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Labor Market Heterogeneity
and the Aggregate Matching Function†
By Regis Barnichon and Andrew Figura*
We estimate an aggregate matching function and find that the regression residual, which captures movements in matching efficiency,
displays procyclical fluctuations and a dramatic decline after 2007.
Using a matching function framework that explicitly takes into
account worker heterogeneity as well as market segmentation, we
show that matching efficiency movements can be the result of variations in the degree of heterogeneity in the labor market. Matching
efficiency declines substantially when, as in the Great Recession, the
average characteristics of the unemployed deteriorate substantially,
or when dispersion in labor market conditions—the extent to which
some labor markets fare worse than others—increases markedly.
(JEL E24, E32, J41, J42)

T

he search and matching model (Mortensen and Pissarides 1994) has become
the canonical framework to introduce equilibrium unemployment in macroeconomic models. One of its building blocks is the aggregate matching function that
relates the flow of new hires to the stocks of vacancies and unemployment. Like the
aggregate production function, the matching function is a convenient device that
“partially captures a complex reality […] with workers looking for the right job and
firms looking for the right worker” (Blanchard and Diamond 1989).
An important feature of the labor market is its matching efficiency, i.e., the market’s ability to match unemployed workers to jobs. However, in a standard specification of the matching function, matching efficiency is akin to a Solow residual; a
parameter that adjusts to capture any hiring behavior that cannot be explained by the
observed levels of unemployment and vacancy posting. We estimate such a matching
function over 1967–2012, and we find that the regression residual, or movements in
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matching efficiency, displays nontrivial procyclical fluctuations. In particular, over
2008–2012, matching efficiency experienced an unprecedented decline that lowered
the aggregate job finding rate by 30 percent.
In this paper, we aim to better understand fluctuations in matching efficiency.
To do so, we take a “look into the [matching function] black-box” (Petrongolo and
Pissarides 2001), and we construct an aggregate matching function that explicitly
incorporates (i) heterogeneity across workers and (ii) labor market segmentation.
We incorporate worker heterogeneity by allowing for different levels of search efficiency across workers, i.e., we allow for the possibility that some individuals have
a higher propensity to form a match than others. We incorporate labor market segmentation by allowing the labor market to be segmented in submarkets, where each
submarket is described by a matching technology. This setup captures the idea that
because of geographic distance, skill mismatch, or degree requirements, a worker
can only match with the vacancies opened in his submarket.
In this framework, matching efficiency is not a residual. Instead, matching efficiency is a function of worker and submarket heterogeneity, and matching efficiency
moves over the cycle because of variations in the average characteristics of the labor
market. We highlight the role of two effects. The first one is a composition effect,
due to the fact that the average search efficiency of the unemployment pool can vary.
For instance, if composition changes, and a group with a lower than average search
efficiency becomes more represented among the unemployed, matching efficiency
will decline. The second effect is a dispersion effect, in which dispersion in labor
market conditions, the fact that tight submarkets coexist with slack ones, drives
down matching efficiency because of the concavity of the matching function.1 When
the degree of heterogeneity across workers and labor markets is constant, the two
effects are constant and matching efficiency is constant.
Estimating our framework requires data on worker characteristics as well as labor
market characteristics, in particular, local labor market conditions. We use matched
CPS micro data over 1976–2012 to control for worker characteristics. Controlling
for local labor market conditions (i.e., labor market tightness at the segment level)
is difficult because highly disaggregated vacancy data start being available only in
2006, just one year before matching efficiency began its unprecedented decline.
To address this data limitation, we propose a two–stage estimation procedure that
overcomes the need for job openings data before 2006. The method combines CPS
micro data over 1976–2012 with Conference Board online help wanted ads data
available since 2006.
We find that our aggregate matching function does a very good job at capturing
movements in the aggregate job finding rate over 1976–2012, including the post2007 period, and we conclude that explicitly allowing for heterogeneity across
workers and labor markets is important to understand labor market fluctuations.
Aggregate matching efficiency is procyclical because both the composition effect
and the dispersion effect are procyclical. First, in recessions, dispersion in labor
1
The effect of labor misallocation on matching efficiency in the context of the matching function is similar to
the effect of capital misallocation on aggregate TFP in the context of the production function and emphasized in
recent studies (e.g., Hsieh and Klenow 2009).
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market tightness across segments rises—some segments fare much worse than
others—and aggregate matching efficiency declines.2 Second, in recessions, composition changes and the average quality, or employability, of the unemployment
pool worsens leading to a decline in matching efficiency. The two key individual
characteristics responsible for the composition effect are reason of unemployment
(e.g., job loser versus job leaver)—likely capturing unobserved heterogeneity across
workers—and unemployment duration—capturing unobserved heterogeneity across
workers and/or the fact that workers’ employability declines with the length of the
unemployment spell (Kaitz 1970). In recessions, the share of long-term unemployed
and the share of job losers go up, leading to a decline in aggregate matching efficiency. Since 2007, both dispersion and composition—in particular, a large increase
in the share of long-term unemployed—have driven down aggregate matching efficiency to exceptionally low levels.
While there is a large literature studying the aggregate matching function,3 this
paper is the first to propose, and estimate with micro data, a framework in which
labor market segmentation and heterogeneity across workers and jobs affect aggregate matching efficiency. Our matching function framework encompasses two separate strands of the literature. The first strand, related to our composition effect, has
studied the individual determinants of unemployment duration, although without
specific concern for the underlying matching technology.4 More recently, Hall and
Schulhofer-Wohl (2013) extend our analysis of the composition effect to on-the-job
and out-of-the-labor-force jobseekers.5 The second strand, related to our dispersion effect, has focused on measuring the extent of mismatch in the labor market.6
Recently, Herz and van Rens (2011) propose an approach to disentangle various
potential sources of mismatch, and Şahin et al. (2014) construct mismatch indices
based on a theoretical model of mismatch. Şahin et al.’s mismatch measure and
our dispersion measure are related, both relying ultimately on the concavity of the
matching function.
The next section estimates a standard matching function. Section II presents the
empirical framework underlying our aggregate matching function. Section III uses
micro data to estimate that framework. Section IV presents the results. Section V
interprets the movements in matching efficiency over time and Section VI concludes.
2
Different mechanisms could explain the procyclicality of dispersion. For instance, changes in the location or
nature of jobs can lead to more misallocation of jobs and workers in recessions and, hence, to a higher level of dispersion. Alternatively, different cyclical sensitivities to aggregate shocks across labor markets could also generate
procyclical dispersion (Abraham and Katz 1986).
3
See, e.g., Pissarides (1986); Blanchard and Diamond (1989); Bleakley and Fuhrer (1997); the review of
Petrongolo and Pissarides (2001); Davis, Faberman, and Haltiwanger (2010); and Borowczyk-Martins, Jolivet, and
Postel-Vinay (2012). Since the first draft of this paper, a number of papers have studied the behavior of the matching
function during the last recession. See, e.g., Barlevy (2011); Veracierto (2011); Barnichon et al. (2012); Hobijn
(2012); Ghayad and Dickens (2012); and Sedláček (2012).
4
See Devine and Kiefer (1991) and Baker (1992). Lindeboom, van Ours, and Renes (1994) and Petrongolo
(2001) are two noteworthy exceptions (although with a different focus) that exploit the link between a matching
function and workers’ job finding to estimate matching functions from micro data.
5
Two recent papers have also emphasized the importance of variations in the composition of the unemployment
pool over the cycle. Mueller (2012) shows that in recessions the pool of unemployed shifts toward workers with
high wages in their previous job. Kroft et al. (2013) investigate whether composition can explain the high level of
long-term unemployment since the Great Recession.
6
See Padoa Schioppa (1991) and Layard, Nickell, and Jackman (2005).
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I. The Aggregate Matching Function

The matching function relates the flow of new hires to the stocks of vacancies
and unemployment. In a continuous time framework, the flow of hires is typically
modeled with a Cobb-Douglas matching function with constant returns to scale, and
we can write
  
(1)	
mt  = μt U tσ   V  t1−σ
with m
 t , the number of new hires at instant t  ; U  t , the number of unemployed; V  t  , the
number of vacancies; and μ
 tdenoting matching efficiency.7
Since the job finding rate f  tis the ratio of new hires to the stock of unemployed,
mt
 , so that
we have f  t  =  __
U  
t


(2)	
f  t  = μt θ  1−σ
t 

V
 the aggregate labor market tightness, and we can estimate the matching
with θ = __
  U
function in the log-linear form with

(3)	ln  f  t  = (1 − σ) ln  θt  + εt  .
We measure the job finding rate f  tfrom unemployment-employment transitions
from the Current Population Survey (CPS) over the period 1976–2012 and from
the worker flows data tabulated by Joe Ritter for the period 1968–1975. We use the
composite help wanted index presented in Barnichon (2010) as a proxy for vacancy
posting. We use nondetrended quarterly data and estimate (3) over 1968–2007.
Table 1presents the results. Using OLS, the elasticity is estimated at 0.33. Using
lagged values of v tand u tas instruments gives similar results, and the elasticity is
little changed at 0 .34.8
Figure 1 plots the empirical job finding rate, its fitted value, and the regression
residual εt , which captures movements in matching efficiency. While aggregate
labor market tightness does a good job at capturing movements in the aggregate job
finding rate up until 2007, the residual shows a spectacular decline after 2007, and
as of late 2012, the observed value of the job finding rate is 30 percent lower than
implied by the level of the vacancy-unemployment ratio alone.9 In other words,
matching efficiency has dropped markedly since 2007.
Interestingly, even before 2007, the matching function residual displays a puzzling cyclical pattern; increasing in the later stages of expansions, peaking in the
late stages of recessions or the early stages of recoveries, and declining thereafter.
7
The Cobb-Douglas matching function is used in almost all macroeconomic models with search and search and
matching frictions (e.g., Pissarides 2000). Allowing for nonconstant returns to scale or using a more general CES
matching function m
 t  = μ[σU tρ    + (1 − σ)V  tρ  ]  1/ρgives very similar results.
8
As argued by Borowczyk-Martins, Jolivet, and Postel-Vinay (2012), OLS may suffer from an endogeneity bias
because of agents’ endogenous behavior.
9
Elsby, Hobijn, and Şahin (2010) report a similar finding using the unemployment outflow rate, and Davis,
Faberman, and Haltiwanger (2010) also report a dramatic decline in the vacancy yield using JOLTS data.
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Table 1—Estimates of the Matching Function Elasticity
Dependent variable
Sample (quarterly frequency)
Regression
Estimation
1− σ

f  t

f  t

Fj  it

Fj  it

1968–2007

1968–2007

1976–2007

2006–2012

(1)
OLS

(2)
GMM

(3)
BF

(4)
MLE

0.33***
(0.01)

R 2, 1976–2012

0.34***
(0.01)

0.78

0.18***
(0.02)

—

0.21***
(0.02)

0.88

—

Notes: Standard errors are reported in parentheses. Regressions 1 and 2 are the aggregate regressions of (log) f on
(log) tightness as described in Section II. In regression 2, we use three lags of v and u as instruments. Regression 3
is the two-stage procedure (labeled BF) described in the main text. Regression 4 estimates all model parameters in
one stage with MLE using HWOL vacancy data available over 2006–2012.
*** Significant at the 1 percent level.
** Significant at the 5 percent level.
  * Significant at the 10 percent level.
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Figure 1. Empirical Job Finding Rate
Notes: Job finding rate predicted by an aggregate matching function estimated over 1968–2007 and (log) residual,
the (log) difference between the empirical and the predicted job finding rate, over 1968–2012. The plotted series
are the four-quarter moving averages. Grey bars indicate National Bureau of Economic Research (NBER) recession dates.
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II. A Matching Function Framework with Labor Market Heterogeneities

In this section, we construct an aggregate matching function that explicitly incorporates labor market heterogeneities across workers and labor markets. We then
show how, in this framework, aggregate matching efficiency moves over the cycle
because of variations in the average characteristics of the labor market.
A. An Aggregate Matching Function
We first show how an aggregate matching function can arise out of the aggregation of segmented labor markets populated by heterogeneous workers.
There are Ilabor market segments and Jworker types. The labor market segment i ∈ {1,  .  . , I  }of individual type j ∈ 
{1,  .  . , J  }is the labor market in which
individual jcan look for work and find a job. Each labor market segment ihas a
matching technology that depends on V 
 it , the number of job openings in segment
i  ; Ui  t , the number of unemployed in segment i ; and μi  , the constant matching efficiency of segment i. Heterogeneity in matching efficiency captures the idea that
some occupations or locations have a higher rate of matching than others.10 The
matching technology in each segment is described by a CRS Cobb-Douglas matching function.11
Each worker type jin segment iis characterized by his search efficiency s jit  ,
which depends on characteristics that make him more or less likely to form a match.
We do not take a stand on the mechanism behind the different search efficiencies,
but simply allow for the presence of heterogeneity in that dimension. Without loss
of generality, we normalize average search efficiency to 1 by appropriately rescaling
the μi   s (the matching efficiency levels of the segments).
The number of new hires in segment iat time t  , mit , is thus given by
 sit Ui  t)   σ,
(4)	
mit  = μi V  i1−σ
t  (

with s it , the average search efficiency in segment i , given by

J U  
jit
(5)	
sit   ≡   ∑  ___  s jit  ,
j=1 Ui  t

with U  jit , the number of unemployed workers of type j in segment i at time t , so that
U it  = ∑ j    U  jit  .

10
For instance, hiring for high-skill occupations may be more time consuming than hiring for low-skill occupations. As a result, low-skill occupations may display a higher number of new matches per unit of time (for a given
number of job seekers and job openings), i.e., a higher matching efficiency.
11
While we relax the standard matching function apparatus by considering a segmented labor market, we still
make a number of simplifying assumptions. The matching function elasticity σ
 is constant across segments, and
matching efficiency μi is constant across time in each segment. These two assumptions are common in the mismatch
literature (Jackman and Roper 1987, Padoa Schioppa 1991, Şahin et al. 2014).
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The total number of matches in the economy, mt  ≡ ∑i=1 mit  , is then given by an
aggregate matching function
I

   U tσ  ,
(6)	
mt  = μt V  t1−σ
with aggregate matching efficiency given by
I
U  
θ 
(7)	
μt  =  ∑  __it  μi s itσ   __
  it   
(
U

 

θt  )
t
i=1

1−σ

,

with Vt    ≡ ∑i=1 Vi  t and Ut    ≡ ∑i=1 Ui  t  the total number of vacancies and
I

I

V  

it
unemployed in the economy, θit  ≡  __
 the labor market tightness in segment i, and
 i  t
U
Vt  
__
θt  ≡   U    the aggregate labor market tightness.
t

Expression (7) generalizes the standard matching function by explicitly allowing
(i) for worker heterogeneity and (ii) segmentation in the labor market. Thanks to
(7), we can link movements in aggregate matching efficiency to observable characteristics of the labor market, and movements in aggregate matching efficiency μ
 t can
be decomposed into a composition effect and a dispersion effect.
B. A Decomposition of Aggregate Matching Efficiency
With some manipulation of (7) left for the Appendix, the aggregate job finding
mt
   can be approximated as
rate f  t  =  __
U  
t

(8)	
ln  f  t  = ln  μt   + (1 − σ) ln  θt

(9)

σ(1 − σ)
θ 
_______
__
with μt   ≃ μ0 1 +  μ  st  + μ  m
  
  it   
  
var  
t    −  
( θt  )
2
Composition
⏟ )
(
Dispersion

to a second-order in the degree of heterogeneity across worker characteristics and
across labor market tightnesses, with μ0 the average matching efficiency level across
segments.
This decomposition of the aggregate job finding rate highlights how, with worker
heterogeneity and concavity in the matching technology, changes in composition
and dispersion can lead to movements in aggregate matching efficiency μt . For
small variations in the degree of labor market heterogeneity, the terms on the righthand side of (9) move little, and we have μt   ≃ μ  ,12 and the aggregate matching

12

σ(1 − σ)
θ 
______
We have μ
 = μ0  E 1 + μ  st  + μ  m
   Var __
  it   . 
t    −  
(θ
(
2
 t ))
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function—mt  = μt V  t1−σ
   U tσ  —can be approximated by a matching function with
  U tσ  .
constant matching efficiency—mt  = μV  t1−σ
Looking into the components of (9), the first term in (9) captures the aggregate
absent worker heterogeneity and absent dispersion in labor
job finding rate μ0 θ  1−σ
t 
market tightness across segments.
The second term in (9), μ
   st  + μ  m
t   , describes the composition effect coming from:
•

Ujit
 

___    − 1)capturing the effect of changes in the compoμ  st   = σ ∑i,   
j U  (sjit
t

sition of the unemployment pool. For instance, if the share of a group
(e.g., long-term unemployed) with a lower than average job finding
probability increases in recessions, then the average job finding probability will decline without any change in individuals’ job finding
probabilities.
•

U  μ 

it __i
∑i     __
       − 1)capturing the effect of changes in the distribution
   m
μ
t   = 
Ut ( μ0 
of the unemployed across segments with different average matching efficiency. For instance, if a higher fraction of the unemployed becomes concentrated in a segment with higher matching efficiency, the average job
finding probability will increase even if the aggregate numbers of vacancy
and unemployed remain constant.

The third term in (9) captures the effect of dispersion in labor market conditions on aggregate matching efficiency. Intuitively, dispersion in labor market tightness across segments negatively affects the average job finding rate because the
mit
 is a concave function of labor market tightsegment-level job finding rate fit  =  __
Uit
 it  = μi Vi  1−σ
 sit Ui  t)   σis a concave function
ness θit (because the matching function m
t  (
of Ui  t and Vi  t). As a result, if some segments (such as health care) display a relatively
tight labor market and some segments (such as manufacturing) display a slack labor
market, the average job finding probability will be lower than in an economy where
labor market tightness is identical across segments.
C. Discussion of Empirical Framework
Before bringing our aggregate matching function to the data, we briefly discuss
the economic rational behind our setup. Our accounting framework rests on two
premises: (i) workers differ in their search efficiency, and (ii) the labor market is
segmented and the matching process in each segment is described by a matching
function.
Starting with search efficiency, two mechanisms could generate variations
in search efficiency across workers. First, the intensity with which an individual
searches for a job influences the probability of receiving a job offer. Search intensity can vary across workers because of worker heterogeneity in the disutility cost
of search or in the utility of market production relative to home production (e.g.,
Pissarides 2000, chapter 5). Second, conditional on a worker meeting a firm, a
match may or may not be viable depending on the worker’s reservation wage. As
with search intensity, with worker heterogeneity in the disutility cost of search or in

230

American Economic Journal: macroeconomics

october 2015

the net utility of market work, the reservation wage will vary across workers, and
this can generate variation in matching rate across workers.13
Turning to the segmentation of the labor market, we follow the mismatch literature (Jackman and Roper 1987; Padoa Schioppa 1991, and more recently Şahin et al.
2014) and do not impose the existence of a unified labor market, but instead allow
the labor market to be segmented into (i) distinct and (ii) frictional submarkets.
Within each segment, the labor market is frictional, and the matching process is
governed by a matching function with constant matching efficiency. Underlying this
assumption lies the existence of coordination frictions (as captured for instance by
a simple urn-ball matching process (Butters 1977) that affect the matching rate of
job seekers and vacancies.
The segments are distinct, and we rule out that workers or firms spread out their
search effort over several segments. Underlying this assumption lies the existence of
large costs of moving and searching for jobs across submarkets, either across large
geographic distances or across different occupation or industry groups. Naturally,
the validity of this assumption depends on the size of a labor market segment, a topic
to which we will return in the empirical section.
III. Estimation Procedure

In this section, we present our approach to bring our aggregate matching function
to the data.
To map the continuous time aggregate matching function to the data, we consider
a continuous time environment in which data are available only at discrete dates.
For t ∈ {0, 1, 2 .  .  . } , we refer to the interval [t, t + 1[as ‘period t .’ We assume that
during period t , the instantaneous flow of new matches in island iis constant and
given by mit   . Given the matching technology (4), the job finding rate of an individual type jin segment iis constant during period tand satisfies
s  jit
	f  jit  =  ____  mit
sit U  it
s  jit σ 1−σ
= μi  __
s   s 
 it   θ  it  ,
it

and the job finding probability over period tis given by
s  jit σ 1−σ
___

 it   θ  it    .
(10)	F jit  = 1 − e  −μi    sit  s 

To estimate (10), we use matched monthly data from the Current Population
Survey (CPS) covering January 1976 to December 2007 to measure
13
Alternatively, one could also think of a stochastic job matching model (e.g., Pissarides 2000, chapter 6) in
which the output of a match involving a worker of type jis drawn from a distribution Γj . Heterogeneity across
workers in the distribution Γj will generate heterogeneity in matching rates, i.e., in search efficiency.
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unemployment-to-employment transitions (Nekarda 2009) and to control for worker
characteristics.A major data limitation is the absence of data on job openings, and hence
labor market tightness, at the segment level over a long time sample.14 In particular,
the Help Wanted OnLine (HWOL) dataset provided by the Conference Board provides information on the number of job openings by geographic location, occupation
and/or industry at a very disaggregated level, allowing researchers to measure
labor market tightness at a high level of disaggregation (as recently used by Şahin
et al. 2014). However, the sample period covered by HWOL starts only in 2006
and covers precisely the period in which matching efficiency displayed an unprecedented decline. Since our intention is to see how far taking labor market heterogeneities into account can go in accounting for the movements in the aggregate job
finding rate after 2007, we cannot rely on post-2007 data to estimate our model.15
Instead, we want to estimate our model over a long sample period that excludes
the post-2007 data.
To get around this data limitation, we propose a two-stage estimation procedure
that overcomes the need for job openings data over a long time sample. In the first
stage, we use the fact that each individual is atomistic in his labor market segment,16
so that we can use the segment-specific average job finding rate (measurable from
CPS micro data) to control for market tightness at the segment level. This first stage
allows us to measure the effect of worker characteristics—the composition effect—
while controlling for local labor market conditions. In the second stage, we combine
HWOL data and CPS micro data with our first-stage estimate of the composition
effect to estimate σ , the elasticity of the matching function, from time series variation over 1976–2007.17
We define a labor market segment by its geographic location and occupation
group, and we disaggregate the labor market into 36 segments defined by 9 geographic locations (the US Census divisions) and 4 occupation groups: professional,
services, sales, and production.18
The appropriate size of a labor market segment, i.e., the definition of the labor
market unit, is an open question in the literature (Petrongolo and Pissarides 2001).
As stressed by Abraham (1991), a segment should be small enough to accurately
capture the relevant labor market faced by individuals, but not too small so that it
14
In the United States, the two public data sources with vacancy posting data are the Job Openings and Labor
Turnover Survey (JOLTS) and the Help-Wanted OnLine series from the Conference Board. The JOLTS measure of
job openings can be disaggregated into about 15 industry groups, but the series only start in 2000.
15
In particular, since the matching function elasticity parameter σ
 is estimated with information from the time
dimension only, using post-2006 data would bias our σestimate and bias our results into fitting the large decline in
matching efficiency during the recent recession.
16
This approach is thus valid as long as the labor market segment is not too tightly defined.
17
In addition, and as a robustness check to our two-stage procedure, in the Appendix, we report the results of a
direct maximum likelihood estimation of all model parameters using HWOL vacancy data over 2006–2012. If our
model is well specified, and worker heterogeneity and dispersion do indeed explain movements in matching efficiency, estimating the model with post-2006 data should give estimates similar to the ones obtained with pre-2006
data. We find that this is indeed the case.
18
Specifically, we use the nine US Census Divisions and four high-level occupation groups: professional, services, sales and office, and production. At this level of disaggregation, an individual is clearly atomistic. The nine
census divisions are New England, Middle Atlantic, East North Central, West North Central, South Atlantic, East
South Central, West South Central, Mountain and Pacific. The occupation groups are taken from the SOC highlevel groups: professional (management, business, science, and arts), services (personal services), sales (sales and
office), and production (construction, maintenance, production, and transportation).
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can still be described by a standard matching technology with no interactions with
outside segments. Moreover, and in addition to these theoretical considerations, data
availability limits the level of labor market disaggregation that can be studied. In the
case of the United States, we are limited by the sample size of the CPS.
We strived to strike a balance between all these constraints. By defining a segment at the intersection of a US Census division and a high-level occupation group,
the segments are sufficiently different (e.g., production in the New England division
versus professional in the Mountain division) to be considered approximately distinct, while at the same time provide a more reasonable description of the relevant
labor market faced by an individual. Moreover, at this level of disaggregation, the
CPS sample size is still large enough to ensure a good signal-to-noise ratio.
A. Stage 1: Estimating the Effect of Workers’ Characteristics
In the first stage, we estimate the vector β—capturing the effect of individual
characteristics on job finding probabilities—while controlling for local labor market
conditions.
To capture the effect of individual characteristics on search efficiency, we posit
that s   jit , the search efficiency of worker type jat time t , is given by
(11)	s jit  = e  βX  jit,

1
K
 ,    .  . , x  jit
  ] a vector of worker characteristics (detailed below) for
with X
   jit  = [1, x  jit
type jin segment iat time t.
To estimate β
 without data on local market tightness θit , we use the fact that,
given (4), the average job finding rate in segment i is

m 
(12)	f  it  ≡  ___it   = μi s iσt   θ  1−σ
it  ,
U  it
so that an individual job finding probability can be written as
s  

jit
___

 it,
(13)	F  jit  = 1 − e  −  sit  f 

s  jit
e  βX  
_______
with  __
  and f  itindependent of F  jitsince individuals are atomistic in
sit   =  
U  
jit

jit
∑      ___ e  βX  jit
j

U  it

their labor market segment. We can then estimate β
 by maximizing the likelihood
of the sample of unemployment-employment transitions given that the monthly job
finding probability F jitis given by (13).19

19
We provide more details about the maximum likelihood estimation in the Appendix. Note that because the job
finding rate of an individual depends on his search efficiency relative to the average search efficiency in the labor
s  jit
market at a given time (i.e.,  __
sit ), the effect of characteristics on an individual job finding rate is estimated only in
the cross section.
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We use three main types of information from the CPS to capture worker characteristics: demographics, reason for unemployment, and duration of unemployment.20
Demographic information includes the age, sex, and education level of the unemployed individual. We use 10 bins of 5 years to capture the effect of age on the job
finding probability: less than 20, 20–25, … , 55–60, and over 65.
We distinguish between four main reasons for unemployment: permanent layoff,
temporary layoff, re-entering the labor force, and quit job. We use dummy variables
for each reason. Reason for unemployment likely captures unobserved heterogeneity across individuals.
The CPS records the duration (in weeks) of individuals’ current spells of unemployment. Prior research (e.g., Kaitz 1970; Machin and Manning 1999) found that
the job finding probability declines with duration, and we include unemployment
duration as an explanatory variable. To capture the effect of duration, we use ten
bins of equal size (in terms of number of unemployed).
In 1994, a major redesign of the CPS survey was implemented and introduced
breaks in many important variables, such as reason for unemployment and duration
of unemployment (Polivka and Miller 1998). To control for these breaks, we estimate separate coefficients for the preredesign and postredesign periods.
Finally, we assign each job seeker to his/her location-occupation submarket from
CPS information on current state of residence and previous occupation.21
B. Stage 2: Estimating the Elasticity of the Matching Function
We still have two parameters to estimate: σ , the elasticity of the matching function, and μ
 i the segment-specific matching efficiency.
Although data on θitare not available before 2006, our aggregate matching function framework provides just enough structure on the data to allow us to estimate σ
from time series variation in θ tand f   it (both of which available back to 1976), as well
as recover the time series for θi tconsistent with our model.22
Specifically, our approach proceeds in two steps:
• Step 1: We consider a grid over [0, 1]of possible values of σ , and for each value
of σon this grid, we do two things: (i) estimate the μ
 i   s and (ii) construct series
of local labor market tightness, the θi t  s.

20
We also experimented with race/ethnicity but found that these characteristics play little role in the cyclicality
of matching efficiency, consistent with the findings of Baker (1992). We thus omitted them for clarity of exposition.
We also include a set of monthly dummies to control for seasonality in job finding probabilities.
21
Less than 10 percent of unemployed are missing occupation information. They are almost exclusively new
entrants to the labor force and comprise mostly individuals younger than 20. Restricting our analysis to individuals
older than 20 gives very similar results.
22
Specifically, we can circumvent the absence of data on θ it over 1976–2007, thanks to two assumptions in the
model: (i) the matching function elastically, σ
  , is identical across segments, and (ii) μ
 i  , segment-specific matching
efficiency, is constant over time. As stated previously, these assumptions are standard in the mismatch literature.
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    To first estimate the μi  s, we use Conference Board HWOL job openings
 was estimated in the first-stage,
data
to measure θ i t  over 2006–2007.23 Since β
s  jit
__
 ifor a given σ
  from
  sit  is known, and we can estimate μ
s  jit σ
___

(14)	F jit  = 1 − e  −  sit  s it   μi  θ  it  
1−σ

   by maximum likelihood.
    Second, given μ
 i  , we can rearrange (12) to construct the θ it   s implied by
our model given the observed segment-specific average job finding rates f it.
Specifically, we construct
____
  1  

f   1−σ
  it σ      .
(15)	θˆ it  =  ___
( μi  s it  )
• Step 2: The first step allowed us to construct series of local tightness as functions of σ , i.e., to construct functions θˆ i t(σ). Using the definition of aggregate
tightness, the implied aggregate tightness is then also a function of σ with
U  it ˆ
∑    __
  θ  (σ).Although local tightness θitis not directly measurable,
θˆ t(σ) = 
U  t it
aggregate tightness θt is. Thus, using the time series variation in aggregate labor
  from
market tightness θ t over 1976–2007, we can estimate σ

 
  ∑ (θt   − θˆ t (σ))  .
(16)	
mσin
2

t

  Specifically, we do a grid search over [0, 1]to find the σthat minimizes the sum
of squared differences between observed aggregate tightness θ tand implied
aggregate tightness θˆ t(σ). 24
IV. Estimation Results

In this section, we present the results of our estimation and then analyze the
behavior of the aggregate job finding rate since 1976 through the lens of our aggregated matching function.
A. Coefficient Estimates
Column 3 of Table 1reports the results of our two-stage estimation procedure.
At 0.18, the elasticity is substantially lower than when using only aggregate labor
market tightness as an explanatory variable. This indicates that the effect of labor
23
Although HWOL data are also available after 2007, we restrict our time sample to 2006–2007 to avoid using
data from a period with unusual movements in aggregate matching efficiency. The 2006–2007 period is a period
before the dramatic decline in matching efficiency, which allows us to estimate the μi   s without biasing our results
in favor of explaining the behavior of the job finding rate after 2007.
24
The grid covers [0,1] in increments of 0.01. The standard error is computed by Monte Carlo methods.
Specifically, we model the residuals θ t   − θˆ t (σ)with an AR(1) to allow for serial correlation. We then sample from
the residuals of this AR(1) to generate a series ε tof model residuals. We then generate a new series θˆ t(σ) + εt to
which we apply our procedure and estimate a new value for σ.We repeat this exercise 1,000 times. The standard
error is then the standard deviation of these estimated σacross all draws.
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market heterogeneities is on average procyclical, and that failing to control for heterogeneity biases estimates of the aggregate matching function elasticity upward.
Figure 2 presents the coefficients for the determinants of search efficiency,
expressed in units of job finding rate for ease of comparison.25 The most important
individual characteristic is unemployment duration. Search efficiency (i.e., the propensity to form a match) is decreasing in unemployment duration, consistent with
previous findings on the existence of duration dependence (e.g., Kaitz 1970; Machin
and Manning 1999; Shimer 2008; Kroft, Lange, and Notowidigdo 2013).26
We find that the effect of duration on an individual’s employment probability is
large: for instance, an individual unemployed for 6 months is 50 percent less likely
to find a job than an individual who just entered the unemployment pool. This estimate, based on workers’ actual job finding rates, is remarkably similar to Kroft,
Lange, and Notowidigdo’s (2013) result based on field experiment data on employers’ callback rate. Moreover, consistent with Kroft, Lange, and Notowidigdo (2013),
we find that workers’ search efficiency drops sharply over the first six months of the
unemployment spell and then stabilizes.27
The second most important characteristic is reason for unemployment. The estimates reveal that it is more difficult for permanent job losers and entrants to the
labor force to find employment. Not surprisingly, workers on temporary layoff are
the most likely to find a job, i.e., have the highest search efficiency.
Turning to demographics, the coefficients on the age variables indicate that search
efficiency decreases with age. Quantitatively, a 60-year old individual is 10 percent
less likely to find a job than a 20-year old individual. The coefficient on the male
dummy indicates that males are slightly more likely to find jobs than females.
Finally, more educated workers have higher search efficiency: a college graduate
is 8 percent more likely to find a job than a high-school dropout.
B. Accounting for Movements in the Aggregate Job Finding Rate
Using our estimated coefficients, we now evaluate whether our aggregate
matching function can account for movements in the aggregate job finding rate.
Figure 3 plots the movements in the job finding rate unexplained by our aggregate
)with μ t given by (7)—along
matching function—the difference ln  f  t  − ln (μt θ  1−σ
t 
with the movements in the job finding rate unexplained by an aggregate matching
25
Figure 2 presents the coefficients estimated over 1994–2007. Recall that because of a break in 1994, we
allowed for a break in the coefficients in 1994. The coefficients estimated over 1976–1993 (available upon request)
are very similar.
26
A contribution to that literature is that we estimate the strength of the duration dependence phenomenon after
controlling for worker characteristics as well as local labor market conditions, in a manner fully consistent with the
matching function framework.
27
Theoretically, duration dependence can arise through two channels. First, the “accumulation” of unemployment duration could have a causal effect on workers’ search efficiency and job finding probability (Kaitz 1970),
for instance through skill deterioration (e.g., Pissarides 1992). Second, duration dependence could arise out of a
dynamic selection process driven by unobserved worker heterogeneity: workers with high search efficiency leave
unemployment faster than those with low search efficiency, thereby generating a negative correlation between duration and job finding rates (Salant 1977). While discriminating between these two channels is outside the scope of
this paper, the fast decline in workers’ search efficiency over the first months of unemployment (Figure 2) suggests
that gradual loss of skill is unlikely to be the sole factor and points toward some role for unobserved heterogeneity,
in line with the recent findings of Kroft, Lange, and Notowidigdo (2013).
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Figure 3. Unexplained Movements in the Aggregate Job Finding Rate, 1976–2012
Notes: Residuals from models estimated over 1976–2007. The “aggregated matching function” refers to our matching function framework with worker heterogeneity and market segmentation. All series are four-quarter moving
averages. Grey bars indicate NBER recession dates.

function with constant matching efficiency—the residual from regression (3),
) , estimated in Section I.
ln  f  t  − ln (μθ  1−σ
t 
Our aggregate matching function, estimated with data prior to 2008, does a very
good job of explaining the dramatic and prolonged decline in the job finding rate
since 2008. Even before the last recession, our aggregate matching function substantially improves the fit of the data, reducing by more than 50 percent the volatility
of the (already small) residual of the aggregate matching function regression (3).
Calculating the coefficient of determination for both models over 1976–2012, we
find that the R 
 2increases from 0.78 using the standard matching function to 0.88
using our aggregate matching function. Moreover, the cyclical pattern that was
apparent in the residual from the aggregate regression (3) is absent in the residual
from our aggregate matching function framework.28

28
The correlation between the unemployment rate and the residual from the aggregate regression (3) is −0.41
(with a p-value for the null of no correlation of 0.00), whereas the correlation between the unemployment rate and
the residual from our aggregate matching function framework is −0.15 (with a p-value of 0.09).
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Figure 4. Decomposition of Movements in Aggregate Matching Efficiency
Notes: Panel A: movements in aggregate matching efficiency, μt , implied by the “aggregated matching function,”
i.e., by our matching function framework with worker heterogeneity and market segmentation. Panel B: movements
in μt due to composition effect. Panel C: movements in μtdue to dispersion effect. All series are four-quarter moving averages. Grey bars indicate NBER recession dates.

V. Movements in Aggregate Matching Efficiency

Having shown that our aggregate matching function can successfully capture
movements in the aggregate job finding rate, we now analyze the cyclical properties
of aggregate matching efficiency, μ
 t  , through the lens of our framework, and we
discuss the reasons for the dramatic decline in matching efficiency after 2007.
A. Aggregate Matching Efficiency over the Cycle
Figure 4 plots μ
 tand its two components: the composition effect and the dispersion effect.
First, we can see that composition and dispersion contribute roughly equally to
movements in matching efficiency μtover the business cycle.
Second, dispersion appears to be a countercyclical phenomenon—rising during
recessions and abating during expansions (Figure 5). The countercyclicality of dispersion is particularly interesting in the context of the literature on mismatch, where
data availability constrained researchers to assess the cyclicality of mismatch from
five to ten years of data only (Şahin et al. 2014).
Third, the composition effect is procyclical. In recessions, the average quality
or employability of the unemployment pool worsens leading to a lower aggregate
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Notes: Dispersion in labor market conditions (expressed in percentage points of unemployment, see Appendix),
1976–2012. Four-quarter moving averages. Grey bars indicate NBER recession dates.

matching efficiency. We explore the procyclicality of the composition effect in more
details in the next section.29
B. The Composition Effect over the Cycle
In order to better understand how the composition of the unemployment pool
affects μt , we isolate the contributions of the different characteristics behind the
composition effect. We find that the two key characteristics responsible for the composition effect are unemployment duration and reason of unemployment. In recessions, the share of long-term unemployed and the share of job losers go up, leading
to a decline in aggregate matching efficiency.
Figure 6 graphs the contributions of individual characteristics μ
   st  —unemployment duration, reason for unemployment, demographics (grouping together the
contributions of age, sex and education)—and the contribution of μ  m
t  capturing the
effect of changes in the distribution of the unemployed across segments with different average matching efficiency. The sum of these four components equal the
contribution of the composition effect to μt   .
29
Recall that the effect of characteristics on an individual job finding rate was estimated only in the cross
section. As a result, the composition effect does not mechanically adjust to capture the movements in matching
efficiency over time. Instead, the composition effect only captures the movements in matching efficiency that are
implied by changes in the distribution of worker across characteristics and by the effect (estimated with pre-2008
data) of each characteristic on search efficiency.
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Notes: Decomposition of the composition effect into the contributions of unemployment duration, reason for unemployment, demographics (age, sex, and education), and segment-specific matching efficiency. The dashed line plots
the total composition effect. The model was estimated over 1976–2007. All series are four-quarter moving averages.
Grey bars indicate NBER recession dates.

Unemployment duration accounts for a large fraction of the composition effect,
a perhaps not surprising result given the strength of duration dependence, and
duration depresses matching efficiency in the aftermath of recessions. Reason for
unemployment also lowers matching efficiency in recessions. This happens because
recessions coincide with sharp increases in the fraction of permanent job losers
(Figure 7), i.e., individuals with lower propensity to find a job, which worsens the
employability of the unemployment pool.30
Interestingly, unemployment duration and reason for unemployment generate
some inertia in the behavior of μ
 tand thus in the behavior of the aggregate job
finding rate. By definition, unemployment duration is an inertial variable, and average unemployment duration lags the cycle. As a result, the component of μ  st   driven
by duration also lags the cycle; peaking at the end of expansions and bottoming a
few years into the recovery. Similarly, the fraction of permanent job losers in the
unemployment pool is a persistent variable. Permanent job losers have a low search

30
Note also that reason for unemployment tends to lift the job finding rate in recessions. This pattern owes to
an increasing share of temporary job losers during recessions (especially before 1985, Figure 2). At the onset of
recessions, bursts of temporary layoffs lift the job finding rate because job losers on temporary layoffs have a higher
search efficiency than average. This was especially the case in the 1970s, and probably explains the sharp increases
in the residual of the aggregate matching function regression (3) during the 1970 and 1974 recessions (Figure 1).
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Notes: Average unemployment duration in weeks (panel A), share of job losers on temporary layoffs (panel B), and
share of job losers on permanent layoffs (panel C), 1967–2010.

efficiency (Figure 2), and many years of expansion are necessary to bring their share
back to prerecession levels (Figure 7).
Other characteristics play only a marginal role. Demographic characteristics have
little effect on the cyclical behavior of aggregate matching efficiency, in line with
Baker (1992),31 and changes in the distribution of the unemployed across segments
(μ  m
t  ) have virtually no effect.
C. The Decline in Matching Efficiency since 2007
We now turn to the behavior of matching efficiency since 2007.
As shown in Figure 4, both composition and dispersion drove down aggregate
matching efficiency to exceptionally low levels. Moreover, since 2009—the end
31
Demographics generated a downward trend in average search efficiency over the sample period because the
labor force got older (search efficiency declines with age, Figure 2) and because the share of women in the labor
force increased (women have lower search efficiency than men, Figure 2).
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of the recession according to the NBER—both dispersion and composition have
remained at high levels, keeping aggregate matching efficiency low and preventing unemployment from going down faster and participation from going up. Note
also the very large contribution of duration during the recent recession (Figure 6).
As average duration reached record highs (Figure 7), the average search efficiency
of the unemployment pool deteriorated substantially, leading to a large decline in
aggregate matching efficiency.32
It is interesting to contrast the recent large recession with the large recession of
the early 1980s. While dispersion reached high levels in both recessions (Figure 5),
the composition effect was much stronger in the 2008–2009 recession than it was
in the 1980–1982 recession.33 This is due to two effects: (i) a much larger increase
in the share of long-term unemployed over 2008–2009 than over 1980–1982, and
(ii) opposite contributions of reason for unemployment. In the 1980–1982 recession, reason for unemployment raised aggregate matching efficiency because of a
sharp increase in the share of workers on temporary layoffs in the unemployment
pool (Figures 6 and 7). In contrast, in the recent recession, the fraction of workers on
temporary layoffs went down (firms rely less on temporary layoffs than in the early
1980s), while the fraction of workers on permanent layoffs went up, which lowered
aggregate matching efficiency.
One last interesting difference between the 1980–1982 and 2008–2009 recessions
is the behavior of aggregate matching efficiency into the recovery. Since 2009, both
dispersion and composition have remained at high levels, keeping aggregate matching efficiency low and preventing unemployment from going down faster. This is in
contrast to the early 1980s, where both dispersion and composition mean-reverted
quickly after the end of the recession (Figures 4 and 5).
VI. Conclusion

This paper takes a “look into the [matching function] black-box” (Petrongolo
and Pissarides 2001). We construct an aggregate matching function that explicitly
takes into account worker heterogeneity as well as market segmentation. In this
framework, and different from standard specifications of the aggregate matching
function, matching efficiency is not a residual but is explicitly determined by the
average characteristics of the labor market. We show how matching efficiency can
move through a composition effect, due to changes in the composition of the unemployment pool, and through a dispersion effect, in which dispersion in labor market
conditions drives down aggregate matching efficiency.
Our aggregate matching function can successfully capture the evolution of the
aggregate job finding rate over 1976–2012, and we find that matching efficiency
declined markedly after 2007 because the average characteristics of the unemployed
worsened and because dispersion rose substantially.
32
This last finding is consistent with the recent work of Kroft et al. (2013) who show that a search and matching
model augmented with duration dependence in unemployment can account for a substantial fraction of the rise in
long-term unemployment and the outward shift of the Beveridge curve during the Great Recession.
33
Note also that, compared to 1980, μ
 t entered 2008 at a much lower level, because both duration and the fraction of permanent job losers were not back to their pre-2001 level when the recession started.
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An implication of our results is that heterogeneities across workers and labor markets are key aspects of unemployment fluctuations. As such, explicitly incorporating
heterogeneity across agents and labor markets in search models are important
research projects.34
Our empirical framework rests on the idea—often used in the mismatch literature—that the labor market is segmented into distinct submarkets. By not allowing
for any interaction across segments, our framework shares the limitations of the
mismatch literature regarding the appropriate definition of a labor market segment.
As discussed by Abraham (1991), the size of a segment has consequences for the
measurement of dispersion (as in our framework) and mismatch (as in Şahin et al.
2014). Since dispersion and mismatch come out of the concavity of the matching
function, a higher level of disaggregation (i.e., a smaller definition of a segment)
will mechanically generate a higher level of dispersion and thus a higher effect on
matching efficiency. However, and counteracting the first effect, the smaller the segment, the more likely are workers to find a job outside of their local segment, leading the effect of mismatch on unemployment to be exaggerated (Abraham 1991).
While our definition of a labor market segment appears reasonable and the empirical
success of the framework is encouraging, an important task for future research is to
model mobility decisions across segments and to better understand the link between
the size of a segment and the matching process across segments.
Appendix
A. A Decomposition of Movements in Aggregate Matching Efficiency
Recall that aggregate matching efficiency is given by
I
U  
θ 
  it   
(A1)	
μt   =  ∑  __it  μi s iσt   __
(
U

 

θt  )
t
i=1

U  jit

1−σ

  ,

with sit  ≡ ∑ j=1  __
 s  the average search efficiency in segment i  , Vt    ≡ ∑i=1Vi  t,
U   jit
J

I

and Ut    ≡ ∑i=1Ui  t  the total number of vacancies and unemployed in the economy,
V  it
V  t
 the labor market tightness in segment i, and θt   ≡  __
 the aggregate labor
θit  ≡  __
U  it
U  t
market tightness.
Without loss of generality, we normalize average search efficiency to 1, so that
it

I

U  ijt

__
 i   s.
s0  ≡  _T1  ∑t=1 ∑i,   
j U    s
ijt  = 1by appropriately rescaling the μ
t
Denote 
μ0the average matching efficiency level across segments with
U  it
__
  .
μ0  ≡  _T1  ∑t,   
i U    μ
 i
T

t

34
For recent work in this direction, see Alvarez and Shimer (2011); Birchenall (2011); Merkl and Van Rens
(2012); and Carrillo-Tudela and Visscher (2014).
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Taylor expanding (A1) with respect to sijt
  around 1  , μiaround μ0 , and θit around
θtto a second-order, the aggregate matching efficiency can be written
(A2)	
ln  f  t  = ln  μt   + (1 − σ) ln  θt  ,
(A3)

(
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_______
__
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where the second-order terms in μ  st  and μ
t  , as well as the cross-order terms, have
been omitted for clarity of exposition, since they are in practice negligible.
Finally, using our specification to capture the effect of workers’ characteristics
on search efficiency
	
s  jit  = e  βX  jit,

1
K
 ,    .  . , x  jit
 ]  a vector of worker characteristics for type j in segment
with X
   jit  = [1, x  jit
iat time tand β
 = [β 0, ... , β K]the corresponding vector of coefficients, we can
decompose the composition effect as follows:

U  jit K
k
∑   ___
    −  x  ̅ k),
    ∑  β k(x  jit
	
μ  st   = σ 
i, j U  t k=0
U  ijt

__ k    .
with  x  ̅ k  =  _T1  ∑t=1 ∑i,   
j U    x 
ijt
t
T

B. Maximum Likelihood Estimation
Recall from Section III that the job finding rate of an individual jin segment i  , f  jit  ,
is constant during “period t ” and is given by
sjit
   ___
mit 
	f  jit  =  __
   .
s it    U
 i  t
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Thus, within period t , the duration of an individual’s unemployment spell is characterized by an exponential distribution with parameter f  jit  .
With data available at a monthly frequency, we set the period to a month, so that
the probability that individual jin segment ifinds a job within one month is given by
(A4)	F jit  = 1 − e 

m 
−  ___it 
U  it 
s  

jit
___

 it,
= 1 − e  −   sit  f 

s  jit
e  βX  jit
_________
 . The job finding rate in segment i  , f  it , can be measured
with  __
sit    =     
U  
∑ j    
  ___  e  βX  jit
U  it
jit

from CPS data on worker transitions.35
For each individual jin segment iat time t , we observe whether he/she found a
job within month t. Denoting y   jit  = {1, 0}the outcome of job search and treating
the observations as independent and identically distributed across individuals and
time, the log-likelihood function ℓ (β)is given by
T

I

J  i

	
ℓ(β) =  ∑  ∑   ∑ [y  jit  ln (1 − F  jit)  + (1 − y  jit)  ln F  jit],
t=1 i=1 j=1

where y  jit  = 1if individual jin segment ifinds a job and y  jit  = 0otherwise, F  jit
is given by (A4), and J  iis the number of individual observations in segment i. We
estimate β
 by minimizing ℓ(β).
C. Robustness Check: Estimation Using HWOL Data over 2006–2012
The sample period covered by HWOL vacancy data starts only in 2006 and covers precisely the period in which matching efficiency displayed an unprecedented
decline. Since the intention of the paper is to see how far taking labor market heterogeneities into account can go in accounting for the movements in the aggregate
job finding rate after 2007, we cannot rely on post-2007 data to estimate our model.
Nonetheless, as a robustness check, it is instructive to estimate the model
using HWOL data over 2006–2012. If our model is well-specified, and worker
heterogeneity and dispersion do indeed explain movements in matching efficiency,
estimating the model with post-2006 data should give relatively similar estimates
to our baseline ones with pre-2006 data.36 We find that this is indeed the case. As
shown in Table 1, the matching function elasticity is estimated at 0.21 (only slightly
higher than our baseline estimate of 0.18 despite very different sample periods),
and the β
  estimates (capturing the effects of worker characteristics) are very similar
(Figure 8), although duration dependence is estimated to be slightly stronger over
2006–2012 (more on this below).
35
The monthly job finding probability in segment i  , F  it , can be calculated from individual transitions between
unemployment and employment in segment ifrom the law of large numbers, and the hazard rate f  itcan be recovered
from f  it  = −ln (1 − F  it) .
36
Another advantage of estimating the model with HWOL data is that we can estimate all model parameters
simultaneously using a standard (one stage) maximum likelihood estimation.

246

American Economic Journal: macroeconomics

october 2015

Percent change in job finding rate

Panel A. By duration (relative to over 60)
60

30

0

−30
1

5

8

11

16

21

31

Weeks of unemployment

Percent change in job finding rate

Percent change in job finding rate

60

30

0

−30
Quit

Perm.

51

60

30

0

−30

Reent.

16 21 26 31 36 41 46 51 56 61 65+

Reason for unemployment

Age
Panel E. By gender (relative to female)

60

Percent change in job finding rate

Percent change in job finding rate

Panel D. By education (relative to no high
school degree)

30

0

−30
No high school
degree

High school/
some college

Over 60

Panel C. By age (relative to 16–19)

Panel B. By reason for unemployment
(relative to quit)

Temp.

41

College
grad.

60

30

0

−30
Male

Education

Female

Gender

Figure 8. Comparison of Coefficient Estimates
Notes: The dark grey lines refer to point estimates using HWOL data over 2006–2012 and the associated light grey
bars denote ±2standard-errors. The black lines refer to baseline point estimates using the two-stage procedure over
1994–2007.
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Thus, the fact that the estimates are similar using pre-2006 or post-2006 data
suggests that our framework provides an empirically successful characterization of
the matching process.
Another advantage of doing a separate estimation with data covering only the
Great Recession period is that it allows us to explore the robustness of our results to
one possible critique—that duration dependence may be time-varying, leading us to
possibly overestimate the contribution of duration.
While we imposed the effect of duration on an individual’s job finding probability
to be constant over time, recent research has shown that the effect of duration may
actually vary over the cycle, leading us to possibly overestimate the contribution of
duration in the Great Recession. Kroft, Lange, and Notowidigdo (2013) found that
the effect of duration on the job finding rate is weaker in more depressed labor markets. By not allowing the strength of duration dependence (the slope of the duration
dependence relationship) to vary over the business cycle, we could be overstating the
contribution of duration to the decline in matching efficiency. Thus, one could worry
that the large contribution of duration to the recent decline in aggregate matching efficiency is overstated because we did not allow the strength of duration dependence to
vary over the business cycle (and become weaker during the Great Recession).
By comparing estimates obtained over 1976–2007 and over 2006–2012, Figure 8
shows that this worry is not warranted. We can see that the effect of duration on
an individual’s job finding rate was actually stronger, not weaker, during the last
recession. As a result, the contribution of duration to the recent decline in matching
efficiency could actually be even stronger, not weaker, than reported in Section V.
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