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Measuring Job-Finding Rates and Matching Efficiency with
Heterogeneous Job-Seekers'

By ROBERT E. HALL AND SAM SCHULHOFER-WOHL*

Matching efficiency is the productivity of the process for matching
Jjob-seekers to available jobs. Job-finding is the output; vacant jobs
and active job-seekers are the inputs.We develop a framework for
measuring matching productivity when the population of job-seekers
is heterogeneous. We find that overall matching efficiency declined
smoothly over the period from 2001 through 2013. Measures of
matching efficiency that neglect heterogeneity among the unem-
ployed and also neglect job-seekers other than the unemployed sug-
gest a large 28 percent decline in efficiency between 2007 and 2009.
Most of this apparent decline results from changes in the composi-
tion of job-seekers. (JEL E24, J22, 123, J24, J41, J63)

atching efficiency is a key concept in understanding turnover in the labor

market. In particular, turnover models imply that a decline in matching effi-
ciency causes a rise in unemployment. High unemployment from late 2008 until
2013 generated concern that the US economy’s normal unemployment rate rose
from the turmoil of the financial crisis. We show that disaggregated measures of
matching efficiency did not have large declines after the crisis. Rather, the compo-
sition of unemployment shifted dramatically toward groups with chronically lower
matching efficiency.

The idea has proven useful that matching is a productive process that combines
the efforts of job-seekers and of recruiting employers. The matching function—a
central feature of the Diamond-Mortensen-Pissarides model of unemployment—is
a production function with the number of job-seekers and the number of positions
open for recruiting taken as inputs and the flow of newly matched worker-employer
pairs as the output. In our framework, matching efficiency is a set of multiplicative
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shifters of the job-seeking population, analogous to factor-augmenting productivity
indexes in production theory. We measure matching efficiency using standard ideas
from production theory. In the DMP model, a decline in matching efficiency changes
labor market equilibrium in the direction of higher unemployment. Proper measure-
ment of matching efficiency is a crucial starting point for understanding the sources
of episodes of high unemployment.

This paper measures matching efficiency. It does not attempt to explain why
matching efficiency changes over time, in response to its economic determinants.

Section I of the paper lays out our theory of matching with heterogeneous
job-seekers. We consider the case where a single index of labor market tightness
governs the job-finding rates of all categories of job-seekers, but the elasticity of
the job-finding rate with respect to tightness varies across categories. Each cate-
gory also has a distinct parameter measuring matching efficiency. We show that
this assumption about job-finding rates implies a matching function with standard
properties, including constant returns to scale. In the case of a single category of
job-seeker, the matching function is Cobb-Douglas.

Section II considers the application of our theory to data from the Current
Population Survey (CPS) public use sample. We consider 16 categories of
job-seekers: two for people out of the labor force, one for workers, and 13 for the
unemployed based on the duration of unemployment and the reasons for unem-
ployment reported in the CPS, such as “lost permanent job.” Because people who
are out of the labor force or looking for work may take jobs that are extremely
brief, measuring the job-finding rate as the probability of taking a new job from
one month to the next overstates the success of job-seekers in finding durable
jobs. We examine the probability of employment not only one month later but also
two, three, and up to 15 months later. We characterize these probabilities as logit
functions of personal characteristics and time effects, separately by category of
job-seeker and the number of months the probability spans. Overall, our specifi-
cation captures heterogeneity by standard demographic characteristics; desire and
availability for work among people out of the labor force; reason for unemploy-
ment and duration, for those unemployed; and the number of months over which
the probabilities are measured.

Section III describes the estimated logit probabilities along a number of dimen-
sions. The logits are used to construct job-finding rates that hold demographics con-
stant within the 16 job-seeking categories described above. We find a downward trend
of job-finding probabilities when measured over one to three months, but almost no
trend when measured over 12 to 15 months. We find that the probability that a job-
seeker will be employed 12 to 15 months later is hardly higher than the probability
she will be employed one to three months later, which we interpret as demonstrating
the key importance of quite short jobs in the experiences of job-seekers.

Section IV connects independent data from the Job Openings and Labor Turnover
Survey on labor market tightness, measured as the average duration of a vacancy,
with our measures of demographically adjusted job-finding rates from the logit
models. Our matching function implies that the elasticity of the job-finding rate
with respect to tightness is a constant over time within a category but varies across
categories. We estimate these elasticities with an instrumental variable.
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In Section V, we adjust the job-finding rates by the estimated elasticities applied
to the tightness measure, to form category-specific indexes of matching efficiency.
We find a mild downward trend at close to a constant rate in most categories, with no
special decline during the contraction from 2007 to 2010. We construct an aggregate
index of matching efficiency by applying fixed weights across categories. It shares
the downward trend of the category-specific indexes and, like them, has no special
decline between 2007 and 2010. We compare our index with one constructed by
similar principles, except that only one category of job-seeker is included, defined as
unemployment in all categories. That index declines by almost 50 percent from 2007
to 2010. Essentially all of the decline arises from neglect of heterogeneity.

We conclude that it is essential to recognize heterogeneity among job-seekers and
include all job-seekers, not just the unemployed, in measuring and understanding
matching efficiency.

One of the key points of this paper is that the majority of job-seekers are not
counted as unemployed, but rather as out of the labor force or employed. Despite
Blanchard and Diamond’s (1990) emphasis on this point, most analysis of the US
labor market in the matching-function framework has taken unemployment as the
measure of job-seeking in the population. An important exception is Veracierto
(2011), a paper that we build on.

Barnichon and Figura (2015) preceded us in measuring matching efficiency with
heterogeneous unemployed job-seekers. Our main contributions building on their
paper are: we consider the remaining groups responsible for the great majority of
job-finding success—we distinguish two categories of people recorded as out of the
labor force, one with low job-finding propensities and another with higher propensi-
ties, following Barnichon and Figura (2016). Most importantly, we include currently
employed job-seekers, who are hoping for a job-to-job transition. We also focus on
measuring job-seeking success over longer spans of time, up to the maximum possi-
ble in the CPS of 15 months. In addition, we measure labor market tightness as the
ratio of vacancies to hires, rather than as the ratio of vacancies to unemployment.
Thus, we avoid using data on the right-hand side of our basic estimating equation
that also appear on the left-hand side. Finally, we introduce a new class of matching
functions, suited to dealing with multiple categories of job-seekers.

I. Matching Functions with Heterogeneous Job-Seekers

For the purposes of this paper, a matching function is a function m(P, V), increas-
ing and weakly concave in a vector of types of job-seekers P and the scalar number
of vacancies V. The equality H = m(P, V) is the flow of new hires emerging from
the matching process. Here, H is analogous to output and P and V are analogous to
factor inputs, so m is analogous to a production function. Let T = V/H, the ratio of
vacancies to hires, which is the average duration of a vacancy. Thus, 7 measures the
tightness of the labor market.

ASSUMPTION (Common Pools of Vacancies and Competing Job-seekers): All
types of job-seekers have success rates that depend on the same scalar measure of
tightness, T.
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Job-seekers of type i have an increasing job-seeking success hazard ¢; (7). The flow
of new hires is

(1) H =) ¢;(V/H)P,.

The unique solution to this equation defines the matching function H = m(P,V).
The assumption that the success hazard depends on T rather than separately on P
and V implies that the matching function has constant returns to scale.

In the standard setup, the functions ¢, (T) are the same for all types. In that case,
the matching function solves

@ H = o(V/H)LP,

which implies a standard matching function H = m(V, > ,~P,~).
We assume that the elasticity within each category is constant:

(3) ¢i(T) = v T™

The parameter v; conveys the level of matching efficiency for type i, because it mul-
tiplies the rate at which job-seekers of type i are converted into hires. The elasticity
n; conveys the response of the matching rate to market tightness. One source of dif-
ferences in the elasticity would be differences in the responsiveness of search effort
to tightness. Our empirical work finds unambiguous differences in the elasticities.

An index of weighted average matching efficiency at a reference level of tight-
ness T and a reference set of population shares s; is

(4) Bo= Zsi% T".

For comparison with other estimates of labor market matching functions, we note
that the elasticity of the matching flow rate with respect to V is

(5) > T"s;
i (14 )T,

In the standard case of only one kind of job-seeker, the elasticity is 7, a constant
n

1+

Online Appendix A provides a detailed comparison of the approach we use,

based on measuring tightness as the duration of a vacancy, with the standard DMP
approach, based on measuring tightness as the vacancy/unemployment ratio. The
two approaches are fully isomorphic with a single type of job-seeker. We demon-
strate that our setup delivers job-finding rates that are driven by a single index, and
that the index is the duration of a vacancy, which is the same for all types.

across i, and the matching function is Cobb-Douglas with elasticity
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II. Measurement of Job-Finding Rates in the CPS Data

We use data from the monthly CPS for November 1999 through March 2015.
These data permit the calculation of job-finding rates for individuals who started
their searches in the years 2001 through 2013.

A. Labor Market Status

The CPS divides the civilian noninstitutional population, ages 16 and older, into
people who are employed, unemployed, and not in the labor force. Employed people
are those who worked for pay or profit during the reference week, were temporarily
absent from work for reasons such as vacation, illness, weather, or industrial dispute,
or did at least 15 hours of unpaid work in a family-owned business. People who are
not employed are classified as unemployed if they are currently available for work
and either have actively looked for work during the previous four weeks or expect to
be recalled from a temporary layoff. All other people who are not employed are clas-
sified as not in the labor force. We further divide the unemployed people according
to the reasons they became unemployed and the length of time since that happened.
We also divide those out of the labor force into two categories. One is those who
answer “no” to the question, “Do you want a job now, either full or part-time?” or
who answer “yes” but then indicate they are not currently available. The other cate-
gory is those who want a job and are available. Barnichon and Figura (2016) found
large differences in job-finding rates of people classified as out of the labor force
between those wanting work and those not wanting work.

We derive a total of 16 labor market statuses. The three basic statuses are out of
labor force, unemployed, and employed. We consider two statuses within the basic
status out of labor force:

e Do not want work: people who did not satisfy the CPS definition of either
employed or unemployed and who did not want work or were not available to
work

* Want work but not looking: people who did not satisfy the CPS definition of
either employed or unemployed and who wanted work and were available to
work

For those unemployed for three weeks or less, we define six categories:

* Recently furloughed: unemployed people who have been on furlough for three
weeks or less from an earlier job, with the possibility of recall.

* Recently lost permanent job: people who lost jobs within the previous three
weeks, not on layoff or separated from a temporary job, who were working or
left military service immediately before they began looking for work.

e Temp job recently ended: unemployed people, not on furlough, whose last jobs
were explicitly temporary and ended within the past three weeks or less.

* Recently quit: unemployed people who quit their last jobs within the past three
weeks.
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* Recently entered labor force: unemployed people who have never worked and
who started looking for work within the past three weeks.

* Recently reentered labor force: unemployed people, who started looking for
work within the past three weeks, who were not working or in military service
immediately before they began looking for work, but who have worked at some
time in the past.

The following unemployment statuses parallel those above, with duration of unem-
ployment to date of 4 to 26 weeks:

* On furlough for months

* Lost permanent job months ago

o Temp job ended months ago

* Quit months ago

* Entered labor force months ago

* Reentered labor force months ago

The last unemployment category is
» Long-term unemployed: those unemployed to date more than 26 weeks.

We do not separate the long-term unemployed by reason for unemployment because,
at most times, the number of long-term-unemployed respondents in the CPS is too
small to estimate probabilities reliably if we further disaggregate those respondents
by reason for unemployment.

Finally, we use a single category for employed:

* Employed: employed people

Ideally, we would distinguish between employed people by duration of
employment, because people who have been in their jobs only a short time will
be more likely to make job-to-job moves if jobs are heterogeneous in duration
or if workers are heterogeneous in their propensity to move. However, the CPS
data do not contain sufficient information on job tenure to allow us to draw such
distinctions.

B. Time Span for Measuring Job-Finding Success

The standard concept of a job-finding rate is the probability that a job-seeker will
find a job in a given month. We include rates based on that definition, but we also
generalize it to study longer time spans, up to the longest found in the CPS. That
span is 15 months, comparing the month the person entered the survey to the last
month the person was in the survey.

We use the term span to mean the number of months between one observation
on a person’s labor market status and a subsequent observation. For example, the
CPS might determine that a person was unemployed in March 2009, on account of
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the earlier loss of a permanent job, and unemployed as well in April 2010. The span
between these observations in our sense would then be 13 months.

It is important to understand that span is different from other measures, such as
the duration of unemployment. The beginning of a span is not necessarily in the
month the person entered the CPS or the month when a spell of unemployment
began. In the example, the person might have been unemployed since November
2008 and thus had a duration of unemployment of four months as of March 2009
and 17 months as of April 2010. And the person might have entered the CPS in
February 2009, so that the span began in the second month of the person’s period
in the CPS and ended in the fifteenth month in the CPS. shows the relation
between the span, the CPS months, and the months of the spell of unemployment,
in this example.

A spell of unemployment may well be contained within a span. We observe peo-
ple unemployed when they enter the CPS, employed briefly, then unemployed, and
then employed late in the span. Turnover within spans has a central role in our
empirical analysis.

Over the spans, we focus on the experiences of people who began the span in
a given labor market status, such as recently quit. We measure the probability that
such a person would be employed, say, 12 months later.

Longer spans matter for measuring job-finding success because job-seekers may
find brief jobs, lasting only a few weeks or a month or two—see Hyatt and Spletzer
(2013). A job lasting a month counts as much as a job lasting years if the measure
of success uses a one-month span. Longer spans give higher weight to longer lasting
jobs.

To see this, consider a simple model of labor market turnover. There are two
kinds of jobs, short and long. Job-seekers have a 30 percent monthly probability of
taking a short job and a 10 percent probability of taking a long job. The monthly
probability that a short job will end is 40 percent, and the probability that a long job
will end is 2 percent. The mix of jobs held by workers one month after a time when
they are looking for work but not working is three-fourths short and one-fourth long
(the distribution across workers conditional on not working in the previous month
and working this month). That fraction switches to one-third short and two-thirds
long with a 12-month span, as can be calculated from the twelfth power of the tran-
sition matrix of the Markov process defined by the transition probabilities.

Because the CPS interviews households for 4 consecutive months, skips the
next 8 months, then interviews again for 4 months, each person covered for every
scheduled interview contributes 6 observations spanning single months, 4 spanning
2 months, 4 spanning 12 months, and 1 spanning 15 months, to give a few examples.
In principle, we can study job-seeking spans of 1, 2, 3, 9, 10, 11, 12, 13, 14, and
15 months. For simplicity, we omit the 9-, 10- and 11-month spans and focus on the
short spans from 1 through 3 months and the long spans from 12 through 15 months.

Our choice to examine short and long spans is aimed at extracting useful infor-
mation about job-finding success from the limited data in the CPS. The ideal data
would contain accurate month-by-month records of labor market status over many
years. Such data would support a model that showed how individuals who start from
a given status find jobs, lose or leave them, search more, take subsequent better
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TABLE 1—EXAMPLE OF CPS SURVEY MONTHS, AN UNEMPLOYMENT SPELL BEGINNING IN
NoOVEMBER 2008, AND A SPAN BEGINNING IN MARCH 2009

Unemployment
Calendar month CPS month Span, months duration, months
November 2008 0
December 2008 1
January 2009 2
February 2009 1 3
March 2009 2 0 4
April 2009 3 1 5
May 2009 4 2 6
June 2009 3 7
July 2009 4 8
August 2009 5 9
September 2009 6 10
October 2009 7 11
November 2009 8 12
December 2009 9 13
January 2010 10 14
February 2010 13 11 15
March 2010 14 12 16
April 2010 15 13 17
May 2010 16 18
June 2010 19

jobs, and ultimately settle into durable job matches or nonwork activities. The CPS
reports in only eight separate months over a period of a bit more than a year. Our
short-span measure uses just the initial four months, whereas the long-span measure
considers what has happened about a year after the conditioning month. Both mea-
sures describe experience that is influenced by both job-finding success and separa-
tions. See Krueger, Cramer, and Cho (2014) for further discussion of the benefits of
including longer spans in the study of job-finding success.

C. Specification of the Job-Finding Function

In the empirical implementation of our setup, the job-finding rate f;, ., is the
probability that a worker in status i in month #, with personal characteristics x,
is employed in month ¢ 4+ 7. We let this probability depend on a large vector of
observed worker characteristics. The CPS sample is too small to estimate the prob-
abilities nonparametrically, conditional on each possible combination of character-
istics. Instead, we specify the probabilities as logit functions of the vector x, with
time effects captured by time dummies. We allow different coefficients on the time
dummies and worker characteristics for each origin status i and each time span 7.
Thus, we assume

exp(k, .+ X'5;,)
I+ exp(’%i,tﬂ' + x,ﬁi,'r) '

(6) f;’,t,v',x =

where &, - is the time effect at date # for workers in status i and a span of 7 months.
For job-to-job transitions, we define job-seeking success as being in a different job
at the end of the span from the job at the beginning. With a one-month span, this
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definition is the same as the standard job-to-job rate. We can measure job-seeking
success in the job-to-job case only over spans up to three months because the CPS
does not keep track of respondents’ employers during the eight-month gap between
waves of interviews.

The variables describing personal characteristics, denoted x; ,, are dummy vari-
ables for:

» female

* married

* six age groups—16-24, 25-34, 3544, 45-54, 5564, and 65-plus

* four education groups—Iess than high school, high school graduate, some col-
lege but less than a bachelor’s degree, and bachelor’s or higher degree

* five unemployment duration groups, for the equations describing job-finding
conditioned on unemployment of 4 to 26 weeks—categories are 4-8 weeks,
9-13 weeks, 14-17 weeks, 18-21 weeks, and 22-26 weeks

We study job-finding success conditional on standard observable demographic
characteristics and on the initial status. We find large differences in job-finding rates
by initial status. Our results would have the cleanest interpretation if the demo-
graphic characteristics accounted for all the heterogeneity in each group defined
by initial status. We do not make that claim—people laid off during a recession,
for example, differ in some respects not captured by their observable demographic
characteristics from people laid off during a boom. We find that overall labor market
tightness accounts for most of the large movements in job-finding rates around trend
within each initial-status group. This finding supports the view that our breakdown
by 16 groups captures most of the heterogeneity among job-seekers.

D. Processing the CPS Data

We match respondents across months using the method of Nekarda (2009). His
approach considers the full set of eight monthly observations that potentially come
from the same person and assigns to each observation a probability of actually com-
ing from the same person, based on the recorded information on the person’s race,
sex, and age. This probability, combined with the survey weights, is used to weight
the observed transitions when we compute job-finding rates. Relative to methods
such as that of Madrian and Lefgren (2000), which label respondents as matched or
not across each consecutive pair of months, Nekarda’s method is more suitable for
measuring job-finding rates across long time spans because errors in recording race,
sex, and age during intervening months are less likely to break the match. Table B1
in online Appendix B shows the success rates for the matching process.

We remove high-frequency, likely spurious transitions between unemployment
and nonparticipation following Elsby, Hobijn, and Sahin (2015). Specifically, if a
respondent is out of the labor force, unemployed, and out of the labor force again
in three consecutive months, we recode the middle month to want work, if the
respondent wanted to work in either the first or third month; if not, we recode to
out of the labor force. If the respondent is unemployed in the first and third months
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and out of the labor force in the middle month, we recode the middle month to
unemployed with the same reason for unemployment as the first month. Among
respondents who remain unemployed, we remove spurious changes in the reason
for unemployment by requiring that the reason remain the same as that given in the
first interview of the unemployment spell, except that we allow transitions between
temporary layoff status and permanent job loss after one month of unemployment
because a worker could be temporarily laid off and later learn that the job loss
had become permanent. We do not allow transitions between temporary layoff and
permanent job loss once unemployment duration exceeds one month because too
few such transitions are in the raw data to allow us to estimate the logit model if
we allow them.

A substantial literature describes reporting errors in the CPS and similar longitu-
dinal surveys. Even after following the Elsby, Hobijn, and Sahin (2015) procedure,
random errors in assigning workers to labor market statuses result in overstatements
of month-to-month transition rates. Correction of some of these errors is possi-
ble because of redundancies in the data, but most escape detection except through
reinterviews. A number of proposals have appeared in the literature to make cor-
rections in population fractions based on heuristics, such as Abowd and Zellner
(1985) and Poterba and Summers (1986). More recently, formal models of identi-
fied classification errors have appeared in the econometrics literature, such as Feng
and Hu (2013). We do not find either of these approaches compelling. We do not
think that any realistic model with classification errors is identified by longitudinal
data alone. We believe that our approach based on studying longer-span conditional
probabilities of employment solves at least part of the problem, in that transitory
misclassification in the destination status will be unimportant for our longer-span
measures. We do retain conditioning on a single-month measure of the origin status,
which results in some blurring of our results.

The CPS allows workers who enter unemployment to report a positive initial
duration. Elsby et al. (2011) show that inflows to high-duration unemployment are
essential to understanding labor market flows during the Great Recession. We there-
fore accept those observations. This procedure implies that unemployment duration
should not be interpreted literally as duration of the current spell, but rather as an
indicator of the time that has elapsed since the individual has held a job more dura-
ble than an interim job.

We use a block bootstrap procedure to compute standard errors that account for
the CPS sampling design and for our use of multiple spans for the same individ-
ual, both of which induce cross-observation correlations that would be difficult to
account for analytically. We define a state-month as the set of all households in a
given state of the United States whose first interview fell in a given month. We cre-
ate 100 bootstrap samples by resampling households with replacement within each
state-month, thus reproducing the stratification of the CPS by state. Each resampling
follows all household members through all subsequent appearances in the CPS, so
we reproduce the correlations across members and over time within each household
that result from the dataset’s rotating panel structure and from our use of multi-
ple spans per individual. Following Rao, Wu, and Yue (1992), we resample n;, — 1
households from a state-month with n;, households in the original sample so that the
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bootstrap is unbiased. We use Kolenikov’s (2010) Stata program to construct the
bootstrap samples. Because we do not have access to some of the underlying data
that the Census Bureau uses to construct post-stratified survey weights in the CPS,
our bootstrap samples cannot account for the impact of the post-stratification pro-
cedure. This omission is likely to inflate our bootstrap standard errors because the
post-stratification procedure reduces variance by holding constant the distributions
of some demographic variables.

In both the original sample and each bootstrap sample, we reweight the data in
a standard way to account for attrition from the survey, though we found that this
adjustment had little effect on the estimated job-finding rates. Online Appendix B
provides details on the adjustment.

III. Estimated Job-Finding Rates
A. Job-Finding Rates Implied by the Logit Specification

Our estimation yields a great mass of logit coefficients, available from the online
Appendix. In this section, we display and interpret the results in terms of calcu-
lated job-finding rates standardized for the changing composition of the labor force.
We standardize by choosing a base period, January 2005 to December 2007. We
calculate the distribution of personal characteristics x across all respondents in the
base period. Then, for each month from 2001 through 2013, we calculate the fitted
job-finding probabilities from the logits separately for each possible vector of per-
sonal characteristics. Finally, we compute the average probabilities across the distri-
bution of personal characteristics measured in the base period. Online Appendix F
describes how we handle technical issues that arise for a few status-month-span
cells that contain few or no observations.

B. Employment Probabilities by Initial Status

summarizes our findings for employment probabilities conditional on
originating in each of the job-seeking statuses. The left panel shows the probabilities
averaged over short spans and the right panel over long spans. The table compares
the employment probabilities in 2013 with those in 2003 because the business cycle
was in a similar phase in the two years.

The employment probabilities in Table 2 vary over a wide range across the initial
statuses. Thus, our decomposition by initial status captures a great deal of hetero-
geneity in job-finding rates. Not including the employed, for whom we look at the
probability of changing jobs, the lowest job-finding rate is for people starting in the
status do not want work. In 2013, their short-span subsequent employment probabil-
ity was 4.5 percent and their long-span rate was 9.9 percent. Most people classified
as out of the labor force and not wanting work (or not being available for work)
remain in nonmarket activities from one year to the next.

A striking feature of Table 2 is that the long-span job-finding rates for workers on
furlough (laid off with expectation of recall) are barely higher than the short-span
job-finding rates for these workers. This result implies either that laid-off workers
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TABLE 2—STANDARDIZED SUBSEQUENT EMPLOYMENT PROBABILITIES FOR SHORT AND LONG SPANS,
2003 AND 2013, wiTH GROWTH RATIO

Average employment Average employment
probability, months 1 to 3 probability, months 12 to 15
Initial status 2003 2013 Ratio 2003 2013 Ratio
Out of labor force 5.7 4.5 0.78 11.8 9.9 0.84
(0.1) (0.0) (0.01) (0.2) (0.2) (0.02)
Want job 16.9 14.9 0.88 32.3 30.8 0.95
(0.4) (0.3) (0.03) (0.8) (0.7) (0.03)
Employed 5.2 4.5 0.87
(0.1) (0.0) (0.01)
Recently laid off 59.8 59.2 0.99 64.7 68.7 1.06
(1.3) (1.4) (0.03) (2.0) (1.7) (0.04)
Recently lost permanent job 34.6 353 1.02 67.9 63.5 0.94
(1.4) (2.0) (0.07) (2.2) (2.4) (0.04)
Temp. job recently ended 44.2 40.3 0.91 62.5 60.5 0.97
(2.4) (2.4) (0.07) (3.5) (3.4) (0.08)
Recently quit a job 429 42.6 0.99 64.5 65.9 1.02
(2.2) (2.3) (0.08) (3.6) (3.7) (0.08)
Recently entered LF 30.1 20.8 0.69 51.0 39.5 0.77
(2.7) (1.8) (0.09) (4.4) (3.6) (0.09)
Recently reentered LF 35.0 31.3 0.89 50.4 48.7 0.97
(1.3) (1.3) (0.05) (2.3) (2.1) (0.06)
On layoff for months 46.6 48.9 1.05 57.9 60.2 1.04
(1.5) (1.5) (0.05) (2.3) (2.4) (0.06)
Lost permanent job months ago 26.0 26.7 1.03 62.7 57.8 0.92
(0.8) (1.0) (0.05) (1.4) (1.6) (0.03)
Temp. job ended months ago 30.2 28.9 0.96 54.3 54.3 1.00
(1.5) (1.5) (0.07) (2.7) (2.5) (0.07)
Quit a job months ago 34.8 315 091 58.7 572 0.97
(1.4) (1.6) (0.06) (2.7) (3.0) (0.06)
Entered LF months ago 21.6 15.6 0.72 443 44.6 1.01
(1.7) (1.0) (0.07) (3.1) (2.7) (0.09)
Reentered LF months ago 28.1 249 0.88 46.8 45.2 0.97
(0.9) (0.9) (0.04) (1.6) (1.6) (0.05)
Long-term unemployed 19.8 16.4 0.83 43.2 40.4 0.93
(0.7) (0.5) (0.04) (1.4) (1.0) (0.04)

Note: Standard errors are in parentheses.

have a very high separation rate upon reemployment or that, after a few months of
unemployment, laid-off workers’ reemployment hazard is very low. The latter impli-
cation is consistent with the findings of Katz (1986) and Fujita and Moscarini (2013)
of strong negative duration dependence in recall probabilities for laid-off workers.
The long-term unemployed had short-span reemployment success rates of only
16 percent in 2013. Over the longer span of 12 to 15 months after the conditioning
month (which is itself at least 6 months after the job loss), 40 percent of this group
was employed. Though these figures make it clear that workers who fail to find jobs
after six months of unemployment are not very likely to find jobs after another year
of search, that proposition was true in all earlier years as well, including 2003, a year
of somewhat lower overall unemployment than 2013. Our research deals with only
the outflow rate from long-term unemployment. An understanding of the high lev-
els of long-term unemployment following the crisis of 2008 would require a study
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of inflow rates to unemployment, a subject complementary to the subject of this
paper—see and Ahn and Hamilton (2016) and Hall and Schulhofer-Wohl (2017).

Entrants and reentrants to the labor force tend to have lower employment prob-
abilities than other categories of unemployment, apart from long-term unemploy-
ment. Those who lost permanent jobs, either recently or months ago, have quite
low short-span success rates but longer-span rates comparable to other categories
of unemployed job-seekers. Losers of permanent jobs include those often termed
displaced—that is, losers of high-tenure, seemingly secure jobs with high match
surpluses arising from job-specific human capital.

C. Trends in Job-Finding Rates

Table 2 shows that there is generally a downward trend in job-finding rates over the
period we study. Only three of the initial status categories had short-span finding rates
that were higher in 2013 compared to 2003. Long-span finding rates have less down-
ward trend. Only two of the initial status categories had 2013 rates below 90 percent
of their 2003 rates. Earlier we noted that the long-span finding rate gives less weight
to short jobs, so the finding of larger declines in short-span finding rates points in the
direction of a role for a decline in the incidence of short jobs. This paper does not
consider the incidence directly, because we do not study job separations. Davis and
Haltiwanger (2014) called attention to the decline in labor turnover in recent years.

D. The Role of the Span between Initial Observation
and Subsequent Job-Finding Success

shows the mix-adjusted estimated job-finding probabilities for one
important initial status, recently lost permanent job, separately by the span between

initial observation and subsequent employment status. The data are annual averages
of monthly calculations. The horizontal axis gives the date of search, corresponding
to the calendar month of the CPS. Each curve is labeled on the right by the number
of months in the future of the employment status of the respondent—for example,
in 2005, the curve labeled 12 refers to survey responses recorded during 2005 refer-
ring to employment in 2006. The lowest curve is the probability that a person who
lost a permanent job in the past three weeks and has been searching since then, will
be employed one month later. The probability runs around 30 percent. It fell in the
recession of 2001, rose to a peak in 2005, fell again in the Great Recession, and rose
only a bit in the recovery through 2013.

The next curve up is the probability that a person will be reemployed after two
months. The curve is close to parallel with the one-month curve, and only slightly
above the one-month curve. In 2007, the one-month probability was 34 percent
and the two-month probability was 43 percent. If the monthly job-finding rate was
truly 34 percent and if there was no chance of losing a job in the second month that
had been found in the first month, the probability of being employed in the second
month would be 0.34 + (1 — 0.34) x 0.34 = 0.56, far above the actual value of
0.43. The remaining curves in Figure 1 lie even closer to each other, so the property
is even more acute for longer spans. A more refined benchmark recognizes that the
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FIGURE 1. ESTIMATED JOB-FINDING PROBABILITIES FOR LOSERS OF PERMANENT JOBS

average separation rate from jobs in general in the CPS is about 6 percent per month.
With this factor taken into consideration, the probability of being employed in the
second month would be 0.54, still well above the actual value.

Table 3| and| Table 4| summarize the similar results for the 16 initial statuses, for
the year 2007, before the disolcation of the financial crisis and deep recession. The
subsequent employment probabilities are computed separately for each month of the
year and averaged over the 12 months. For each status, the row labeled Actual gives
the percent of people in that status in a given month who were employed in the later
months of the CPS interview schedule. For example, 4.1 percent of those in the do
not want work status in a given month were employed in the following month and
11.9 percent 15 months later. The row labeled Benchmark is the projected percent-
age if the job-finding rate for month 1 applies in all the later months, along with a
monthly probability of 6 percent that any job found ends in a subsequent month and
the worker cycles back to the status named at the left. For all initial cases and all
spans of 2 months or more, the actual employment rate falls short of the benchmark,
often by large amounts. For example, for workers starting in the recently furloughed
status, which has a high one-month job-finding rate of 56.0 percent, the benchmark
would have 90.3 percent back at work 15 months later, but in fact, only 61.6 percent
are back. The separation rates needed to explain the observed employment probabil-
ities are in the range of 50 or even 70 percent per month.

The leading explanation for the shortfall of longer-span job-finding rates from
a benchmark based on average separation probabilities for jobs is that the separa-
tion rate is much higher for new jobs than for jobs in general. The separation rate
needed to rationalize the low observed two-month success rate for job search while
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TABLE 3—SUBSEQUENT EMPLOYMENT PROBABILITIES BY INITIAL STATUS, ACTUAL, AND BENCHMARK, 2007:
OuT oF LABOR FORCE, EMPLOYED, AND RECENTLY UNEMPLOYED

Percent employed as of a later month

Months later

Initial status 1 2 3 12 13 14 15
Out of labor force Actual 4.1 5.6 65 109 112 11.6 119
(0.00 (0.1) (0.1) (0.1) (0.1) (0.2) (0.2)
Benchmark 4.1 79 112 295 306 317 326
‘Want work Actual 147 189 21.0 309 313 318 304
(03) (04) (0.6) (0.7) (0.7) (0.9) (l1.1)
Benchmark 147 263 356 666 675 682 688
Recently laid off Actual 56.0 649 649 622 602 582 616
(1.4)  (1L6) (23) (16) (23) (22) (2.3)
Benchmark 56. 773 854  90. 90.3  90. 90.
Recently lost permanent job Actual 337 429 465 662 625 597 617
(L7)  (21) (27 (22) (25 (3.0 (3.8
Benchmark 337 540 662 847 848 848 848
Temp. job recently ended Actual 42.1 541 491 599 612 662 569
(200 (32) (45 (34) (41) (49 (6.6
Benchmark 42.1 640 753 85 815 815 815
Recently quit a job Actual 403  51.7 581 69.1 641 675 588
(1.9)  (24) (3.6) (25 (2.8 (39 (42
Benchmark 40. 62.0 73.6 8. 87.0  87. 87.
Recently entered labor force Actual 293 288 254 374 419 378 437
(25) (32 (31) (40 (41) (53) (7.6
Benchmark 293 482 605 825 827 828 829
Recently reentered labor force Actual 355 441 437 524 560 565 57.1
(1L.3)  (1.7) (23) (23) (23) (3.1) (3.6
Benchmark 355 562 684 854 8.5 8.5 855

Note: Standard errors are in parentheses.

unemployed is 40 percent per month. Hyatt and Spletzer (2013) provide evidence
from a variety of sources on the high incidence of short-duration jobs, including
quarterly administrative data only recently available for this purpose. There is con-
siderable remaining uncertainty about the monthly separation rate, but rates in the
range of 40 percent per month are not ruled out. Another data source widely used to
measure separation rates is the CPS tenure supplement, which collects data on the
distribution of tenure among workers. The large number of workers with very low
tenure implies high monthly separation rates.

Krueger, Cramer, and Cho (2014) recently documented the shortfall in longer-span
job-finding rates for the unemployed. They studied long-term unemployment. They
concluded, “... the long-term unemployed face difficulty regaining full-time, steady
work over the longest period we can observe in CPS data. It appears that reemploy-
ment does not fully reset the clock for the long-term unemployed.” Our results show
that the same proposition applies to every type of unemployment.

E. Changes in Job-Finding Rates between 2007 and 2010
The financial crisis of 2008 and the ensuing deep recession had profound effects

in the labor market. Job-finding rates fell in all 16 statuses, but the composition of
job-seekers shifted toward those with higher job-finding rates.



16 AMERICAN ECONOMIC JOURNAL: MACROECONOMICS JANUARY 2018

TABLE 4—SUBSEQUENT EMPLOYMENT PROBABILITIES BY INITIAL STATUS, ACTUAL, AND BENCHMARK, 2007:
UNEMPLOYED FOR MONTHS AND LONG-TERM

Percent employed as of a later month

Months later

Initial status 1 2 3 12 13 14 15
On layoff for months Actual 427 513 591 499 545 631 637
(1.6) (2.1) (32) (25) (3.0) (35 (42
Benchmark 427 646 759 877 817 817 817
Lost permanent job months ago Actual 229 316 378 588 589 590 562
0.7) (1.1) (1.5) (1.8) (2.0) (2.1) (2.6
Benchmark 229 392 508 779 783 186 788
Temp. job ended months ago Actual 272 337 374 499 50.7 5.1 448
(1.4) (200 (27) (26) (27) (3.1) (42
Benchmark 27. 45. 57. 81.3 815 8l 81.
Quit a job months ago Actual 274 356 426 654 651 630 658
(1.2)  (1.7) (24) (26) (2.8) (3.0) (3.7
Benchmark 274 456 578 814 816 817 818
Entered LF months ago Actual 17.1 215 280 41.1 449 415 388
(1.4) (21) (26) (3.0) (35 (3.8 (4.7
Benchmark 17.1 303 404 709 716 722 726
Reentered LF months ago Actual 242 318 358 500 51.0 510 489
(0.8) (1.1) (1.6) (1.6) (190 (2.1) (2.6)
Benchmark 242 412 53, 79.1 794 79. 79.
Long-term unemployed Actual 16.0 223 259 358 372 376 347
(0.6) (0.9 (1.3) (1.7) (1.8) (1.9) (2.2
Benchmark 16.0 284 382 690 698 704 709

Note: Standard errors are in parentheses.

From the peak year of 2007 to the severely depressed year of 2010, the average
job-finding rate across the 16 statuses declined from 6.3 percent to 5.8 percent. This
decline of 0.5 percentage points decomposes into a component that decreased the
average by 1.0 percentage points arising from lower job-finding rates in general, and
a component that increased the average by 0.7 percentage points arising from a shift
of the population shares toward those with higher normal job-finding rates. The high
normal rates occur among the unemployed. The residual, a decline of 0.2 percentage
points, arises from interaction effects. The tremendous change in the labor market
between 2007 and 2010 left the total job-finding flow almost unchanged, because
the population shifted into unemployment, with high job-finding rates, enough to
offset the general decline of job-finding rates across all the statuses.

A similar analysis within the unemployment statuses starts from the overall
decline of 12.3 percentage points in the monthly job-finding rate among the unem-
ployed. Of this, 7.4 percentage points arise from declines in the rate within each
status and 5.1 percentage points from a shift of the composition of unemployment
toward statuses—notably loss of permanent job and long-term unemployment—
with low job-finding rates. There is also a residual of 0.2 percentage points offset-
ting these declines, arising from interaction effects. Within the unemployed, the
shifting composition lowered job-finding success and added to the effects of lower
rates for each status.

shows our findings for the changes in all 16 demographically adjusted
job-finding rates from 2007 to 2010. We focus on the shorter-span rates, because
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TABLE 5—COMPARISON OF SHORT-SPAN JOB-FINDING RATES BETWEEN 2007 AND 2010

2007 2010
Percent of Job-finding Contribution  Percent of Job-finding Contribution
population rate to total rate population rate to total rate

Out of labor force 32.2 54 1.74 33.0 4.4 1.47
Want job 1.87 18.2 0.34 2.41 13.8 0.33
Working 63.0 5.0 3.17 58.5 4.4 2.58
Recently laid off 0.20 61.9 0.12 0.23 56.6 0.13
Recently lost permanent job 0.14 41.1 0.06 0.19 30.8 0.06
Temp. job recently ended 0.08 48.4 0.04 0.08 38.8 0.03
Recently quit 0.09 50.0 0.05 0.06 40.5 0.02
Recently entered 0.06 27.8 0.02 0.06 18.5 0.01
Recently reentered 0.19 41.1 0.08 0.15 29.0 0.04
On layoff for months 0.22 51.0 0.11 0.32 46.2 0.15
Lost permanent job months ago  0.46 30.8 0.14 0.99 22.0 0.22
Temp. job ended months ago 0.19 32.8 0.06 0.30 29.7 0.09
Quit months ago 0.20 35.2 0.07 0.19 29.0 0.05
Entered months ago 0.13 22.2 0.03 0.25 14.0 0.03
Reentered months ago 0.49 30.6 0.15 0.65 23.9 0.15
Long-term unemployed 0.52 214 0.11 2.67 14.5 0.39
Total 6.29 5.76

Not unemployed 5.25 4.38

Unemployed 1.03 1.38

we are forced to omit the large job-to-job flows into employment over longer spans
because of the structure of the CPS, as we discussed earlier. Recall that the short-span
rates are averages over spans of one, two, and three months. Notable changes occurred
in the distribution of the population among the 16 statuses: the fraction of the work-
ing-age population who were out of the labor force, wanted a job, and were avail-
able for work (want work but not looking) rose from 1.9 percent to 2.4 percent. The
fraction working fell from 63.0 percent to 58.5 percent. Among the unemployment
statuses, the furloughed fractions rose, the recently quit fraction fell, and the lost per-
manent job fractions rose substantially. By far the largest growth was in the long-term
group, which was half a percent of the population in 2007 and 2.7 percent in 2010.

Job-finding rates, stated as percents of the corresponding population group who
found a job, declined more or less in proportion in all statuses, in accord with the
property of our model that the same index of labor market tightness influences
job-finding rates for all types of job-seekers.

The column headed Contribution to total rate in Table 5 is the product of the
population fraction in the first column and the job-finding rate in the second column.
It gives the part of the total rate, shown at the foot of the column, contributed by
the people in the status corresponding to the line in the table. For example, in 2007,
32 percent of the population was in the status do not want work. The job-finding
rate was 5.4 percent. But this group, despite its low job-finding rate, contributed
1.7 percentage points to the total volume of job-finding, 6.3 percent of the work-
ing-age population each month. Workers, in the third row of the table, had the low-
est job-finding rate, 5.0 percent, but account for almost half of all job-finding. The
subtotals at the bottom of the table show that only 1.0 percentage points of the total
of 6.3 percent of the population who found jobs came from the ranks of the unem-
ployed in 2007.
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A good part of the doubling of the unemployment rate that occurred between
2007 and 2010 is associated with the decline in the job-finding rate; the rest is asso-
ciated with higher flows into unemployment. In this paper, we do not measure flows
into unemployment, so we do not quantify our findings in terms of unemployment
rates. See Hall and Schulhofer-Wohl (2017) for a quantification using the same cat-
egories of unemployment as used here.

IV. Labor Market Tightness and the Elasticities of the Job-Finding Rates
with Respect to Tightness

This section discusses our approach to measuring labor market tightness as the
average duration of vacancies. We develop an estimating equation implied by the
matching function derived in Section I, relating tightness to the job-finding rates from
the previous section. We make the case that true tightness is exogenous in the estimat-
ing equation. We then present and discuss estimates of the elasticities, using employ-
ment as an instrument to account for measurement error in observed tightness.

A. Data on Tightness

We use data from the Job Openings and Labor Turnover Survey (JOLTS) to mea-
sure labor market tightness, 7, which is the average duration of vacancies or the ratio
of the number of vacancies to the flow of hires.| Figure 2|shows the number of job
openings (vacancies) from JOLTS. This series traces the business cycle with high
amplitude—vacancies are high in tight markets around business-cycle peaks and
low in slack markets around troughs.

The flow of hires can in principle be measured from the employment side in
JOLTS or from the worker side in the CPSshows the number of hires from
the two surveys. The CPS and JOLTS figures vary similarly over time—hires track
the business cycle, but with fairly low amplitude. However, the level of hires is sub-
stantially higher in the CPS. The reasons for the discrepancy in levels may include:
JOLTS does not include hires at new establishments or self-employment, as Davis
et al. (2010) discuss, and the CPS may capture more of the hiring into jobs that last
only days or a few weeks.

JOLTS is a survey of employers and is independent of the CPS. We view the two
surveys as covering overlapping but not identical subsets of the US labor market.
We assume that the surveys nonetheless both draw from a single labor market in
the sense that a single factor, 7, indexes tightness throughout the overall US labor
market. Under this assumption, we can calculate T as the ratio of vacancies to hires
when both variables are measured consistently with each other in the same subset of
the overall labor market.

The CPS has no information about vacancies, so it cannot identify tightness.
This fact would remain true if we used the more standard measure of tightness as
the vacancy/job-seeker ratio, usually called . Therefore, to measure tightness, we
take both vacancies V and hires H from JOLTS. Our procedure uses the variable
T = V/H from JOLTS as a measure that describes the CPS labor market as well as
the JOLTS labor market.
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FIGURE 2. NUMBER OF JOB OPENINGS, IN THOUSANDS, FROM JOLTS
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FIGURE 3. NUMBER OF MONTHLY HIRES, IN THOUSANDS, FROM JOLTS AND THE CPS

No information about job-finding rates or matching efficiency is present in
JOLTS. Under our maintained assumption that tightness is the same in the JOLTS
and CPS markets, we can measure all of the objects of interest in this paper. We do
not have data to test this maintained assumption.



20 AMERICAN ECONOMIC JOURNAL: MACROECONOMICS JANUARY 2018

0.9 1

0.8 1

0.7

0.6

0.5

0.4+

0.3 1

0.2 1

0.1

0-0 T T T T T T T T T T T T T
2001 2003 2005 2007 2009 2011 2013

FIGURE 4. AVERAGE DURATION OF VACANCIES, CALCULATED FROM JOLTS

shows the resulting average duration of vacancies, 7. The measures of
vacancies and hires are separately smoothed with annual averages before calculating
T. Because vacancies vary more in proportional terms than do hires, the vacancy/
hires ratio is quite procyclical.
Online Appendix D considers adjustments of the average duration of vacancies
for recruiting intensity.

B. Equation for Estimation of the Elasticities of the Job-Finding Rates
with Respect to Tightness

Our theory of matching with heterogeneous job-seekers expressed in equation (3)
leads to the following equation for the measured log job-finding rate for initial status
i, over a -month span, in month #:

(7) log ﬁ,T,l = FYi,T,t + )i log Tt + Ei,T,l’

where f; ;; is the observed job-finding rate; -, ., contains constants and trends; and
€.+, 18 the detrended matching efficiency of type i at date ¢ over the subsequent span
7, the residual in the equation. The parameter 7; is the elasticity of job-finding with
respect to tightness, 7,. We assume that

(8) Vire = Qi+ 0t + Wit + Y0,
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where d; .7 is a linear trend that operates over the whole sample, w; ;¢ is an addi-
tional trend starting in January 2008, s(z) = 1, ..., 12 is the month of observation
1, and ; ; ;) 18 a seasonal effect.

This model has a separate equation for each {i, 7} pair—there are no cross-
equation restrictions. We can therefore estimate it separately for each initial status i
and span 7. Although this approach is not minimum variance if the disturbances are
correlated across statuses, we find that the correlations across the estimated residu-
als are small. Also, given the large number of estimated coefficients relative to the
number of data points, we do not believe that a generalized least squares estimation
procedure would be appropriate.

We use the estimates of job-finding rates adjusted for the changing characteris-
tics of the population, as discussed earlier, as the left-hand variable of equation (7).
We doubt that combining the two estimation stages would be practical and have no
reason to believe it would affect our conclusions. Our bootstrap standard errors take
both stages into account.

In estimating the equation, we average the three short spans (one, two, and three
months after the conditioning status) to form the job-finding rate for the first span
category, called short, and the four longer spans (12 through 15 months) to form the
second job-finding rate category, called long. We estimate the equation on monthly
observations from January 2001 through December 2013.

C. Simultaneity and Identification

The job-finding rate f and labor market tightness 7' are jointly determined
endogenous variables. Within the broad class of labor market models associated
with Diamond, Mortensen, and Pissarides, the two variables are determined in a
two-equation system:

9) logf = a + nlogT + e,
and
(10) XT = J.

For simplicity, we consider the case of a single type of job-seeker. The second equa-
tion expresses the zero-profit condition—y is the monthly cost of maintaining a
vacancy, so 7 is the expected cost of hiring one new worker, and that amount
equals the payoff J to making a new hire.

A key issue of identification is what happens to tightness 7" if matching efficiency
e changes. From equation (10), tightness can only change when e changes, to the
extent that J changes. Note that J is the present value over the duration of the job of
the difference between the worker’s marginal product and the wage. An increase in e
will presumably raise the job-finding rate, which will lower the unemployment rate,
raise employment, and lower the marginal product of labor. Chodorow-Reich and
Karabarbounis (2016) show that productivity changes carry over to opportunity cost
changes, so there is no effect on the difference between productivity and the wage
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as productivity varies. Thus, we take the effect on T operating through the marginal
product of labor to be zero. The increase in the job-finding rate will raise the value
of the worker’s outside option in the wage bargain—to the extent that the outside
option is influential in the bargain, tightness will fall. But Hall (2017) presents evi-
dence that the outside option has almost no effect on the wage bargain, in a realistic
alternating-offer setting. The influence of the outside option under the conventional
assumption of a Nash wage bargain arises from the unrealistic influence of the irrel-
evant option to discontinue bargaining that is implicit in the Nash bargain setup.

Our assumption that shocks to matching efficiency do not affect our measure of
tightness, 7, implies that the DMP measure of tightness in the labor market rises
with matching efficiency, a standard conclusion in the DMP literature—see online
Appendix A.

In principle, changes in € could induce changes in the discount rate that would
influence T, but we do not believe that these would be important. Hall (2017) shows
that it takes quite large changes in discounts to change tightness materially.

Our overall conclusion is that spontaneous movements in € have essentially full
direct effects on log fand small effects on 7. Having excluded fluctuations in 7' from
certain channels, we need to explain the sources of the high observed volatility of 7.
That is, we need to indicate what causes the job value J to fluctuate. Hall (2017)
shows that large measured fluctuations in financial discounts results in volatility
of J, a financial present value. Another source could be spontaneous volatility of
the opportunity cost of work, which would move the wage relative to the marginal
product of labor and generate movements of J. In the presence of product market
power, J is the present value of the difference between the marginal revenue product
of labor and the wage. Thus, a third source of volatility in 7 could be fluctuations
in markups, which create changes in the marginal revenue product—see Rotemberg
and Woodford (1999).

Online Appendix E presents evidence that our measure of 7 contains an import-
ant component that appears to reflect high-frequency measurement error. In other
words, despite our belief that there is no fundamental feedback from the disturbance
€ to the level of true tightness, there is probably an errors-in-variables problem in
estimation. This finding supports the use of an instrumental variables (two-stage
least squares) estimator. As the instrumental variable, we use the employment
count from the Bureau of Labor Statistics’ Current Employment Statistics payroll
survey, which has a large number of responding firms and correspondingly low
sampling errors. Our identifying hypothesis is that the much larger payroll survey
is free of the short-term noise arising from the sampling error in JOLTS. We form
moving averages of the JOLTS measure of T as the endogenous variable and simi-
lar moving averages of the employment count as the instrument—these are equally
weighted over the current and the future 2 or 14 months for short and long spans,
respectively.

D. Estimates

Our objective is to estimate the parameters 7;, the elasticities of the job-finding
rates of job-seekers with respect to tightness 7, across status i. To help interpret
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TABLE 6—ELASTICITY AND TREND ESTIMATES

Short span Long span
Trend in Trend in
Elasticity  efficiency, Additional trend Elasticity  efficiency, Additional trend
with respect  2001-2013,  in efficiency, with respect  2001-2013,  in efficiency,
to vacancy  percent per 2008-2013, to vacancy  percent per 2008-2013,
Initial status duration year percent per year duration year percent per year
Out of labor force 0.50 —2.54 —1.98 0.60 —2.65 —1.06
(0.04) (0.20) (0.37) (0.05) (0.22) (0.42)
Want job 0.79 —2.46 —2.06 0.76 —2.90 0.70
(0.07) (0.33) (0.61) (0.08) (0.38) (0.70)
Employed 0.35 —2.78 0.19
(0.03) (0.14) (0.28)
Recently laid off 0.21 0.11 —1.22 0.34 —2.09 3.58
(0.07) (0.33) (0.71) (0.11) (0.48) (0.91)
Recently lost permanent job 0.96 —1.05 —2.44 0.77 -3.06 1.50
(0.16) (0.62) (1.32) (0.15) (0.68) (1.25)
Temp. job recently ended 0.47 —0.87 —1.84 0.70 —3.56 2.78
(0.17) (0.71) (1.54) (0.26) (1.07) (2.00)
Recently quit a job 0.48 —0.51 —3.58 0.47 —2.24 2.18
(0.19) (0.67) (1.41) (0.25) (0.95) (1.82)
Recently entered LF 0.77 —3.06 —4.86 0.13 —0.25 —0.54
(0.40) (1.76) (3.38) (0.58) (2.39) (4.25)
Recently reentered LF 0.76 —2.46 -1.97 0.65 —1.59 —0.69
(0.14) (0.61) (1.22) (0.18) (0.70) (1.36)
On layoff for months 0.50 —0.54 —1.20 0.38 —2.29 2.82
(0.10) (0.55) (1.14) (0.15) (0.55) (1.23)
Lost permanent job months ago 1.21 —2.16 —2.12 0.93 —4.57 3.50
(0.11) (0.50) (1.15) (0.12) (0.44) (0.84)
Temp. job ended months ago 0.75 —1.64 —1.48 0.46 —3.06 2.89
(0.16) (0.71) (1.43) (0.19) (0.85) (1.68)
Quit a job months ago 0.83 —2.56 —0.42 0.98 —2.24 —1.35
(0.17) (0.68) (1.45) (0.20) (0.83) (1.51)
Entered LF months ago 1.24 —3.37 —3.24 0.78 -2.30 245
(0.24) (1.41) (2.53) (0.28) (1.68) (2.84)
Reentered LF months ago 0.83 —245 —1.83 0.69 —243 —0.11
(0.11) (0.47) (1.01) (0.12) (0.45) (0.94)
Long-term unemployed 1.23 —3.89 —2.19 0.51 =375 3.55
(0.11) (0.64) (1.12) (0.12) (0.65) (1.25)

Note: Standard errors are in parentheses.

the estimated elasticities, recall that, in the case of a single type of job-seeker, the
elasticity of the matching function is /(1 + 7). For example, an estimate of = 1
corresponds, in this sense, to a matching elasticity of 0.5.

shows estimates of the elasticities based on equation (7), using data for the
JOLTS period, 2001 through 2013. The left panel refers to short spans and the right
panel to long spans. In each panel, the left column is the estimated elasticity, with
standard error below. The middle column shows the trend for the entire period since
2001, in percent per year. The right column shows the extra trend starting in 2008.

All of the elasticities of the job-finding rate with respect to tightness are posi-
tive and most have small bootstrap standard errors. The elasticities have substantial
heterogeneity—the evidence against equal elasticities (the case of a Cobb-Douglas
overall matching function) is quite strong. For both short and long spans, the recently
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lost permanent job and lost permanent job months ago initial statuses have high
elasticities of job-finding with respect to tightness.

The composition of job-seekers changes in recessions for two reasons. First, the
mix of reasons why people leave jobs can change. Second, our method reveals a
dynamic effect that occurs because recessions do not affect all job-seekers equally.
We find that job-finding rates are much more responsive to labor market tightness
for some categories of job-seekers, such as losers of permanent jobs, than for other
categories, such as people who were recently laid off. When a recession hits and
tightness falls, the categories with higher elasticities experience larger reductions
in job-finding rates. As a result, these categories grow to make up a larger share of
the pool of job-seekers. We show that accounting for these compositional changes is
fundamental to proper measurement of matching efficiency.

Without the sole exception of the short-span rate for the recently laid off cate-
gory, job-finding rates adjusted for changes in labor market tightness trended down-
ward over the period from 2001 through 2007. The downward trend is particularly
steep for the long-term unemployed (more than six months). The downward trend
in short-span matching efficiencies generally declined faster in 2008 and later. On
the other hand, in the majority of the initial-status categories, the earlier downward
trend in efficiency for long spans reversed partially or even fully in the period start-
ing in 2008. There is little support for the hypothesis that matching efficiency fell
after the financial crisis and the following long period of turmoil.

The average across the short-span elasticities is 0.527, with bootstrap standard
error 0.060. The corresponding elasticity of the matching function with respect to
vacancies, if all the elasticities had this value, from equation (5), is 0.345, and the
elasticity with respect to equal proportional increases in all statuses, is one minus
this amount, 0.655. Both have bootstrap standard errors of 0.026. For the short-span
equations, the matching elasticity estimate is in line with the estimates surveyed in
Petrongolo and Pissarides (2001). We are not aware of any previous research on the
longer-span matching-function elasticity.

V. Matching Efficiency

We use the residuals and estimated trends from equation (7) to compute indexes
of matching efficiency. The residuals

(11) Cirr = 1ng;',7',t - [ai,r + 61',71 + wi,7t+ + wi,T,s(t) + i 10g Tt]’

measure the detrended matching efficiency of type i over span 7, or, equivalently, the
deviation of the observed job-finding rate from its status- and span-specific constant
level and trend, adjusted for changes in labor market tightness. We can also measure
the trend in matching efficiency by adding back our estimates of J; .7 + w; ;17 to
the residuals. The residuals also include measurement error in job-finding rates, but
such measurement errors should average to zero over time. In particular, our presen-
tation of the results focuses mainly on annual averages, so much of the measurement
error should average out over the course of each year.
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FIGURE 5. DETRENDED MATCHING EFFICIENCY FOR NINE STATUSES
(Short spans in light gray and long spans in dark gray)

A. Indexes of Matching Efficiency Calculated from Our Estimates

We calculate indexes of matching efficiency for each of the 16 initial labor market
statuses over short spans, and for all initial statuses except employment over long
spans. Because we hold the distribution of individuals’ characteristics constant in
calculating the job-finding rates on the left-hand side of equation (7), the move-
ments in these indexes are insulated from changes in the distribution of characteris-
tics.|Figure 5/shows the resulting detrended indexes for nine of the more important
statuses. These are the exponentials of the values described in equation (11) and are
indexes normalized to one in 2001. The trends are shown in Table 6 and allow for
different trends, generally downward, in matching efficiency in the precrisis period
2001 through 2007 and in the following period, 2008 through 2013.

The overall impression from the nine categories shown in Figure 5, and confirmed
for the remaining seven categories not shown, is that movements in matching effi-
ciency around its downward trend since 2001 are generally small and unsystematic.
To put it differently, the tightness measure is able to take account of changes in the
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labor market when estimation occurs over the relatively mild recession of 2001 and
the deep recession that started at the end of 2007, after adjustment for the two-part
trend in our setup. We noted earlier that the correlation across the 16 categories
of the residual—the measure of matching efficiency—is essentially zero. The only
respect in which our estimation procedure lowers the correlations is the common set
of right-hand variables in the equations: log tightness, seasonal effects, and the two-
part trend. The absence of a non-trend, nonseasonal, non-tightness common element
in the residuals is evidence in favor of our specification.

The pattern of annual matching efficiency for the initial status lost permanent
job months ago is representative in terms of its movement over time, and more
precisely estimated because large numbers of job-seekers fell into this category. For
both short and long spans, Table 6 shows downward trends in 2001 through 2007,
and almost no trend in 2008 through 2013. Both measures of detrended efficiency
rose during the recovery from the 2001 recession, and fell as the economy reached
its peak in 2007. After 2008, long-span efficiency remain constant, while short-span
efficiency rose at the end of our sample period.

In the closely watched category long-term unemployed, where the estimated trend
over 2008 through 2013 was also close to zero, the short- and long-span indexes
move generally together, rising in the recovery following the 2001 recession, falling
from 2004 to the peak in 2007, flattening during the recession, then growing at the
ver.
Figure 6/ shows the indexes without subtraction of the trend terms in equation (7).
The scale is compressed relative to the detrended indexes in Figure 5 to accommo-
date the trends. Notice that the trends are downward over time for all of the initial
statuses shown, corresponding to the ratios of 2013 job-finding rates to 2003 rates in
Table 2 that are almost all below one. In most of the categories, the downward trend
in efficiency after 2008 is less than in the earlier period, for the long-span measure.
In particular, despite the huge increase in unemployment after 2007, there is little
sign of any corresaondin% movement of matching efficiency.

The left side of|Figure 7|shows indexes of weighted average matching efficiency
including removal of trends. The indexes use weights calculated as the shares of the
components in the population in the three years preceding the crisis, 2005 through
2007. Because the job-finding rates underlying the indexes hold constant the distri-
bution of worker characteristics conditional on labor market status, the aggregate
indexes hold constant the joint distribution of worker characteristics and labor mar-
ket status. The movements in matching efficiency measured by the aggregate index
result from changes in the efficiency of particular types of workers, not in the distri-
bution of job-seekers among the initial statuses. The index for short spans includes
job-to-job movers, while the one for long spans includes only the unemployed and
people not in the labor force. Long-span efficiency moves much the same way as
short-span. Both are quite smooth—adding over the 16 categories smooths away
most of the volatility shown in Figures 5 and 6. The right side of Figure 7 shows the
same data without adjustment for trend.

Online Appendix C discusses three alternative specifications in terms of their
implications for the indexes of overall matching efficiency. The first is the same
as our baseline specification except that no demographic effects are swept out in a
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FIGURE 6. MATCHING EFFICIENCY FOR NINE STATUSES, INCLUDING TREND
(Short spans in light gray and long spans in dark gray)

preliminary estimation. The second is similar to the base except that the elasticity of
the job-finding rate with respect to tightness is constrained to be the same for every
initial status group. The third is the same as the base specification, but uses only
data for 2001 through 2007, the years prior to the crisis. Our basic conclusion holds
in all three alternatives that proper accounting for heterogeneity among job-seekers
results in an index of matching efficiency that follows a smooth trend with no special
movement in the years after the crisis in 2008. We also constructed Divisia-style
indexes with time-varying weights. The difference between these indexes and our
fixed-weight indexes was tiny.

B. Measuring Matching Efficiency When There Is Only One Type of Job-Seeker

Suppose that there is only one type of job-seeker, an unemployed person, without
regard to the type of unemployment. We explore this approach because much of the
literature on the matching function takes the count of unemployed job-seekers as the
single job-seeking input to the function.
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The relation among the job-finding rate f;, matching efficiency, ,, and tightness,
T, 1s

(12) logf, = log~, + nlogT,.

The job-finding rate is the ratio of hires out of unemployment, HY, to the number of
unemployed people, U,. Thus, single-type matching efficiency is

HY/U,
(13) 5 = 2Ll
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FIGURE 8. COMPARISON OF THIS PAPER’S MEASURE OF MATCHING EFFICIENCY TO A NAIVE MEASURE

To appraise this measure, we take H' from the BLS’s annual series on flows from
unemployment to employment in the CPS. We use an elasticity of n = 0.74—the
average of the estimates of the elasticity in Table 6 ompares our measure
of matching efficiency to the measure that uses unemployment as the sole measure
of job-seeking volume.The results show that the approach using only total unem-
ployment is misleading relative to one that includes all types of job-seekers and
that recognizes heterogeneity among the types. The single-type equation finds large
movements in -, that arise from changes in the composition of the unemployed and
not from shifts in matching efficiency for individual types.

The single-type measure considerably overstates the decline in matching effi-
ciency between 2007 and 2010, the period when unemployment doubled. It infers
a substantial decline in efficiency from its measure of the job-finding rate, H"/U..
But this measure overstates the decline in the rate because its denominator does not
take account of the shift of the composition of unemployment toward those with low
job-finding rates. The denominator overstates the rise in effective jobseeking among
the unemployed by treating them as homogeneous. In addition, the single-type mea-
sure does not consider jobseeking success among the large number of job-seekers
who are not counted as unemployed. These biases drove the ratio down and created
the illusion of a major decline in matching efficiency, when, by our mix-adjusted
comprehensive measure, almost no decline occurred relative to the normal down-
ward trend. The same distortion operated in the recession of 2001 and its aftermath,
though not nearly as dramatically.
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VI. Related Research

Mismatch has been an important topic of research related to this paper. Barnichon
and Figura (2015) incorporate an explicit term in their equation for mismatch,
resulting from the curvature of the matching function. Because the term makes little
contribution, and for the reasons laid out in online Appendix E, we do not include
that term, though we agree that mismatch is a phenomenon of the labor market that
is quantitatively important in other contexts. Sahin et al. (2014) measures mismatch
as the deviation of actual unemployment from the planner’s allocation of search-
ers to markets. They find that mismatch across industries and occupations accounts
for somewhat under 20 percent of the increase in unemployment during the Great
Recession, while geographic mismatch is insignificant. Their findings support the
hypothesis that the dominant source of movements in tightness is an aggregate influ-
ence acting on all sectors.

A large literature, surveyed recently in Elsby, Michaels, and Ratner (2015), builds
models of search intensity. Variation in intensity is potentially an important determi-
nant of what we measure. We do not break down matching efficiency into compo-
nents of search effort and job-finding success per unit of search effort, because we
do not measure search effort directly; absent direct measures of search effort, as in
Krueger and Mueller (2011), we cannot break the two factors apart. (See Hornstein
and Kudlyak 2016 for a setup where endogenous search effort is inferred indirectly. )
Because we use job-finding rates that hold demographics constant, our approach to
estimation does make adjustments for differences in search effort associated with
observed demographics. Still, it should be kept in mind that a decline in our mea-
sure of efficiency may arise from a decline in the search propensity of a type rather
than a decline in the efficiency of the search of those choosing to search. We also do
not consider the distinction between a contact of a job-seeker and employer and the
creation of a job match. The probability that a contact results in a hire is one of the
factors determining the job-finding rates that we measure.

We treat vacancies as homogeneous in our base specication. In principle, vacan-
cies should be disaggregated to recognize their heterogeneity and likely variations
in recruiting intensity. Davis, Faberman, and Haltiwanger (2013) and Gavazza,
Mongey, and Violante (2016) are important recent studies of that heterogeneity. In
online Appendix D, we show that incorporation of recruiting intensity as modeled in
those papers has essentially no effect on our conclusions, though it has some effect
on the trend rate of decline in efficiency.

Many discussions of the matching process in the labor market are organized
around the Beveridge curve, which portrays movements of unemployment and job
vacancies. Shifts in matching efficiency are one source of instability in the Beveridge
curve. Changes in the inflow rate to unemployment are another. The large changes
in the composition of unemployment over the business cycle are major sources of
shifts. This paper focuses only on matching efficiency and not on other shifters
of the curve, so we do not try to express our findings in terms of the Beveridge
curve. Our finding of stability of matching efficiency at the level of different types
of job-seekers is consistent with large shifts in the curve arising from those other
sources. Because the Beveridge curve concerns unemployment and not the other
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important sources of job-finding, the Beveridge-curve framework does not provide
a comprehensive view of flows into employment.
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