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Abstract

Using a recently developed worker-occupation mismatch measure for the US labor market, we
document that mismatch is pro-cyclical. However, there is substantial heterogeneity by previous
employment status: mismatch is pro-cyclical for workers in ongoing job relationships and job-to-
job transitions, consistent with the cleansing effect of recessions; while mismatch is counter-cyclical
for new hires from unemployment, consistent with the sullying effect of recessions. Our empirical
findings show that the cleansing effect dominates. We then provide new evidence that conditional on
mismatch, business cycle conditions at the start of the match are important in explaining variation
in job duration. We explain the observed pattern through a model of learning about workers’
mismatch, in which the learning technology varies over the business cycle.

1 Introduction

The function of the labor market is to allocate each worker to the “right” job, in which the worker’s
abilities in different skills match the set of skills required by the job. However, due to imperfect infor-
mation about skills and costs associated with forming new relationships, workers may end up sorting
into jobs that are suboptimal: they are mismatched. Because sorting matters for the efficient pro-
duction of output in the economy1, an important question is whether business cycles affect mismatch,
and if so, how?

In this paper, we use a direct measure of mismatch developed by Guvenen, Kuruscu, Tanaka and
Wiczer (2015), and provide new evidence that mismatch is pro-cyclical: in recessions, workers skills
are more aligned with job requirements; whereas in expansion mismatch increases. These empirical

∗Isaac Baley gratefully acknowledges the support of the Spanish Ministry of the Economy and Competitiveness,
Project ECO2015-67655-P. Ana Figueiredo acknowledges financial support from Fundação para a Ciência e Tecnologia,
Grant SFRH/BD/94516/2013.

†Universitat Pompeu Fabra and Barcelona GSE, isaac.baley@upf.edu.
‡Universitat Pompeu Fabra and Barcelona GSE, ana.gomesfigueiredo@upf.edu
1With complementarities in production, mismatch may produce substantial welfare losses relative to the first best

allocation, as found by Lise and Postel-Vinay (2016) and Lise, Meghir and Robin (2016).

1

http://www.isaacbaley.com/uploads/6/7/3/5/6735245/mismatch_facts.pdf


findings seem to constrast with the literature that uses indirect measures of mismatch, such as earn-
ings or job duration, to argue that mismatch is counter-cyclical. However, they only focus on newly
formed matches. We show that our result is driven by job destruction. Surprisingly, we find that
even conditional on mismatch, business cycle conditions at the start of the match are important in
explaining variation in job duration. While Jovanovic (1979)’s learning mechanism alone cannot cap-
ture differences in job duration along initial labor market conditions for jobs with the same mismatch
level, we explain this pattern through a model in which learning experiences about the quality of a
match vary over the business cycle.

Cleansing or sullying effect? The theory provides two opposing predictions for the cyclical be-
havior of mismatch. On the one hand, the matching model with endogenous separations in Mortensen
and Pissarides (1994) predicts that mismatch is pro-cyclical. In downturns, reservation match quality
increases; low quality matches are destroyed while only high quality matches are formed, decreasing
average mismatch. This is known as the cleansing effect of recessions. On the other hand, the match-
ing model in Barlevy (2002), which allows for on-the-job search, introduces a new mechanism in favor
of counter-cyclical mismatch. In recessions, firms post fewer vacancies and job seekers are willing to
accept less desirable jobs due to the higher competition among them. This is referred to as the sullying
effect of recessions.

To assess which of these two effects dominates, we study the cyclical behavior of match quality using
a worker-level panel from the 1979 National Longitudinal Study of Youth (NLSY79) between 1979
and 2012. As a proxy of match quality, we use the mismatch index recently developed by Guvenen,
Kuruscu, Tanaka and Wiczer (2015). This measure is defined by the difference between a worker’s
abilities in different skills and the set of skills required by a job: the larger is this difference, the lower is
the quality of a match. To construct this index, we combine NLSY79 with occupational-level data from
O*NET.We estimate the effect of economic conditions on match quality by exploiting within-individual
variation in mismatch and the unemployment rate across months when the individual is employed. We
find robust evidence that in recessions, existing matches are of better quality as compared to existing
matches in expansionary periods. This result hold true across industries, occupations, and various
measures of economic activity.

Our findings seem to contrast with the previous empirical literature. Bowlus (1995), Baydur
and Mukoyama (2015) and del Rio (2016) use job tenure as a measure of match quality, and find that
relationships that start in downturns are shorter, concluding that mismatch is counter-cyclical following
Jovanovic (1979)’s interpretation of a match as an experience good. Kahn (2010) and Oreopoulos, von
Wachter and Heisz (2012) proxy match quality instead with wages, and show that when workers enter
the labor market in downturns, their earnings—both in the short and long-term—are significantly
lower. More recently, Liua, Salvanesb and Sørensen (2016) shows that lower wages from entering the
labor market in a recession are due to lower likelihood of finding a job in an industry well-matched
to the workers’ field of study. A common feature of this literature is that it focuses only on newly
formed relationships, i.e. it examines the effect of current business cycle conditions on mismatch of job
relationships that have just started. However, this approach ignores another channel through which
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economic fluctuations may affect the allocation of workers to jobs: job destruction. Hence, it captures
only part of the story. One advantage of using the Guvenen et al. (2015)’s mismatch index is that it
allows us to isolate the effect of business cycle conditions on mismatch of ongoing job relationships from
the effect on mismatch of newly formed relationships. We uncover important heterogeneities along
previous employment status. For job stayers and job-to-job movers, mismatch decreases in recessions;
whereas, for new hires from unemployment mismatch increases.

We further decompose the index into measures of positive and negative mismatch, which capture,
respectively, the extent to which a worker’s abilities are higher or lower than the job skill requirements.
We find that in recessions, mismatch between workers and jobs diminishes because workers are less
over-qualified and less under-qualified for their jobs. However, mismatch decreases more for under-
qualified workers. Thus, economic fluctuations appear to particularly affect one margin of the match
distribution: “low type workers-high type jobs”.

We conclude that both the cleansing and the sullying effects of recessions are present in the data,
but that there is strong evidence that the cleansing effect dominates. Our results have important im-
plications for the on-going debate about wage cyclicality and the role of wage rigidity in accounting for
the volatility of unemployment fluctuations. Recent research has emphasized the role of wage rigidity
in accounting for the volatility of unemployment fluctuations (see, for example, Shimer, 2005; Hall,
2005; Gertler and Trigari, 2009; Blanchard and Galí, 2010). However, empirical evidence of greater
cyclicality in the wages of new hires has been interpreted as evidence of flexible wages for new hires,
thus concluding that sticky wages are not a plausible mechanism to solve the unemployment volatility
puzzle (Pissarides, 2009). Recently, Gertler et al. (2016) argue that the excess wage cyclicality of new
hires from employment captures instead the pro-cyclicality of match quality, supporting the introduc-
tion of wage rigidity into search and matching models. Our results contradict this interpretation.

Mismatch, job duration, and earnings over the cycle Armed with a measure of mismatch
other than job duration and wages, we ask whether the relationship that job duration and wage have
with economic conditions still holds once we control for mismatch. For this purpose, we first replicate
Bowlus (1995) and estimate the hazard rate of separation controlling for the unemployment rate at
the start of the job spell as well as the current unemployment rate and mismatch. First, we find
that mismatch has a positive effect in the hazard rate of separation, and this effect increases with the
current level of unemployment. Second, we show that initial unemployment is important in explaining
variation in job duration, however its effect depends on the current level of unemployment: for low
levels of current unemployment, a match is less likely to end if it started in recession; whereas if current
unemployment is high, a match is more likely to end if initial unemployment rate was higher. This is
a surprising result: according to Jovanovic (1979), once we control for the quality of the match, there
should be no relationship between business cycle conditions at the start of the job and job tenure.

We also replicate Gertler et al. (2016)’s specification, but include the mismatch index as a control
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for match quality.2 In line with Guvenen et al. (2015), we find that mismatch decreases wages. But,
more interestingly, we find that the relationship between wages and economic conditions remains
unchanged. Therefore, our results suggest that excess wage cyclicality of new hires from employment
goes beyond match quality improvement.

A model of mismatch and learning cycles We develop a model of learning about match quality
in which the learning technology varies over the business cycle in order to explain the observed pat-
terns, namely, (i) the opposite behavior of mismatch over the cycle for new hires from unemployment
and ongoing job relationships, and (ii) the variation in job duration for different initial conditions,
conditional on match quality. Our model builds on Jovanovic (1979)’s idea that match quality is an
experience good, and the productivity of the match only becomes known as the match is experienced.
While Jovanovic (1979) assumes that learning experiences are the same over the cycle, we think of
recessions as periods where (i) firms are initially more uncertain and pessimistic and uncertain about
the pool of job seekers, and (ii) match signals that are more dispersed and downward biased. This
increased dispersion in the pool of unemployed job-seekers implies that a firm has more uncertainty
over the type of job-seekers she would meet in a downturn, but at the same time is more pessimistic
about job seekers’ abilities. Such biased and uncertain initial beliefs translate into the (i) hiring of the
“wrong” workers, i.e., workers whose skills are less aligned with the job skill requirements; and (ii)
putting more weight on the information disclosed by output realizations when inferring match quality
in a bayesian fashion.

For ongoing job relationships, both the firm and the worker have a more precise information about
the quality of the match, hence those matches that are perceived to be of low-quality are destroyed.
Learning about the mismatch implies that short-tenured workers and workers in worst matches face
higher hazard of separation, consistent with the observed pattern. The learning mechanism, paired
with time-varying priors and signals that co-move with the business cycle, allows the model to capture
several features of our empirical findings, namely the fact that the way unemployment at the start
of the job determines the probability of separation depends on current economic conditions. Within
this framework, when the job starts in a recession, firms put a higher weight on output realizations,
so if there is a boom, in which output signals are better and more precise, firms perception about this
match increases. On the other hand, if a match started in a boom, firms are initially more certain and
optimistic about the quality of the match, and update their priors to a less extent. This mechanism may
explain our findings that when current unemployment is low, the probability of separation decreases
if initial unemployment was high, but it increases if initial unemployment was low.

Related literature This paper relates to a number of existing literatures. First, the facts presented
in the paper speak to an important empirical literature aimed at studying the effects of economic

2When studying the cyclical behavior of wages, Gertler et al. (2016) depart from the standard specification and
isolate the wage behavior of workers making job-to-job transitions. The results show that while for new hires coming
from unemployment, wages are no more cyclical than those for existing workers, there is excess cyclicality of wages for
new hires coming from employment. The authors interpret this evidence as indicative of pro-cyclical match quality for
new hires coming from employment, in line with models suggesting that is easier for workers in employment to locate
better matches during expansions than recessions (Barlevy, 2002).
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fluctuations on job match quality. Because match quality is not observable, it has traditionally been
measure in the literature by employment duration (Bowlus, 1995; Baydur and Mukoyama, 2015; del
Rio, 2016) or wages (Kahn, 2010; Oreopoulos et al., 2012). Unlike these previous studies, we use
Guvenen et al. (2015)’s mismatch index to proxy match quality. This measure allows us to use focus
on the set of existing matches at a given point in time rather than just newly formed matches. Our
paper is the first to document that economic conditions affect the allocation of workers to jobs through
job destruction and job creation: both the cleansing and the sullying effect are active, but the former
dominates, decreasing mismatch in downturns. Furthermore, we move this literature one step further
by showing that matches between “low-type” workers and “high-type” jobs are the ones most affected
by business cycles. To the best of our knowledge, this is a novel result in the literature.

This paper is also contributes to a body of literature that has built on Jovanovic (1979)’s idea that
firms and workers learn about the quality of the match as it is experienced. An example is Pries (2004)
who shows that when interacted with exogenous shocks (separation probability), this mechanism can
explain high job finding rate combinedwith a persistent high unemployment rate. More recently,
Borovickova (2016) interacts firm productivity shocks with unobservable match quality to explain the
fact that long-tenure workers in growing firms have a higher separation rate. Two features of her model
explain hazard rate heterogeneity along the firm growth dimension: (i) the learning mechanism implies
that workers with short tenures face a high hazard rate of separation, and (ii) growing firms hire a
higher proportion of short-tenure workers. A common feature to this literature is the assumption that
the learning experience about the match quality is the same over the cycle. However, this may not be
the case as recessions are periods with lower aggregate productivity and higher idiosyncratic/aggregate
uncertainty, which may translate into different priors at the start of the job spell as well as noisier and
biased signals with affect firms’ and workers’ inferences about the quality of the match. Our paper
introduces a learning technology that varies over the business cycle.

While there is a vast literature on uncertainty shocks, this literature is still scant with respect to
the role of uncertainty on labor market flows. Few examples are Lin (2014), Leduc and Liu (2016),
Pries (2016) and Schaal (2017). Pries (2016) models uncertainty as a noisy component in a firm’s
initial signal about job productivity when they are considering creating a new job. In this setting, a
more noisy environment decreases job creation because firms face a higher risk of making a mistake
in deciding to create a job that will turn out to be unprofitable. However, he assumes that job’s
productivity is fully revealed after the firm makes the start-up investment and it does not capture the
decreasing hazard of separation. Schaal (2017) shows that time-varying idiosyncratic risk is important
to explain the magnitude of fluctuations in aggregate unemployment for past US recessions. None of
this papers explore the implications of uncertainty for the learning process of match quality. We fill
this gap in the literature.
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2 Empirical Facts: Mismatch, Job Duration and Earnings over the
Cycle

2.1 Data and variable definitions

To measure the extent to which a worker’s skills are alined with a job’s requirements, we use the
mismatch index developed by Guvenen et al. (2015). This measure is defined by the difference between
a worker’s abilities in different skills and the set of skills required by a job: the larger is this difference,
the lower is the quality of a match. Hence, it can be interpreted as the lack of match quality.3

Mismatch index Consider that jobs and workers are characterized by J skill dimensions, j =
{1, .., J}. Let ai,j be the measured score of worker i’s ability in skill dimension j, and rct,j be the
measured score of the job requirement in skill dimension j by the occupation held at time t, ct. At a
given point in time, the mismatch between individual i and his occupation ct is measured as the sum
of the absolute value of the difference between worker’s skills and job requirements in each dimension:

mi,ct ≡
J∑
j=1

ωj |ai,j − rct,j |,
J∑
j=1

ωj = 1 (1)

In the empirical analysis, ai,j corresponds to the the percentile rank of worker i’s ability in skill
dimension j and rct,j percentile rank of the job requirement in skill dimension j. Therefore, mi,ct

ranges between 0 and J , with 0 indicating a perfect match between a worker’s abilities and the job
skill requirements, and J the highest level of mismatch.4

Asymmetric mismatch A worker is said to be mismatched at time t whenever mi,ct is higher than
zero. This may happen either because the worker is under-qualified, i.e. has a level of abilitiy that falls
short of the job’s skill requirement in a given dimension (ai,j < rct,j), or because he is over-qualified
(ai,j > rct,j). Given this, mi,ct can be decomposed into a measure of positive mismatch m+

i,ct
, and a

measure of negative mismatch, m−
i,ct

:

m+
i,ct
≡

J∑
j=1

ωj max{ai,j − rct,j , 0} m−
i,ct
≡

J∑
j=1

ωj |min{ai,j − rct,j , 0}| (2)

A natural question is what are the relevant skills to measure mismatch in a given occupation. Empirical
evidence suggests that both cognitive and non-cognitive abilities have important implications for labor
market outcomes, namely for wages and occupational choice (see, for example, Heckman, Stixrud and
Urzua, 2006; Lindqvist and Vestman, 2011). Therefore, for the empirical analysis, we compute the
mismatch index using workers’ and jobs’ scores in four skill dimensions (J=4): verbal, math, technical

3Because mismatch is negatively correlated with wages, Guvenen et al. (2015) argue that their mismatch index can
be interpreted as a signal of the lack of job match quality.

4In the empirical analysis, we set equal weights for all dimensions. Guvenen et al. (2015) instead use the factor
loadings from the first principal component. The results are robust to using different weighting strategies.
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and social.5

Data sources To construct the mismatch measure previously described, we use a worker-level panel
from the 1979 National Longitudinal Study of Youth (NLSY79) between 1979 and 2012 combined
with occupational-level data from O*NET. NLSY79 follows a cohort born between 1957 and 1964 and
has both information on an individual’s labor market history and her scores on the Armed Services
Vocational Aptitude Battery (ASVAB) test. The latter are used to compute individual ability scores
(ai,j) for each skill dimension. We focus on the workers’ employment history for a sub-sample of
males and females that make their first long-term transition to the labor market between 1979 and
2012. We use O*NET to compute occupation the skill requirements (rct,j) and link the two dataset
using occupation codes. For a detailed description on how the mismatch index is computed, see
Appendix A. As standard in this literature, we use as an indicator of economic fluctuations, the
civilian unemployment rate measured using the monthly unemployment rates at the national level
published by the Bureau of Labor Statistics (BLS).6 Table B.1 reports summary statistics on the
main variables used in the empirical analysis: worker’s abilities, job skill requirements, mismatch
measures and business cycle indicators. Panel A of Table B.4 reports the correlation of workers’
abilities in all skill dimensions, verbal, math, technical and social. The observed pattern suggests that
workers with high abilities in one skill dimension tend to have high ability in the other three. Finally,
panel B of table B.4 describes the correlation pattern of workers’ abilities and job skill requirements.
One can see that workers tend to select themselves into jobs that fit their skill bundles best. These
patterns are in line with Guvenen et al. (2015) and Lise and Postel-Vinay (2016).

2.2 The Cyclical Behavior of Mismatch

Empirical framework To examine the dynamics of mismatch over the business cycle, our empirical
strategy exploits within-individual variation in business cycle conditions across months when the
individual is employed. To formally examine the cyclical behavior of mismatch, we focus on existing
matches at time t, and estimate the following equation:

mi,ct = β0 + β1xi,t + β2Ut + δi + δm + δy + εi,t (3)

where mi,ct is the mismatch level of worker i in the occupation held at time t, a set of individual
controls xi,t including region of residence, one-digit level industry and occupation, and a quadratic

5A similar definition of skills has been adopted by several recent papers on the education and labor market effects
of different worker abilities (Boehm, 2015; Guvenen et al., 2015; Prada and Urzúa, 2016; Lise and Postel-Vinay, 2016;
Speer, 2017). To capture cognitive skills, Guvenen et al. (2015) use only the verbal and math dimensions, these are the
two components of the Armed Forces Qualifications Test (AFQT), a score that has been extensively used as proxy of
cognitive ability in the literature. We add the technical component because Prada and Urzúa (2016) show that is also
determinant for labor market outcomes. Our results are robust to using the 3-skill mismatch index.

6For robustness, we also consider two additional measures of business cycle conditions at the national level. One is
the composite Help-Wanted Index developed by Barnichon (2010), a measure that captures the number of job openings,
an important alternative indicator of labor market conditions. The other is the Industrial Production Index
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polynomial in age7; Ut is unemployment rate in month m and year y (in the baseline, we use the
aggregate unemployment rate); δi, δm, and δy are individual, monthly and yearly fixed effects; and
εi,t is the error term, which includes all unobserved determinants of mismatch. Standard errors are
clustered at the individual level to allow for serial correlation.8

Under the standard exogeneity restrictions, the effect of macroeconomic conditions in month m

and year y on the level of mismatch of existing worker-job matches is identified by β2. If β2 > 0, one
can conclude that mismatch is higher in downturns, i.e. mismatch is counter-cyclical. On the other
hand, if β2 < 0, mismatch is pro-cyclical. Thus, a negative coefficient on Ut provides evidence in favor
of the cleansing effect dominating the sullying effect.

Identification OLS estimation of the effect of business cycle conditions on job match quality using
Equation (3) controls for unobserved factors that may influence match quality and are associated with
the region of residence, industry, occupation (at one-digit level), month and year. It also mitigates
concerns about sample selection bias through the inclusion of individual effects. This is important
because the estimation of Equation 3 hinges on a sample of individuals that are employed in month
m and year y and the composition of the pool of employed may change with economic conditions. For
instance, Solon, Barsky and Parke (1994) showed that the pool of employed shifts towards high-ability
workers in expansions. If individuals with traits associated with better matches, such as ability, are
relatively more likely to be employed in booms, that could generate a positive association between the
cycle and match quality, which would be mistakenly interpreted as match quality being pro-cyclical.
In this context, if one assumes that the selection process across individuals is constant over time,
introducing individual fixed effects allows us to restore the orthogonality condition violated by the
operation of the selection process.

2.2.1 Results

As shown in Panel A of Table 1, column 1, we find a negative association between business cycle
conditions and mismatch, i.e mismatch is pro-cyclical, consistent with cleansing effect of recessions as
suggested by the matching model with endogenous separations in Mortensen and Pissarides (1994).
The coefficient of interest β̂2 is robust to the inclusion of industry and occupation fixed effects (Ta-
ble B.5 in the Appendix), which alleviates concerns over the change in composition of occupations
over the cycle. Columns 2 and 3 show that in recessions, mismatch between workers and jobs dimin-
ishes because, in existing matches, workers are less under-qualified for the job. These findings suggest
that following a negative productivity shock, the matches which are at most risk are those between
“high-type jobs and low-type workers”.9

7Controlling for age is particularly important as our sample is composed by individuals born between 1957 and 1964
and mismatch decreases with age.

8By clustering the standard errors at the individual level, observations may be correlated within each individual, but
must be independent across individuals. However, common shocks such as the business cycles may induce correlation
between individuals at a moment in time. The results are robust to the inclusion of standard errors clustered at the
month-year level and double clustered at the month-year and individual level instead.

9In the Appendix, Table B.5 and B.6 show results for different combinations of fixed effects and for mismatch in each
skill separately.
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Heterogeneous effects by job status Equation (3) assumes that aggregate shocks affect the
mismatch of job stayers and new hires equally. However, recessions affect the allocation of workers to
jobs through two different channels: job destruction and job creation. The effect in these two margins
may be different, as suggested by the cleansing and the sullying effect theories. In this context, it
is important to isolate the mismatch behavior of new hires from that of job stayers. To do so, we
estimate a version of Equation (3) that allows for a separate new hire effect for workers coming from
non-employment and workers making direct job-to-job transitions:

mi,ct = β0 + β1xi,t + β2Ut + β3·Ut·EEi,t + β4·Ut·UEi,t + β5EEi,t + β6UEi,t + δi + δy + δm + εi,t (4)

where UEi,t and EEi,t are dummies for whether the worker i is a new hire from unemployment or
employment at time t, respectively. In light of the previous results, according to which β2 < 0, if
mismatch of new hires coming from employment is counter-cyclical, as argued by Gertler, Huckfeldt
and Trigari (2016), it has to be the case that β3 > 0 and β3 > |β2|.

Panel B in Table 1 provides OLS estimates of Equation 8. Column 1 shows that in recessions
mismatch is lower for job-stayers in line with the cleansing effect, but it increases for new hires
from unemployment: the sum of β2 and β4 is positive and statistically different from zero, consistent
with the sullying effect. According to the estimates in columns 2 and 3, the increase in mismatch
during downturns for new hires from unemployment is supported by an increase in over-qualification
and under-qualification. Interestingly, our results show that for job-to-job transitions mismatch is
acyclical: the sum of β2 and β3 is not statistically different from zero for total, positive and negative
mismatch. Our results highlight that even though the cleansing effect dominates the sullying effect,
both are present in the data.

Robustness All our results are robust to controlling for unemployment rate in the previous month
and using (i) alternative measures of economic fluctuations (vacancy creation and industrial produc-
tion), (ii) alternative samples and (iii) different methods to compute the mismatch index.10

2.2.2 Aggregate mismatch dynamics

Based on the empirical methodology used in section 2.2, we now construct an aggregate mismatch
series that holds other mismatch determinants constant. To do so, we first estimate a version of
equation 3 in which we only include as controls a quadratic polynomial in age, and individual, month
and year fixed effects. We define aggregate mismatch Mt as the average residuals from this regression
plus the effect of business cycles conditions:

Mt = 1
N

N∑
i=1

εi,ct + β̂2zt (5)

10See Appendix C for details.
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Table 1: Mismatch and the Business Cycle

Dependent Variable: mi,ct m+
i,ct

m−
i,ct

Panel A: No Heterogeneity

Unemploymentt -0.141∗∗∗ -0.0413 -0.0998∗∗∗

(0.050) (0.037) (0.035)

Observations 510470 510470 510470

R-squared 0.503 0.773 0.765

Panel B: Heterogeneity by Job Status

Unemploymentt -0.160∗∗∗ -0.0499 -0.110∗∗∗

(0.050) (0.038) (0.035)

EEi,t × Unemploymentt 0.146 0.0716 0.0743

(0.093) (0.068) (0.064)

UEi,t × Unemploymentt 0.381∗∗∗ 0.167∗∗∗ 0.214∗∗∗

(0.085) (0.062) (0.056)

Observations 510470 510470 510470

R-squared 0.503 0.773 0.765

Notes: The table reports coefficients from an OLS regression with robust standard
errors clustered at the individual level, reported in parentheses. All columns
include a quadratic polynomial in age, occupation, industry, region and individual
fixed effects. The sample includes all worker-job matches between 1979 and
2012. ***, ** and * represent statistical significance at 1%, 5% and 10% levels,
respectively.

where β̂2 is the estimated coefficient. Mt captures the relationship between unemployment and mis-
match, keeping all other variables in the model constant.11 Analogously, we define aggregate positive
and negative mismatch but using the residuals from the regressions that take m+

i,ct
and m−

i,ct
as de-

pendent variables.
Panel A in Figure 1 shows that in recessionary periods unemployment increases and mismatch

decreases. Hence, mismatch is pro-cyclical.12 Panel B in Figure 1 shows that the cyclical behavior of
mismatch is driven mainly by negative mismatch: when unemployment is higher, workers tend do be
less under-qualified.

Figure 2 plots aggregate mismatch dynamics conditional on employment status, and it shows that
while mismatch is pro-cyclical (total, positive and negative) for workers in ongoing relationships, it
is counter-cyclical for new hires. Table 2 reports the correlations of the mismatch measures with the
unemployment rate, conditional on employment status. Figures B.2 and B.3 in the Appendix show

11Alternatively, we could have just averaged mismatch across employed individuals in each point in time. However,
because our data is a panel that follows a cohort of workers born between 1969 and 1979 from 1979 to 2012, if we simply
average mismatch over employed individuals in a given month and year, the aggregate measure of mismatch is decreasing
over the sample period. Using this measure may mask the true which may lead us to a biased relationship between
mismatch and

12Mismatch also appears to be more dispersed when unemployment is higher (see Appendix A).
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Figure 1: Aggregate Mismatch and Unemployment

(a) Total Mismatch Mt (b) Positive and Negative Mismatch M+
t , M−

t

Notes: Data are shown in standard deviations. Unemployment is the monthly unemployment rate at US level.
Shaded areas correspond to NBER recessions. Source: Authors’ calculations, BLS and NBER.

that our results hold across different occupations and industries.

Figure 2: Aggregate Mismatch by previous Employment Status

(a) Total Mismatch Mt (b) Positive Mismatch M+
t (c) Negative Mismatch M−

t

Notes: Data are shown in standard deviations. Unemployment is the monthly unemployment rate at the national
level. Shaded areas correspond to NBER recessions. Job Stayers correspond to all ongoing matches. New hires
are all matches that started in a given month. Source: Authors’ calculations, BLS and NBER.

2.3 Job Duration and Mismatch over the Business Cycle

Using job tenure as a proxy of mismatch, Bowlus (1995), Baydur and Mukoyama (2015) and del
Rio (2016) find that jobs that start in recessions have a shorter duration, which they interpret as
evidence that match quality is pro-cyclical.13 In line with these findings, we show that for new hires
from unemployment. in downturns increases mismatch. However, Figure 3 shows that the correlation

13This approach has its roots in Jovanovic (1979)’s theory of mismatch as an experience good: in the context of
imperfect information, the productivity of the match only becomes known as the match is experienced, hence a match
that lasts longer signals better quality.
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Table 2: Correlation of Aggregate Mismatch with Unemployment

Mt M+
t M+

t

All -0.6504 -0.2899 -0.7638

Job stayers -0.6419 -0.2768 -0.7676

New hires 0.0029 0.1300 -0.1181

EE -0.0370 0.0553 -0.1137

UE -0.0129 0.0722 -0.0801

Notes: Correlation between the unemployment
rate and total, positive and negative aggregate
mismatch, conditional on previous employment
status.

between mismatch and job tenure is close to zero.14

Figure 3: Job Duration and Mismatch

A natural question then is whether the relationship between job duration and business cycle con-
ditions at the start of the job still holds when we control for the quality of the match as measured by
the mismatch index. According to the Jovanovic (1979)’s theory of mismatch as an experience good,
one should expect the hazard rate of separation to increase in mismatch, but not in the unemployment
rate at the start of the match. To answer this question, we replicate Bowlus (1995)’s estimation of
the hazard rate of separation, conditional on current economic conditions and economic conditions at
the start of the job, including the mismatch index as a control. Furthermore, we distinguish between
EE transitions from EU transitions, and estimate a separate hazard function for each cause of job
separation, treating movement to another job and transition to non-employed status as competing
risks.

14In Appendix A, Figure B.4 plots the relationship between job duration and mismatch controlling for individual fixed
effects, age and its square and show that this result remains unchanged.

12



Empirical framework We estimate a discrete proportional hazard model using the complemen-
tary log model. Let hki (τ) be the probability that individual i’s job ends at date τ for reason
k ∈ {All, EE,EU}, given that it lasted until τ . We estimate a discrete proportional hazard model
using the complementary log model.

hki (τ) = αk0 + αk1 U0 + αk2 Uτ + αk3 mi,c0 + αk4 xi,τ + hk0(τ) + εi,τ (6)

where h0(τ) is the baseline hazard, which is parameterized as ln(τ), U0 in the unemployment rate at
the start of the job relationship, Uτ is the current unemployment rate, mi,c0 is the mismatch level
on the current job (we consider total, positive and negative mismatch separately), and xi,τ a set of
controls, that includes the following variables: quadratic polynomial in age, ability as measured by
the score in the AFQT test, race, gender, one-digit level occupation and one-digit level industry. We
consider separately separations towards another job—EE transitions—and towards unemployment—
EU transitions.

2.3.1 Results

Table 3 presents the results from estimating the hazard model and shows the importance of initial
conditions for explaining variation in job duration, holding all else constant including match quality as
measured by the mismatch index. Column 1 and 2 show that, when considering all types of separations,
the initial national unemployment rate is associated with an increase of the hazard rate. However, this
relationship is heterogeneous conditional on the destination of separation: U0 increases the probability
of a job-to-job transition αEE1 > 0 (columns 3-4) consistent with the sullying effect, while U0 decreases
the probability of a transition towards unemployment αEU1 < 0 (column 5-6). This means that if a
job starts in a recession, it is more likely that it ends in a new job than ending in unemployment,
regardless of the level of mismatch.

Current economic conditions also have a different effect depending on the separation reason: while
the coefficient of Uτ is negative and statistically significant for job to job transitions, it is positive
and statistically significant transitions to unemployment. Finally, as expected, mismatch increases
the likelihood of separation, both to unemployment and to another job. This result implies that the
better is the alignment between workers’ skills and job requirements, the less likely is the match to
end. Following Jovanovic (1979), this result suggests that better matches are the ones where mismatch
is lower, hence that sorting matters for output as shown in Lise and Postel-Vinay (2016) and Lise,
Meghir and Robin (2016). The increase in the probability of separation due to mismatch is driven by
positive mismatch.

Heterogeneity by Ut and mi,c0 We now examine whether the role played by economic conditions
at the start of the job depend on the current unemployment level, and whether mismatch has a higher
importance on the likelihood of separation depending on the business cycle conditions. To do so, we
estimate a version of Equation 8 that includes an interaction of U0 with Uτ and Uτ with mi,c0 , as
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Table 3: Job Duration, Mismatch and the Business Cycle

All EE EU

(1) (2) (3) (4) (5) (6)

Unemployment0 0.021∗∗∗ 0.021∗∗∗ 0.026∗∗∗ 0.027∗∗∗ -0.022∗∗∗ -0.022∗∗

(0.006) (0.006) (0.010) (0.010) (0.009) (0.009)

Unemploymentτ -0.064∗∗∗ -0.065∗∗∗ -0.046∗∗∗ -0.046∗∗∗ 0.052∗∗∗ 0.051∗∗∗

(0.006) (0.006) (0.010) (0.010) (0.008) (0.008)

Mismatch 0.004∗∗∗ 0.004∗∗∗ 0.005∗∗∗

(0.001) (0.001) (0.001)

Pos. Mismatch 0.007∗∗∗ 0.006∗∗∗ 0.008∗∗∗

(0.001) (0.001) (0.001)

Neg. Mismatch 0.000 0.001 0.001

(0.001) (0.001) (0.001)

Observations 612727 612727 409735 409735 409735 409735

Notes: The table reports coefficients from the proportional hazard model with robust
standard errors clustered at the individual level reported in parentheses. From columns
1-2, the dependent variable is the probability that individual i moves to another job in τ ,
given that its current job lasted until τ . From columns 3-4, the dependent variable is the
probability that individual i moves to another job in τ , given that its current job lasted
until τ . From columns 5-6, the dependent variable is the probability that individual i
becomes unemployment in τ , given that its current job lasted until t. All columns include
a quadratic polynomial in age, and the following controls: race, gender, one-digit industry,
one-digit occupation. The sample includes all worker-job matches between 1980 and 2012.
***, ** and * represent statistical significance at 1%, 5% and 10% levels, respectively.

follows

hki (τ) = αk0 + αk1 U0 + αk2 Uτ + αk3 mi,c0 + αk4 (Uτ × U0) + αk5 (Uτ ×mi,c0) + αk6 xi,τ + hk0(τ) + εi,τ

(7)
Table 4 shows that the sign of the effect of initial unemployment on the likelihood of separation

depends on the level of current unemployment. For low levels of Uτ , a higher U0 translates into a
lower probability of separation. However, for high levels of Uτ , a higher U0 translates into a higher
probability of separation. This means that, conditional on the level of mismatch, if a job starts in a
recession, it is more likely to end if current unemployment is high, regardless of the reason to separate.
Figure 4 plots the marginal effect of U0 on each hazard for different levels of Uτ . This result holds across
the different reasons to separate. Nevertheless, the turning point at which the effect changes signs
differs: for EE is around 6% and for EU is around 8%. The fact that the effect of initial unemployment
rate on the hazard rate has a different sign depending on the level of current unemployment suggests
that the sullying effect — the ideia that workers move to better jobs when initial unemployment is
high because they ended up in a bad match — is only present when current unemployment is high.
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Regarding current unemployemt, we find that the sign of the effect depends on the level of initial
unemployment and mismatch. For low levels of U0, a higher Uτ translates into a lower probability
of separation. However, for high levels of Uτ , a higher U0 translates into a higher probability of
separation. This means that, conditional on the level of mismatch, in a recession, a match is more
likely to end if initial unemployment was high. This heterogeneity is mostly present on the hazard of
separation and hazard of separation into unemployment.

Mismatch increases the likelihood of separation, with its effect increasing in the level of current
unemployment rate. In fact, only if the latter is sufficiently high (>3%) is the effect of mismatch on
the hazard rate of separation positive and statiscally significant different from zero. Mismatch matters
more for the hazard of separation into unemployment: if current unemploymen rate is higher than 5%,
its effect is positive, statistically different than zero and increasing in the level of current unemploymen
rate; whereas for the hazard rate of separation into another job, mismatch has a constant effect across
different levels of Uτ and this effect is very close to zero. Figure 5 plots the marginal effect of mi,c0

on the hazard rate along different values of Uτ . Our findinfs suggest that firms and workers are more
tolerant to mismatch in good times; as the unemployment rate increases, the quality of the match
becomes more relevant in determining the end of a match.

Finally, Table 4 shows that when we include the interaction term Uτ×mi,c0 , the estimated coefficient
of m−

i,c0
becomes significant for the hazard rate of separation and hazard rate of separation into

employment. This result implies that being under-qualified increases the probability of ending the
match. This effect, however, is decreasing with the level of current unemployment. The effect of m+

i,c0

is positive, as before, and its size increases with the level of current unemployment. While positive
mismatch seems to matter more for the hazard of separation into unemployment, negative mismatch
only has an effect for the hazard rate of separation into another job.

Figure 4: The Marginal Effect of U0 on the Hazard Rate

(a) All (b) EE (c) EU

Notes: The three panels plot the marginal effect of current unemployment Uτ on each hazard of separation for
different levels of initial unemployment U0 and mismatch. The red line corresponds to a high level of mismatch
(75 percentile) and the blue to a low level of mismatch (25th percentile percentile). The shaded area correspondes
to 95% confidence interval.

2.4 Earnings Dynamics over the Cycle

Recent research in macroeconomics emphasizes the role of wage rigidity over the cycle in accounting
for the volatility of unemployment fluctuations (see, for example, Shimer, 2005; Hall, 2005; Gertler
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Table 4: Job Duration, Mismatch and the Business Cycle: Heterogeneity by Ut and mi,c0

All EE EU

(1) (2) (3) (4) (5) (6)

(α1) Unemployment0 -0.338∗∗∗ -0.319∗∗∗ -0.190∗∗∗ -0.169∗∗∗ -0.273∗∗∗ -0.267∗∗∗

(0.016) (0.016) (0.032) (0.033) (0.027) (0.027)

(α2) Unemploymentτ -0.404∗∗∗ -0.371∗∗∗ -0.253∗∗∗ -0.215∗∗∗ -0.202∗∗∗ -0.187∗∗∗

(0.017) (0.017) (0.033) (0.034) (0.027) (0.028)

(α4) Unemployment0 × Unemploymentτ 0.048∗∗∗ 0.045∗∗∗ 0.029∗∗∗ 0.027∗∗∗ 0.032∗∗∗ 0.031∗∗∗

(0.002) (0.002) (0.004) (0.004) (0.003) (0.003)

(α5) Unemploymentτ × Mismatch 0.0004∗ -0.000 0.001∗∗

(0.000) (0.000) (0.000)

(α3) Mismatch 0.001 0.004 -0.002

(0.002) (0.003) (0.003)

Unemploymentτ × Pos. Mismatch 0.001∗∗∗ 0.000 0.001∗∗

(0.000) (0.000) (0.000)

Pos. Mismatch 0.002 0.004 0.001

(0.002) (0.003) (0.003)

Unemploymentτ × Neg. Mismatch -0.001∗∗∗ -0.002∗∗∗ 0.000

(0.000) (0.001) (0.001)

Neg. Mismatch 0.007∗∗∗ 0.014∗∗∗ -0.000

(0.002) (0.004) (0.004)

Observations 612727 612727 409735 409735 409735 409735

The table reports coefficients from an proportional hazard model regression with robust standard errors
clustered at the individual level reported in parentheses. From columns 1-2, the dependent variable is
the probability that individual i moves to another job in τ , given that its current job lasted until τ .
From columns 3-4, the dependent variable is the probability that individual i moves to another job in
τ , given that its current job lasted until τ . From columns 5-6, the dependent variable is the probability
that individual i becomes unemployment in τ , given that its current job lasted until t. All columns
include a quadratic polynomial in age, and the following controls: race, gender, one-digit industry, one-
digit occupation. The sample includes all worker-job matches between 1980 and 2012. ***, ** and *
represent statistical significance at 1%, 5% and 10% levels, respectively.
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Figure 5: The Marginal Effect of mi,ct on the Hazard Rate

(a) All (b) EE (c) EU

Notes: The three panels plot the marginal effect of mi,ct on each hazard of separation for different levels of current
unemployment Uτ . The red line corresponds to a high level of mismatch (75 percentile) and the blue to a low
level of mismatch (25th percentile percentile). The shaded area correspondes to 95% confidence interval.

and Trigari, 2009; Blanchard and Galí, 2010). However, empirical evidence of greater cyclicality in the
wages of new hires has been interpreted as evidence of flexible wages for new hires, thus concluding that
sticky wages are not a plausible mechanism to solve the unemployment volatility puzzle (Pissarides,
2009). Recently, Gertler et al. (2016) argue that the evidence of excess new hire wage cyclicality
captures instead cyclical variation in new hire wages that is due to workers moving to better jobs
during expansions, i.e. the pro-cyclicality of match quality across new hires from employment. Our
empirical findings, however, show that mismatch is acyclical for job movers. We replicate Gertler
et al. (2016)’s results and then show that the cyclical behavior of wages goes beyond the movements
in match quality.

Empirical framework To study the cyclical behavior of wages, we estimate the following equation:

wi,t = β0 + β1xi,t + β2Ut + β3·Ut·EEi,t + β4·Ut·UEi,t + β5EEi,t + β6UEi,t + β7mi,ct + t+ δi + δm + εi,t

(8)
where wi,t is wage of individual i at time t, xi,t is a set of individual controls including age, region of
residence, one-digit level industry and occupation, zt a variable that captures economic fluctuations in
month m and year y (the aggregate unemployment rate); t is a time trend; δi and δm are individual,
monthly and yearly fixed effects; and εi,t is the error term, which includes all unobserved determinants
of mismatch. Standard errors are clustered at the individual level to allow for serial correlation. As
before, UEi,t and EEi,t are dummies for whether the worker i is a new hire from unemployment or
employment at time t, respectively.

Results Table 5 presents the results. As found by Gertler et al. (2016), column 1 shows that for
new hires from unemployment, wages are no more cyclical than those for existing workers; whereas for
those making job-to-job transitions, wages are pro-cyclical. Gertler et al. (2016) interpret this result
as indicative of the fact that match quality is pro-cyclical for job movers. One possible way to control
for match quality is to use as a control Guvenen et al. (2015)’s mismatch index. Column 2 reports
the estimation results of such specification. We find that, conditional on match quality, wages remain
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pro-cyclical for new hires from employment. Hence, we conclude that wage cyclicality is not capturing
the dynamics of mismatch.

Table 5: Earnings, Mismatch and the Business Cycle

Dependent Variable: wi,t
(1) (2)

Unemploymentt -0.0261∗∗∗ -0.0260∗∗∗

(0.002) (0.002)

EEi,t × Unemploymentt -0.0132∗∗∗ -0.0128∗∗∗

(0.004) (0.004)

UEi,t × Unemploymentt -0.00425 -0.00333

(0.003) (0.003)

Mismatcht -0.003∗∗∗

(0.000)

Observations 497675 497675

R-squared 0.510 0.512

Notes: The table reports coefficients from an OLS re-
gression with robust standard errors clustered at the
individual level, reported in parentheses. All columns
include age, occupation, industry, region and individ-
ual fixed effects. The sample includes all worker-job
matches between 1979 and 2012. ***, ** and * repre-
sent statistical significance at 1%, 5% and 10% levels,
respectively.
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2.5 Summary of Key Empirical Facts

To sum up, we find the following empirical regularities:

Fact 1 Mismatch decreases in recessions through job destruction, consistent with the cleansing effect.
However, for new hires from unemployment, mismatch is higher in recessions, in line with the sullying
effect. Overall, the cleansing effect dominates.

Fact 2 Conditional on mismatch, a match that starts in a recession is more likely to end if current
unemployment is high, but less likely to end if current unemployment is low.

Fact 3 Conditional on mismatch, current unemployment increases the likelihood of separation if a
match that started in a recession, however if the match started in a boom this effect is negative.

Fact 4 Mismatch increases probability of separation into unemployment and this effect is increasing
in the level of current unemployment: if the latter equals zero, mismatch has a null effect on separation
probability.

Fact 5 Conditional on mismatch, wages of new hires from employment are pro-cyclical while of new
hires from unemployment are acyclical.

Learning about match quality as in Jovanovic (1979) explains the fact that mismatch increases the
likelihood of ending a match (fact 4). However, this mechanism alone can not capture variation in job
duration due to differences in initial business cycle conditions, holding all else constant including match
quality (fact 2). In the next section, we augment Jovanovic (1979) and consider that the distribution
of output (i.e. of signals about the quality of the match) varies over the cycle. This aims to capture the
idea that in recessions aggregate productivity is lower and idiosyncratic uncertainty is higher. Within
this framework, learning experiences about the match will depend on the business cycle conditions.
When a match starts in a recession, firms are initially more uncertainty and more pessimistic about
its quality. As the firm observes a stream of output realizations, firms put a higher weight on these
signals (uncertain prior). Therefore, if there is a boom, in which output signals are better and more
precise, firms perception about this match increases. On the other hand, if a match started in a boom,
firms are initially more certain and optimistic about the quality of the match, thus they put less
weight on the information disclosed by output realizations, and update their priors to a less extent.
This mechanism may explain the evidence that when current unemployment is low, the probability of
separation decreases if initial unemployment is high, but it increases if initial unemployment is low.

19



3 A Model of Mismatch Cycles (TO BE COMPLETED)

We develop an inaction model with learning that builds on Jovanovic (1979) and Baley and Blanco
(2017), in which the learning possibilities vary over the business cycle.

3.1 Environment

Time is continuous and the future is discounted by all agents at a rate r. Consider a profit maximizing
firm that hires a worker by posting a vacancy at a cost κ. A firm-worker relationship produces output
yit every period, which follows a stochastic process as described below. Output growth if affected
positively by aggregate productivity at, but it is reduced by mismatch mi,t, defined by the difference
between a worker’s abilities in different skills and the set of skills required by a job: the larger is this
difference, the lower is the quality of a match and the lower is output growth. Given the cost of worker
replacement, the firm faces a trade-off between keeping a mismatched worker that reduces its output
growth or paying the fixed cost of hiring a new worker. Lastly, it is assumed that a firm without a
worker produces zero.

Stochastic processes Log output yi,t, aggregate productivity at, and idiosyncratic mismatch µi,t
evolve as follows:

dyi,t = gyi,tdt+ σydW y
i,t (9)

gyi,t = ψat −
1
2m

2
i,t (10)

dat = −κaat dt + σadW a
t (11)

mi,0 ∼ N (µmt , σmt ) (12)

where W y
i,t, W a

t and Wµ
i,t are Wiener processes. Firms’ expected output growth gyi,t depends positively

on aggregate productivity at and negatively on the square of the mismatch measure m2
i,t; output

growth volatility is driven by transitory shocks W y
i,t with volatility σy which are uncorrelated to either

aggregate productivity or mismatch. In turn, aggregate productivity at follows a diffusion process W a
t

with volatility σa and mean reversion parameter κa.
For a new hire, idiosyncratic mismatch mi,t is drawn from a Normal distribution with mean µmt

and variance σmt , and then it remains fixed throughout a work relationship. Such mean and variance
vary over the cycle, and it is assumed that ∂µmt /∂at > 0 and ∂σmt /∂at < 0 i.e. in recessions, the
expected mismatch is lower but its dispersion is larger. We base this assumption on the evidence
by Mueller (2017), which shows that in recessions the pool of job seekers moves towards high ability
workers, but it is also more disperse as both luck and selection cause the inflow into unemployment
to rise. For now, we take these relationships as given and then we make them endogenous.
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Information sets Firms observe their final output yi,t and aggregate productivity at. By producing,
they receive continuous noisy observations about the mismatch. The noise comes from production and
does not allow to perfectly infer the quality of the match. The information set of firm i at time t is
given by the σ-algebra generated by the history of output: Ii,t = σ{yi,r, ar; r ≤ t}.

Firms’ learning technology Firms make inferences about the job mismatch from the output
signals. Firms make estimates in a Bayesian way by optimally weighing new information from signals
against old information from prior estimates. This is a passive learning technology in the sense that
firms process the information that is available to them, but they cannot take any action to change the
quality of the signals. Let m̂t ≡ E[mt|It] be the best estimate (in a mean-squared error sense) of the
mismatch and let Σt ≡ E[(mt − m̂t)2|It] be its variance. We call Σt mismatch uncertainty.

This increased dispersion in the pool of unemployed job-seekers during a recession implies that a
firm has more uncertainty over the type of job-seekers she would meet (Σ0 is larger in recessions),
but at the same time is more optimistic about job seekers’ abilities (m̂0 is lower in recessions). Such
beliefs translate into the hiring of the “wrong” workers, i.e., workers whose skills are less aligned with
the job skill requirements.

Uncertainty increases estimates volatility The mismatch estimate m̂t is a Brownian motion.
Mismatch uncertainty Σt decreases with tenure as the mismatch is revealed. Due to Bayesian updating,
when uncertainty is high, estimates optimally put more weight on signals instead of the prior. Learning
is faster, but it also brings more white noise εt into the estimation. Estimates become more volatile
with high uncertainty. This effect is key for the responsiveness of job churning along the cycle.

Endogenous uncertainty cycles In the absence of worker replacement, uncertainty follows a de-
terministic path which converges to the true value of mismatch. Uncertainty jumps up after the arrival
of a new worker and then decreases deterministically until the arrival of the following one. Since the
firm chooses when to replace a worker, and thus increase its uncertainty about the mismatch, these
uncertainty cycles are endogenous.

3.2 Key implications of the model

a) As match uncertainty Σ falls with tenure (because of learning), the inaction region shrinks.

b) The elasticity of the inaction region with respect to uncertainty is positive (option value effect) and
lower than 1, thus newer (more uncertain) relationships are more likely to separate.

c) Higher vacancy creation cost (larger κ) increases the width of the inaction region (makes mismatch
less tolerable because it is more costly to get a new worker).

d) Worse economic conditions at decrease the inaction region (makes mismatch less tolerable)

e) Larger the initial uncertainty Σ0 in recession shifts the hazard rate up and makes it steeper.
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4 Conclusion
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A Data sources and variable construction

Worker’s employment history The NLSY79 tracks information on the employment history of a
sample of 12,686 individuals, born between January 1957 and December 1964, from 1979 to today.
We focus on a sub-sample of males and females that make their first long-term transition to the labor
market between 1979 and 2012.15 We use the Work History Data file of the NLSY79 to construct
yearly panels from 1979 to 2012. The Work History Data file is a week-by-week record of the working
history for each respondent, which contains information about weekly labor status and hours worked.
While an individual may hold more than one job in a given period, we focus on the primary job at a
given month, which is defined as the one for which an individual worked the most hours in the month.
For this job, we retain information on the occupation title, described in the NLSY79 by the three-digit
Census occupation code. Because this classification system changed over time, particularly between
1970 and 1980 and between 1990 and 2000, we converted all the occupational codes across the years
into the occ1990dd occupation system developed by Dorn (2009), which has the advantage of being
time-consistent.16

Worker’s abilities In addition to an individual’s labor market history, the NLSY79 has information
on the Armed Services Vocational Aptitude Battery (ASVAB) test scores, which was taken by individ-
uals between ages 14 and 24. The ASVAB is a general test that measures knowledge and skills in 10
different components.17 We focus on a subset of six components (arithmetic reasoning, mathematics
knowledge, paragraph comprehension, word knowledge, mechanical comprehension, general science
and electronics information) which are linked to the 3 skill counterparts considered in the empirical
analysis: math, verbal and technical. To measure individuals’ skills in each dimension, ai,j , we follow
Guvenen et al. (2015)’s approach: the ASVAB categories are reduced into the 3 skill dimensions using
Principal Component Analysis (PCA). For the social dimension, we proceed in the same fashion using
the individual scores in two different tests provided by the NLSY79: the Rotter Locus of Control Scale
and the Rosenberg Self-Esteem Scale.18 To adjust for differences in test-taking age, before proceeding
with PCA, we normalize the mean and the variance of each test score according to their age-specific
values. Also, once we have the raw scores in each skill dimension, we convert them into percentile
rank scores, q(ai,j) in equation 1.19 Panel A in Table B.1 summarizes the basic statistics on the scores

15The Data Appendix provides details on the construction of the sample.
16The crosswalk files between the Census classification codes and the occ1990dd occupation aggregates created by

Autor and Dorn (2013) can be found at http://www.ddorn.net/data
17The components are arithmetic reasoning, mathematics knowledge, paragraph comprehension, word knowledge,

general science, numerical operations, coding speed, automotive and shop information, mechanical comprehension, and
electronics information.

18The Rotter Locus of Control Scale measures the degree of control individuals feel they possess over their life, and the
Rosenberg Self-Esteem Scale aims at reflecting the degree of approval or disapproval towards oneself. These measures
have been commonly used in previous studies as measures of non-cognitive skills Speer (2017); Lise and Postel-Vinay
(2016); Guvenen, Kuruscu, Tanaka and Wiczer (2015). For more details, see Heckman et al. (2006).

19Because the raw scores that result from PCA do not have any meaning, we transform them into percentile rank
scores, as in Guvenen et al. (2015). This allows us to have a clear interpretation of the scores and compare two different
scores. The percentile rank is the percentage of scores that fall below a given score. For example, if an individual has
a raw score of 48 in math that is transformed into a percentile rank score of 50, it means that the individual is better
than 50% of the sample in math.
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of the workers’ abilities along the 4 skill dimensions. Panel A of table B.4 reports the correlation
of workers’ abilities in all skill dimensions, verbal, math, technical and social. The observed pattern
suggests that workers with high abilities in one skill dimension tend to have high ability in the other
three, in line with Guvenen et al. (2015) and Lise and Postel-Vinay (2016). Math and verbal skills
appear slightly more correlated with each other.

Job skill requirements To obtain measures of the skill requirements in each occupation, rct,j , we
use the O*NET database, that includes a list of 277 descriptors, with the ratings of importance level
and relevance for 974 different occupations.20 As in Guvenen et al. (2015), we use the 26 O*NET
descriptors from the Knowledge, Skills and Abilities categories that were identified by DMDC to be
related to each ASVAB category. In addition to this, we use six descriptors to describe the social
dimension.21 Following Guvenen et al. (2015)’s methodology, for each occupation, we build a score
comparable to each ASVAB category, and then we collapse the seven ASVAB categories analogues into
the 3 skill dimensions (verbal, math and technical) by applying PCA. For the social dimension, we also
collapse the six O*NET descriptors into a single dimension by taking the first principal component.
Finally, we rescale the scores by converting them into percentile rank scores, q(rc,j) in equation 1.

Panel B in Table B.1 reports summary statistics of the measures of job skill requirements. To check
whether the constructed variables characterize occupations reasonably, we report the mean percentile
rank score of each main occupation category of the occ1990dd occupation system from Dorn (2009)
in Table B.2. Managerial occupations require more verbal and math skills than Repair occupations,
which have a higher requirement of the technical skill. As expected, within each broad category there
is a large variation in job skill requirements. Table B.3 presents the percentile rank scores for selected
occupations. For instance, economists require the use of the math skill more intensively, whereas
lawyers, within the same broad category, require a higher the use of the verbal skill but use the
technical skill less intensively. On the other hand, elevator installers require mostly technical skills.
These scores are consistent with the ones presented by Speer (2017) and Lise and Postel-Vinay (2016).

Once we have the percentile rank scores in each skill dimension on the occupation and worker-side,
we merge the panel of worker-level data with the occupation data using occupational codes.22 The
correlation pattern of workers’ abilities and job skill requirements is described in Panel B of table B.4.
One can see that workers tend to select themselves into jobs that fit their skill bundles best. With
these scores, we calculate mismatch (mi,ct), positive mismatch (m+

i,ct
) and negative mismatch (m−

i,ct
).

Panel C in in table B.1 reports summary statistics for these measures.

20The descriptors are organized into 9 broad categories: skills, abilities, work activities, work content, experi-
ence/education level required, work values, job interests, knowledge and workstyles. The scores for each descriptor
are built using questionnaires that ask workers to rate their own occupation in terms of a subset of the O*NET descrip-
tors, and a survey of occupation analysts who are asked to rate others descriptors. More information is available at
http://www.onetcenter.org.

21Table XX in Appendix A reports the full list of O*NET descriptors used.
22Note that O*NET uses SOC code from 2000, which is more detailed than the occupational codes in the NLYS79,

based on the three-digit Census occupation codes, hence several occupations in NLSY79 have more than one score. Using
a crosswalk to identify each SOC code with a Census code, we take an unweighted average over all the SOC codes that
map to the same code in the census three-digit level occupation classification.
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B Tables and Figures

Table B.1: Summary Statistics

The table reports summary statistics for the main variables used in the empirical analysis. Panel A presents the statistics
for the measure of worker’s abilities in the different skills dimensions, q(ai,j). The sample includes repondents in the
NLSY79 dataset that satisfy the selection criteria in Appendix A. Panel B reports the statistics for the measures of job skill
requirements, q(rc,j), at the three-digit occupational code level constructed by Dorn (2009). Panel C presents the statistics
for the job mismatch measures. Mismatcht is given by mi,ct ≡

∑J

j=1 ωj |q(ai,j)− q(rct,j)|. Positive mismatcht is m+
i,ct
≡∑4

j=1 ωjmax[q(ai,j)− q(rct,j), 0], and Negative mismatcht is calculated asm−
i,ct
≡

∑4
j=1 ωjmin[q(ai,j)− q(rct,j), 0]. The

sample consists of unique occupations observed in NLSY79 with occupational characteristics in O*NET. Panel D reports
summary statistics of the business cycle indicators. Unemployment Ratet is the monthly unemployment rate at the
national level published by BLS. Vacancies Indext is the Composite Help-Wanted index developed by Barnichon (2010)
which captures the behavior of total - print and online - help-wanted advertising, a proxy for the number of job openings
at a given point in time. Industrial Productiont is the monthly industrial production index. Source: NLSY79, O*NET
and author’s calculations.

Observations Mean Std. Dev Min. Max.

Panel A: Worker’s abilities

Pctl. rank of the verbal skill 2989 49.81 28.43 1 100

Pctl. rank of the math skill 2989 50.15 28.76 1 100

Pctl. rank of the mechanical skill 2989 50.36 28.87 1 100

Pctl. rank of the social skill 2989 49.94 28.86 1 100

Panel B: Job Skill Requirements

Pctl. rank of the verbal skill 324 50.47 28.92 1 100

Pctl. rank of the match skill 324 50.46 28.92 1 100

Pctl. rank of the technical skill 324 50.37 28.96 1 100

Pctl. rank of the social skill 324 50.44 28.94 1 100

Panel C: Job Match Quality

Mismatcht 854354 27.27 14.22 1.25 91.25

Positive mismatcht 854354 12.85 15.08 0.00 91.25

Negative mismatcht 854354 14.42 14.90 0.00 82.00

Panel D: Buisess Cycle Indicators

Unemployment Ratet 408 0.06 0.02 0.04 0.11

Vacanciest 408 2.75 0.44 1.70 3.90

Industrial Productiont 408 77.17 18.40 48.47 105.33
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Table B.2: Mean Percentile Scores of Job Skill Requirements for Broad Occupation
Classes

The table reports the mean percentile rank scores, q(rc,j), along the four skill dimensions considered in the empirical
analysis for the main occupation categories of occ1990dd occupation system from Dorn (2009). Source: O*NET, ASVAB
and author’s calculations.

Broad Occupational Titles
Mean Percentile Rank Score

Verbal Social Math Technical

Managerial and Professional Specialty Occupations 83.33 77.63 77.53 36.83

Technical, Sales, and Administrative Support Occupations 58.27 54.07 56.00 28.64

Service Occupations 39.24 57.53 27.71 38.35

Farming, Forestry, and Fishing Occupations 28.50 37.00 36.50 53.83

Precision Production, Craft, and Repair Occupations 31.78 33.75 42.63 82.16

F. Operators, Fabricators, and Laborers 21.31 21.64 26.05 66.45

Table B.3: Percentile Scores of Job Skill Requirements for Selected Occupations

The table reports the percentile rank scores, q(rc,j), along the four skill dimensions considered in the empirical analysis
for selected three-digit occupations in the O*NET dataset. Source: O*NET, ASVAB and author’s calculations.

Occupation
Percentile rank score

Verbal Social Math Technical

Agents and Business Managers of Artists, Performers, and Athletes 93 99 64 3

Economists 91 65 96 10

Elevator Installers and Repairers 52 45 53 100

Helpers–Installation, Maintenance, and Repair Workers 30 29 16 92

Lawyers 100 89 72 6

Paiting Workers 4 14 9 62

Tour and Travel Guides 51 73 31 18

Waiters 71 29 7 13
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Table B.4: Correlation between Worker’s Abilities and Job Skill Requirements

The table reports the correlation pattern between the percentile rank scores of worker’s abilities, q(ai,j), and the percentile
scores of job skill requirements, q(rc,j), across 4 skill dimensions: verbal, math, technical and social. The values in bold
capture the sorting pattern between worker’s abilities and job skill requirements. In Panel A, correlations are computed
using the sample of 4,126 individuals in the sample. The correlations in Panel B are computed using the 140,284
individual-year observations in the sample. Source: NLSY79, O*NET and author’s calculations.

q(ai,v) q((ai,m) q(ai,t) q(ai,s)

Panel A: Worker’s abilities

q(ai,v) 1

q(ai,m) 0.785 1

q(ai,t) 0.728 0.760 1

q(ai,s) 0.319 0.317 0.295 1

Panel B: Job Skill Requirements

q(rc,v) 0.315 0.363 0.317 0.189

q(rc,m) 0.272 0.339 0.313 0.168

q(rc,t) 0.115 0.198 0.277 0.0950

q(rc,s) 0.312 0.299 0.182 0.179
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Table B.5: Mismatch and the Business Cycle: Total Mismatch

The table reports coefficients from an OLS regression with robust standard errors clustered at the individual level reported in parentheses. In columns 1-4, the
dependent variable is overall mismatch, mi,ct (Equation 1). In columns 5-8, the dependent variable is the level od mismatch in each skill dimension: math (mm

i,ct
),

verbal (mv
i,ct

), technical (mt
i,ct

) and social (ms
i,ct

). The sample includes all worker-job matches between 1979 and 2012. ***, ** and * represent statistical significance
at 1%, 5% and 10% levels, respectively.

Dependent Variable: mi,ct mm
i,ct

mv
i,ct

mt
i,ct

ms
i,ct

(1) (2) (3) (4) (5) (6) (7)

Unemploymentt -0.138∗∗∗ -0.144∗∗∗ -0.141∗∗∗ -0.201∗∗∗ -0.0978 -0.232∗∗∗ -0.0340

(0.050) (0.050) (0.050) (0.071) (0.071) (0.067) (0.071)

Observations 519822 510470 510470 510470 510470 510470 510470

R-squared 0.491 0.497 0.503 0.502 0.504 0.549 0.606

Individual FE Y Y Y Y Y Y Y

Year and Month FE Y Y Y Y Y Y Y

Region FE Y Y Y Y Y Y Y

Industry FE N Y Y Y Y Y Y

Occupation FE N N Y Y Y Y Y
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Table B.6: Match quality and the Business Cycle: Positive and Negative Mismatch

The table reports coefficients with robust standard errors clustered at the individual level reported in parentheses. Panel
A replicates columns 4-8 of table B.5 using as the dependent variable the measure of positive mismatch, overall and for
each skill. Panel B replicates columns 4-8 of Table B.5 using as the dependent variable the measure of negative mismatch,
overall and for each skill. The sample includes all worker-job matches between 1979 and 2012. ***, ** and * represent
statistical significance at 1%, 5% and 10% levels, respectively.

Dependent Variable: mi,ct mm
i,ct

mv
i,ct

mt
i,ct

ms
i,ct

(1) (2) (3) (4) (5)

Panel A: Positive Mismatch

Unemploymentt -0.0413 -0.0571 -0.0260 -0.0849∗ 0.00252

(0.037) (0.049) (0.048) (0.051) (0.045)

Observations 510470 510470 510470 510470 510470

R-squared 0.773 0.754 0.781 0.775 0.766

Panel B: Negative Mismatch

Unemploymentt -0.0998∗∗∗ -0.144∗∗∗ -0.0718 -0.147∗∗∗ -0.0365

(0.035) (0.045) (0.044) (0.043) (0.052)

Observations 510470 510470 510470 510470 510470

R-squared 0.765 0.749 0.772 0.742 0.814

Table B.7: Correlation of Mismatch by Occupation and Unemployment

Mt M+
t M−

t

Managerial and Professional Specialty Occ. -0.583 -0.521 -0.293

Technical, Sales, and Administrative Support Occ. -0.672 0.0293 -0.670

Service Occ. 0.242 0.179 0.120

Farming, Forestry, and Fishing Occ. -0.259 0.359 -0.575

Precision Production, Craft, and Repair Occ. -0.421 -0.308 -0.441

Operators, Fabricators, and Laborers Occ. -0.401 -0.442 0.329

Notes: This table reports the correlation between the unemployment rate and the average of
total, positive and negative mismatch for each occupation category.
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Figure B.1: Mismatch by previous Employment Status and Unemployment

A. Total Mismatch

B. Positive Mismatch

C. Negative Mismatch

Notes: Data are shown in standard deviations. Unemployment is the monthly unemployment
rate at the national level. In Panel A, Mismatch is average mismatch Mt in equation 5. In
Panel B and C, Positive Mis. and Negative Mis. are, respectively, average positive and negative
mismatch as defined in section 2.1 and constructed the same way asMt. Shaded areas correspond
to NBER recessions. Job Stayers correspond to all ongoing matches. EE are job-to-job transitions
in a given month. UE are new hires from unemployment in a given month. Source: Authors’
calculations, BLS and NBER.
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Figure B.2: Mismatch by Occupation and Unemployment

A. Managerial and Professional Specialty Occ.

C. Service Occ.

E. Precision Production, Craft, and Repair Occ.

A. Technical, Sales, and Administrative Support
Occ.

D. Farming, Forestry, and Fishing Occ.

F. Operators, Fabricators, and Laborers Occ.

Notes: Data are shown in standard deviations. Unemployment is the monthly unemployment rate at the
national level.Mismatch is average mismatch Mt in equation 5. Positive Mis. and Negative Mis. are,
respectively, average positive and negative mismatch as defined in section 2.1 and constructed the same way
as Mt. Shaded areas correspond to NBER recessions.
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Figure B.3: Mismatch by Industry and Unemployment

A. Agri., Forestry, Fish., and Hunt.

D. Manufacturing

G. Finance, Insur., Real Est.

J. Entert. and Recreation Services

B. Mining

E. Transp., Comm.,Others

H. Business and Repair Services

K. Professional Services

C. Construction

F. Wholesale and Retail Trade

I. Personal Services

L. Public Administration

Notes: Data are shown in standard deviations. Unemployment is the monthly unemployment rate at the national
level.Mismatch is average mismatch Mt in equation 5. Positive Mis. and Negative Mis. are, respectively, average
positive and negative mismatch as defined in section 2.1 and constructed the same way as Mt. Shaded areas correspond
to NBER recessions.
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Table B.8: Correlation of Mismatch by Industry and Unemployment

Mt M+
t M−

t

Agriculture, Forestry, Fishing, and Hunting -0.168 0.325 -0.460

Mining -0.355 -0.327 -0.293

Construction -0.344 -0.228 -0.322

Manufacturing -0.435 -0.388 -0.414

Transportation, Communications, and Others -0.420 -0.182 -0.464

Wholesale and Retail Trade -0.0860 0.0427 -0.324

Finance, Insurance and Real Estate -0.526 -0.241 -0.352

Business and Repair Services -0.442 -0.570 -0.0195

Personal Services -0.441 -0.461 0.00653

Entertainment and Recreation Services 0.309 0.226 0.154

Professional and Related Services -0.364 -0.350 -0.189

Public Administration -0.0946 0.503 -0.406

Notes: This table reports the correlation between the unemployment rate and the average of
total, positive and negative mismatch for each industry category.

Figure B.4: Job Duration and Mismatch

Notes: This figure shows the correlation between mismatch and εi,j · β̂2 ·mi,cj , where εi,j are the
residuals from the following model durationi,j = β0 + β1xi,j + β2mi,cj + δi, with durationi,j
being the number of months job j lasted and xi,j a vector of controls that includes individual i’s
age and its square in the month job j ended.

35



B.1 Mismatch dispersion

Mismatch dispersion We measure cross-sectional dispersion of mismatch St as

St =

√√√√ 1
N − 1

N∑
i=1

((εi,ct + β̂2zt)−Mt)2 (13)

where εi,ct is the residual from the regression:

mi,ct = β0 + β1xi,t + β2zt + δi + δm + δy + εi,ct

and β2 is the estimated coefficient.

Figure B.5: Mismatch dispersion and Unemployment

A. All Matches

C. E-E moves

B. Job Stayers

D. E-U moves
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C Robustness Checks

Table C.9: Match quality and the Business Cycle: Lagged Unemployment

The table reports coefficients from an OLS regression with robust standard errors clustered at the individual level reported
in parentheses. In columns 1-2, the dependent variable is mismatch, mi,ct , in columns 3-4 is positive mismatch, m+

i,ct
, and

in columns 5-6 is negative mismatch, m−
i,ct

. All columns include a quadratic polynomial in age, and the following fixed
effects: individual, month, year, region, one-digit industry and one-digit occupation. The sample includes all worker-job
matches between 1979 and 2012. ***, ** and * represent statistical significance at 1%, 5% and 10% levels, respectively.

Dependent variable: mi,ct m+
i,ct

m−
i,ct

(1) (2) (3) (4) (5) (6)

Unemploymentt -0.179∗∗∗ -0.198∗∗∗ -0.052 -0.061 -0.127∗∗∗ -0.137∗∗∗

(0.062) (0.063) (0.047) (0.048) (0.040) (0.041)

Unemploymentt − 1 0.046 0.046 0.013 0.014 0.033 0.033

(0.072) (0.072) (0.055) (0.055) (0.047) (0.047)

EEi,t × Unemploymentt 0.147 0.072 0.075

(0.093) (0.068) (0.064)

UEi,t × Unemploymentt 0.385∗∗∗ 0.169∗∗∗ 0.216∗∗∗

(0.085) (0.062) (0.056)

Observations 510140 510140 510140 510140 510140 510140

R-squared 0.504 0.504 0.773 0.773 0.765 0.765

37



Table C.10: Match quality and the Business Cycle: Alternative Indicators

The table reports coefficients from an OLS regression with robust standard errors clustered at the individual level
reported in parentheses. In columns 1-2, the dependent variable is mismatch, mi,ct , in columns 3-4 is positive mismatch,
m+
i,ct

, and in columns 5-6 is negative mismatch, m−
i,ct

. Panel A uses as the business cycle indicator the Composite
Help-Wanted index developed by Barnichon (2010) and Panel B use the industrial production index. EEi,t is a dummy
for whether individual i is a new hire from employment and UEi,t is a dummy for whether individual i is a new hire from
unemployment. All columns include a quadratic polynomial in age, and the following fixed effects: individual, month,
year, one-digit industry and one-digit occupation. The sample includes all worker-job matches between 1979 and 2012.
***, ** and * represent statistical significance at 1%, 5% and 10% levels, respectively.

Dependent variable: mi,ct m+
i,ct

m−
i,ct

(1) (2) (3) (4) (5) (6)

Panel A: Vacancies

Vacanciest 0.243∗∗ 0.278∗∗ 0.056 0.075 0.187∗∗ 0.203∗∗

(0.112) (0.113) (0.082) (0.082) (0.081) (0.082)

EEi,t × Vacanciest -0.286 -0.039 -0.247

(0.290) (0.216) (0.201)

UEi,t × Vacanciest -0.964∗∗∗ -0.592∗∗∗ -0.372∗∗

(0.284) (0.210) (0.180)

Observations 510470 510470 510470 510470 510470 510470

R-squared 0.503 0.503 0.773 0.773 0.765 0.765

Panel B: Industrial Production

Industrial Productiont 0.034∗∗∗ 0.034∗∗∗ 0.014∗ 0.015∗ 0.020∗∗ 0.020∗∗

(0.012) (0.012) (0.009) (0.009) (0.009) (0.009)

EEi,t × Industrial Productiont -0.001 -0.001 0.001

(0.010) (0.007) (0.007)

UEi,t × Industrial Productiont -0.021∗∗ -0.001 -0.020∗∗∗

(0.009) (0.006) (0.006)

Observations 510470 510470 510470 510470 510470 510470

R-squared 0.503 0.503 0.773 0.773 0.765 0.765
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Table C.11: Match quality and the Business Cycle: Only Males

The table reports coefficients from an OLS regression with robust standard errors clustered at the individual level
reported in parentheses. In columns 1-2, the dependent variable is mismatch, mi,ct , in columns 3-4 is positive mismatch,
m+
i,ct

, and in columns 5-6 is negative mismatch, m−
i,ct

. EEi,t is a dummy for whether individual i is a new hire from
employment and UEi,t is a dummy for whether individual i is a new hire from unemployment. All columns include a
quadratic polynomial in age, and the following fixed effects: individual, month, year, one-digit industry and one-digit
occupation. The sample includes all worker-job matches between 1979 and 2012 for males. ***, ** and * represent
statistical significance at 1%, 5% and 10% levels, respectively.

Dependent variable: mi,ct m+
i,ct

m−
i,ct

(1) (2) (3) (4) (5) (6)

Unemploymentt -0.222∗∗ -0.244∗∗∗ -0.0879 -0.0960∗ -0.134∗∗ -0.148∗∗∗

(0.090) (0.086) (0.055) (0.056) (0.052) (0.053)

EEi,t × Unemploymentt 0.246∗ 0.129 0.117

(0.121) (0.096) (0.087)

UEi,t × Unemploymentt 0.402∗∗∗ 0.121 0.281∗∗∗

(0.097) (0.092) (0.082)

Observations 266459 266459 266459 266459 266459 266459

R-squared 0.490 0.490 0.767 0.767 0.762 0.762

39



Table C.12: Match quality and the Business Cycle: Alternative Mismatch Measures

The table reports coefficients from an OLS regression with robust standard errors clustered at the individual level reported
in parentheses. In columns 1-2, the dependent variable is mismatch, mi,ct , in columns 3-4 is positive mismatch, m+

i,ct
,

and in columns 5-6 is negative mismatch, m−
i,ct

. Panel A uses a version version of the mismatch index with only 3 skill
dimensions (math, verbal and social). In Panel B, each skill has a different weight in the computation of the mismatch
index. The weights are the ones used in Guvenen et al. (2015): (verbal, math,social) = (0.43, 0.43, 0.12). Panel C
uses a mismatch index computed as in Speer (2017). . EEi,t is a dummy for whether individual i is a new hire from
employment and UEi,t is a dummy for whether individual i is a new hire from unemployment. All columns include a
quadratic polynomial in age, and the following fixed effects: individual, month, year, one-digit industry and one-digit
occupation. The sample includes all worker-job matches between 1979 and 2012. ***, ** and * represent statistical
significance at 1%, 5% and 10% levels, respectively.

Dependent variable: mi,ct m+
i,ct

m−
i,ct

(1) (2) (3) (4) (5) (6)

Panel A: 3 skills, unweighted

Unemploymentt -0.110∗∗ -0.130∗∗ -0.0266 -0.0363 -0.0833∗∗ -0.0941∗∗∗

(0.050) (0.051) (0.036) (0.036) (0.036) (0.036)

EEi,t × Unemploymentt 0.135 0.0626 0.0727

(0.094) (0.065) (0.065)

UEi,t × Unemploymentt 0.435∗∗∗ 0.201∗∗∗ 0.234∗∗∗

(0.086) (0.060) (0.058)

Observations 510470 510470 510470 510470 510470 510470

R-squared 0.513 0.514 0.771 0.771 0.781 0.781

Panel B: 3 skills, weighted

Unemploymentt -0.133∗∗ -0.155∗∗∗ -0.0354 -0.0463 -0.0972∗∗ -0.108∗∗∗

(0.057) (0.058) (0.040) (0.041) (0.038) (0.038)

EEi,t × Unemploymentt 0.116 0.0536 0.0621

(0.107) (0.074) (0.071)

UEi,t × Unemploymentt 0.484∗∗∗ 0.235∗∗∗ 0.250∗∗∗

(0.097) (0.066) (0.062)

Observations 510470 510470 510470 510470 510470 510470

R-squared 0.488 0.488 0.769 0.769 0.763 0.763

Panel C: Speer (2017)

Unemploymentt -0.158∗∗∗ -0.175∗∗∗ -0.0548 -0.0674 -0.0879∗∗∗ -0.0960∗∗∗

(0.043) (0.043) (0.043) (0.044) (0.032) (0.032)

EEi,t × Unemploymentt 0.0888 0.0839 0.0451

(0.083) (0.080) (0.059)

UEi,t × Unemploymentt 0.376∗∗∗ 0.260∗∗∗ 0.178∗∗∗

(0.075) (0.071) (0.051)

Observations 510470 510470 510470 510470 510470 510470

R-squared 0.519 0.519 0.763 0.763 0.813 0.813
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