2009 2010 2011 2012 2%05 2006 2007 2008 2009 2010 2011 2012

Figure B15: Mismatch indexX1; by occupation and location (left panel) and the correspundi
mismatch unemployment rates (right panel).

63



Number of Unemployed (million)

Number of Unemployed (million)

Construction
25 ’ : : ; ; : ;
—Unadjusted
---Adjusted
oL
15+

[
T

0 | | | | i i |
2%01 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012

15

Healthcare

—Unadjusfed
---Adjusted

[
T

Number of Unemployed (million)
o
o

2%01 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012
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Figure B19: Time series of for two selected industries: construction and healthcke® (
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Figure B20: Mismatch unemployment with(?" at the industry level using endogenous vacan-
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Series).
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Code Industry

ACC Accomodation and Food Services
ART Arts, Entertainment and Recreation
CON Construction

EDU Education Services

FIN Finance and Insurance

PUB Government

HEA Health Care and Social Assistance
INF Information

MFG  Manufacturing-Durable Goods
MFG  Manufacturing-Nondurable Goods
MIN Mining

OTH Other Services

BUS Professional and Business Services
REA Real Estate and Rental and Leasing
RET Retail Trade

UTL Transportation, Warehousing and Utilities
WHO  Wholesale Trade

Table B1: Industry classification in the JOLTS. The codesianleft column are those used in

Figure B2.

Code

Occupation

Classification

110000
130000
150000
170000
190000
210000
230000
250000
270000
290000
310000
330000
350000
370000
390000
410000
430000
470000
490000
510000
530000

Management Occupations

Business and Financial Operations Occupations
Computer and Mathematical Occupations
Architecture and Engineering Occupations

Life, Physical, and Social Science Occupations
Community and Social Service Occupations

Legal Occupations

Education, Training, and Library Occupations

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

Protective Service Occupations

Food Preparation and Serving Related Occupations
Building and Grounds Cleaning and Maintenance Catmns
Personal Care and Service Occupations

Sales and Related Occupations

Office and Administrative Support Occupations
Construction and Extraction Occupations
Installation, Maintenance, and Repair Occupations
Production Occupations

Transportation and Material Moving Occupations

Cognitive/Non-routine
itt@gNon-routine
Cognitive/hdutine
Coggiltfen-routine
{flegNon-routine
Cogfiltive-routine
Cognitive/Non-routine
CooggiNon-routine
Cognitive/Non-routine
Cognitive/Non-routine
Manual/Non-reutin
Manual/Non-reutin
nudlfdlon-routine
Manual/Non-routine
Manual/dlgme
Cognitive/Routine
CigriRoutine
ManuaitiRe
Manual/Routine
Manual/Routine
diRoutine

Table B2: 2-digit SOC Codes used in our empirical analysise €lassification in the right
column is that used in Figure B13.
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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 CommunitySaihl Service Specialists
Preschool, Primary, Secondary, and Special Eduac&tihool 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, argiributing Workers
Secretaries and Administrative Assistants

Other Office and Administrative Support Workers

Agricultural Workers

Construction Trades Workers

Vehicle and Mobile Equipment Mechanics, Installar&l Repairers
Other Installation, Maintenance, and Repair Od@am
Assemblers and Fabricators

Metal Workers and Plastic Workers

Other Production Occupations

Motor Vehicle Operators

Material Moving Workers

Table B3: 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 B4: 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% g (8% 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 B5: Estimates of the vacancy shar@nd CES substitutability parameterusing industry

and occupation level data. 95-5 confidence intervals coegjvita bootstrap. Sample sizes are
the same as in Table B4.
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Industry Qrre prost

Mining 1.71 1.36
Arts 1.69 1.87
Construction 1.66 1.73
Accommodations 1.53 1.60
Retail 1.47 1.46
Professional and Business Services 1.43 1.45
Real Estate 1.41 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 B6: Estimates of industry-specific match efficiencigisg 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 B7: Estimates of industry-specific match efficiendgisg 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 B8: Estimates of occupation-specific match efficiescising hires from the CPS.
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Index Ugs — Ugg  U10.00 — Ulgge Alu—u*) Au—u*)/Au

M 0.26 1.01 0.75 13.9%

M, 0.22 0.84 0.59 11.0%

M, 0.29 0.92 0.63 11.7%

M. 0.24 0.96 0.72 13.3%

M 0.23 0.98 0.74 13.7%

| Moagy 0.25 0.89 0.65 11.9%
JOLTSHIres (v —03) 022 0.89 0.67 12.4%
M(a=05) 026 1.01 0.75 13.9%

M(a=07) 022 0.82 0.60 11.1%

Mbreak 0.25 0.92 0.67 12.4%

MY (e=1.0) 0.38 1.52 1.14 21.1%

MY (s=10) 0.34 1.24 0.90 16.6%

. M 0.27 1.03 0.77 12.4%

CPS Hires M, 0.10 0.61 0.51 9.4%
M 0.63 151 0.88 16.3%

HWOL M, 0.56 1.35 0.79 14.7%

Table B9: Changes in mismatch unemployment at the industsi.| All the changes are cal-
culated as the difference between October 2009 and thegevef2006. Note that\u = 5.4
percentage points.
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Index Ugs — Ugg  U10.00 — Ulgge A(u—u*) Alu—u*)/Au

M 0.85 2.00 1.14 21.3%

M, 0.42 1.02 0.60 11.1%

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%

My—adj 0.84 2.00 1.16 21.4%

2-dligit My _agj 0.93 2.12 1.19 22.1%
M(a =0.3) 0.72 1.68 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%

MY (e = 1.0) 1.41 3.20 1.79 33.1%

MY (e = 0.5) 1.08 2.60 1.52 28.1%

MV (e=1.0) 0.74 1.81 1.07 19.7%

M 1.33 2.91 1.58 29.3%

M, 0.79 1.73 0.94 17.4%

3-digit My 0.83 1.85 1.02 18.8%
M, 1.33 2.91 1.58 22.2%

M 1.29 2.80 1.50 27.8%

Table B10: Changes in mismatch unemployment at the ocaupbavel. 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%

Moy aqj 0.11 0.43 0.32 17.8%
M (e = 1.0) 0.20 0.70 0.50 26.8%

Table B11: Changes in mismatch unemployment at the indiestgf 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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[ July 2005-June 2007 July 2007-June 2009 July 2009-June 2011

INDUSTRY UN UD UN UD UN UD

Agriculture and Mining 0.17 0.08 0.17 0.07 0.15 0.06
Construction 0.16 0.08 0.15 0.08 0.13 0.07
Manufacturing 0.21 0.10 0.18 0.08 0.16 0.08
Trade 0.24 0.10 0.23 0.10 0.21 0.10
Transportation and Utilities 0.23 0.10 0.19 0.09 0.17 0.08
Information 0.21 0.10 0.18 0.08 0.17 0.09
Financial 0.21 0.09 0.19 0.09 0.17 0.09
Professional Business Services0.23 0.10 0.20 0.09 0.18 0.08
Education and Health 0.25 0.11 0.24 0.10 0.21 0.10
Leisure 0.29 0.11 0.25 0.10 0.24 0.10
Other 0.28 0.11 0.25 0.11 0.20 0.10
Public Administration 0.25 0.11 0.25 0.09 0.20 0.10
All 0.23 0.10 0.20 0.09 0.18 0.08

Table B12:U N andU D monthly flow rates (fraction of the unemployment pool) byustty.

[ July 2005-June 2007 July 2007-June 2009 July 2009-June 2011

OCCUPATION UN UD UN UD UN UD

Management 0.15 0.07 0.16 0.07 0.14 0.07
Business and Financial Operations 0.19 0.11 0.17 0.08 0.14 0.06
Computer and Mathematical 0.19 0.11 0.17 0.08 0.14 0.08
Architecture and Engineering 0.20 0.10 0.17 0.09 0.13 0.06
Life, Physical and Social Science 0.20 0.12 0.17 0.10 0.17 0.07
Community and Social Service 0.29 0.13 0.19 0.08 0.18 0.10
Legal 0.20 0.06 0.18 0.07 0.18 0.08
Education, Training, and Library 0.25 0.10 0.21 0.09 0.20 0.09
Arts, Design, Entertainment, Sports, and Medig 0.20 0.08 0.19 0.08 0.18 0.08
Healthcare Practitioners and Technical 0.21 0.09 0.23 0.10 0.18 0.08
Healthcare Support 0.29 0.12 0.27 0.12 0.22 0.09
Protective Service 0.25 0.11 0.23 0.07 0.21 0.09
Food Preparation and Serving Related 0.29 0.11 0.25 0.10 0.24 0.09
Building and Grounds Cleaning and Maintenange0.28 0.11 0.25 0.10 0.23 0.10
Personal Care and Service 0.30 0.13 0.26 0.11 0.26 0.10
Sales and Related 0.26 0.10 0.25 0.10 0.22 0.09
Office and Administrative Support 0.24 0.10 0.22 0.09 0.20 0.08
Construction and Extraction 0.17 0.08 0.16 0.08 0.13 0.07
Installation, Maintenance, and Repair 0.21 0.10 0.16 0.08 0.14 0.07
Production 0.22 0.10 0.18 0.08 0.16 0.08
Transportation and Material Moving 0.23 0.10 0.19 0.09 0.19 0.09
All 0.23 0.10 0.21 0.09 0.18 0.08

Table B13:U N andU D monthly flow rates (fraction of the unemployment pool) bygation.
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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 B14: Estimated weights which equalize monthly JOLh8 BHWOL (The Conference
Board Help Wanted OnLine Data Series) vacancy counts bystngland region (average weight
is normalized to one each month).
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