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Abstract

Using a large panel dataset of US workers, we calibrate a version of the search-theoretic
model of the labor market of Menzio and Shi (2011) where workers are heterogeneous
with respect to the parameters governing their employment transitions. The model is
calibrated with a version of the 2-stage Grouped-Fixed Effect of Bonhomme, Lamadon
and Manresa (2021), where heterogeneity is approximated by discrete latent types and
type-specific parameters are calibrated by matching type-specific moments. The model
is used to measure the effect of aggregate productivity shocks. As the unemployment of
the marginal type is sensitive to the shock and adjusts slowly, the response of aggregate
unemployment is large and persistent.
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1 Introduction

The standard tool for studying cyclical unemployment fluctuations is the equilibrium search-
theoretic model of the labor market developed by Diamond, Mortensen and Pissarides (e.g.,
Pissarides 1985 or Mortensen and Pissarides 1994). In nearly all of its formulations and ap-
plications, the model assumes that workers are ex-ante identical with respect to their pattern
of employment transitions—in the sense that their transitions are all realizations of a com-
mon stochastic process. Yet, empirical evidence—even casual one—suggests that workers move
across employment states according to heterogeneous transition processes. Indeed, the rate
at which workers move between employment and unemployment is known to be different for
workers with different education. There is evidence that the majority of unemployment spells
originates from the same minority of workers (e.g., Morchio 2019). And there is evidence of
unobserved heterogeneity in the rate at which workers move from unemployment to employ-
ment (e.g., Mueller, Spinnewjin and Topa 2019). Naturally, though, evidence of heterogeneity
in the transition process of workers does not automatically imply that the “representative
worker” assumption is inappropriate for studying aggregate unemployment fluctuations and
other macro-labor phenomena.

In this paper, we want to use a large panel dataset to provide a systematic assessment of
workers’ heterogeneity with respect to their pattern of employment transitions and, then, we
want to quantify the role played by workers’ heterogeneity in shaping the cyclical behavior of
the aggregate labor market. Two technical hurdles stand in the way of this project. First, we
need to find a parsimonious way to measure worker heterogeneity, since estimating individual-
specific parameters through maximum likelihood would be computationally too burdensome on
a panel dataset that covers many workers for many years. Second, we need to find a way to
solve for the out-of-steady-state dynamics of a model in which workers are heterogeneous not
only with respect to their current employment state, but also with respect to the parameters

that affect their employment transition process.

In order to recover worker-specific parameters, we follow the two-stage Grouped Fixed
Effects (GFE) methodology developed by Bonhomme, Lamadon and Manresa (2021). In the
first-step, we discretize workers’ heterogeneity using the k-means algorithm. The output of the
algorithm is an assignment of individual workers to types and means of type-specific outcomes.
In the second-step, we estimate the type-specific parameters of a search-theoretic model of the
labor market in the spirit of Menzio and Shi (2011) by matching type-specific moments. As
shown in Bonhomme, Lamadon and Manresa (2021), this two-step procedure produces estimates
of the type-specific parameters that are consistent—in the sense that they recover the individual-
specific parameters in the limit where the number of workers, the number of observations per
worker, and the number of types grow large. In order to analyze the implications of workers’
heterogeneity for aggregate labor market dynamics, we exploit the fact that the equilibrium of
the model is block-recursive—in the sense that the agents’ value and policy functions depend
on the aggregate state of the economy only through the exogenous shocks and not through the
entire distribution of workers across types and employment states.



In the first part of the paper, we document and discretize the extent of workers’ hetero-
geneity with respect to their patterns of employment transitions. We access the Longitudinal
Employer-Household Dynamics (LEHD) dataset between 1997 and 2014 and observe the history
of employment transitions for over 500,000 individual workers. For each individual worker, we
record the time spent in unemployment, the distribution of duration of different unemployment
spells and the distribution of duration of different jobs. Using the k-means algorithm, we assign
individual workers to types based on the similarity of their pattern of employment transitions.
We find that workers” heterogeneity is well-approximated by 3 types of workers, which we label
a, f and v. Workers of type a are the majority of the population. These workers are most likely
to move from unemployment to employment within a quarter and, once they become employed,
they are most likely to keep their job for more than 2 years. Workers of type v are a small
fraction of the population. These workers are most likely to remain unemployed for more than 1
year and, once they become employed, they are most likely to leave their job within 1 year. The
pattern of employment transitions for S-workers is between the pattern for v and for y-workers.
Interestingly, we find that a worker’s type is essentially orthogonal to the worker’s demographic
characteristics and industry—a finding that suggests that grouping workers by demographics
and industry is not a good way to approximate heterogeneity in transition patterns.

In the second part of the paper, we develop an equilibrium model of workers’ transi-
tions across employment states. The model is similar to Menzio and Shi (2011) and Menzio,
Telyukova and Visschers (2016). Firms spend resources to open vacancies and they advertise
the terms of trade offered to workers hired to fill them. Workers spend time seeking vacancies
and direct their search towards jobs offering particular terms of trade. In deciding where to
search, workers trade off the probability of finding a job with the generosity of the terms of
trade offered by the job, and the resolution of the trade-off depends on the worker’s employment
position. The quality of a particular firm-worker match is random and observed only after the
match is consummated. If the quality is low enough, the worker moves into unemployment to
find a new job as quickly as possible. If the quality of the match is in an intermediate range,
the worker keeps searching while staying on the job. If the quality of the match is high enough,
the worker stops searching altogether. Hence, the model generates endogenous transitions be-
tween unemployment and employment (UE rate), between employment and unemployment (EU
rate) and across employers (EE rate). The transition probabilities differ across types because a
worker’s type affects his ability to search, his baseline productivity, the distribution from which
he samples the quality of his matches, and the speed at which he discovers the quality of his

current match.

We calibrate the type-specific parameters of the model by matching type-specific moments,
such as the distribution of unemployment spell durations, the distribution of job durations,
the unemployment rate, the average earnings, etc... The calibrated model matches the type-
specific moments quite well and offers a structural interpretation to the observed pattern of
employment transitions for different types of workers. For instance, a-workers move quickly
from unemployment to employment because their expected gains from trade are large, and
they are likely to keep the same job for a long time because the distribution of match qualities



from which they sample has low variance—which implies that they are unlikely to leave a job
in order to sample another one. In contrast, y-workers move slowly from unemployment to
employment because their expected gains from trade are small, and they are likely to leave a
job within 1 year because the distribution of match qualities from which they sample has a
thick right tail—which implies that they keep sampling jobs until they find one at the very top
of the quality distribution.

We validate the model by testing its predictions with respect to two classic micro-phenomena.
First, we consider the earnings losses of displaced workers—workers who lose a job that they
held for more than 3 years. These losses contain information on the search capital accumulated
by workers in jobs that survive for multiple years, as well as on the speed at which search
capital is rebuilt after a displacement episode. In the data, we find that the earnings losses of
displaced workers are large and persistent on average, but much more so for ~-workers than
for a-workers. We show that the model reproduces very well the magnitude and persistence of
the earnings losses for different types of workers. Second, we consider the relationship between
unemployment duration and UE rate. In the data, we find that the UE rate declines sharply
with unemployment duration and that the distribution of the unemployment pool tilts towards
~v-workers and away from a-workers. We show that the model reproduces well the decline in
the UE rate, the composition of the unemployment pool at the beginning of a spell, and its
evolution throughout a spell.

In the last part of the paper, we use the calibrated model to measure the effect of aggregate
shocks on labor market outcomes. We find that a negative shock to the aggregate component
of productivity generates responses in UE, EU and unemployment rates that are very different
across different types of workers. The shock leads to a small decline in the UE rate, and to
a small and short-lived increase in the EU rate of a-workers. As a result, the increase in the
unemployment rate of a-workers is small and transitory. In contrast, the shock leads to a large
decline in the UE rate, and to a large and persistent increase in the EU rate of v-workers. As a
result, the increase in the unemployment rate of vy-workers is large and persistent. Intuitively,
the UE rate of y-workers is more sensitive to the shock because the gap between the market
productivity and the value of non-market activities is smaller for y-workers and, hence, the
shock reduces their gains from trade by a larger percentage. The EU rate of -workers is more
sensitive to the shock because y-workers are more likely to be in marginal matches. The EU
rate of y-workers is affected for a longer time by the shock because displaced y-workers need to
sample several jobs and to go through several EU transitions before finding another stable job.

At the aggregate level, we find that the shock leads to an increase in unemployment that is
large and persistent and to a decline in labor productivity that is smaller and more transitory
than the shock. In response to a negative shock to the aggregate productivity with a magnitude
of 10% and a half-life of 3 years, the increase in the unemployment rate is 7.5 percentage
points with a half-life of close to 6 years. Both the magnitude and persistence of aggregate
unemployment are largely driven by the behavior of v-workers, who are a small fraction of the
population but control the behavior of aggregate unemployment because they are marginal.
In response to the shock, the decline in labor productivity is about 7.5% with a half-life of



2 years. The decline in labor productivity is smaller than the underlying shock because of a
double cleansing effect—i.e. the workers who survive the impact of the shock are more likely
to be in high-quality matches and are more likely to be high-productivity types. The decline in
labor productivity recovers more quickly than the underlying shock because of changes in the
composition of the employment pool. Overall, the model implies that unemployment is quite
elastic to labor productivity fluctuations and that unemployment fluctuations are much more

persistent than labor productivity fluctuations.

We assess the importance of workers’ heterogeneity for macro dynamics by measuring the
response to the shock in a version of the model with a representative worker. We find that
workers’ heterogeneity almost doubles the size of the responses of UE, EU and unemployment
rates, and that is nearly doubles the half-life of the response of EU and unemployment rate.
Intuitively, a representative worker model that is calibrated to match the population-wide
pattern of workers’ transitions between employment states fails to capture the properties of the
search process of y-workers, which is the process that essentially controls the response of the
labor market to aggregate shocks.

We measure the unemployment rate of different types of workers during and after the Great
Recession. We find that the unemployment rate increased by only 3 percentage points for
a-workers, by 8 percentage points for S-workers, and by a striking 20 percentage points for -
workers. Moreover, we find that the increase in the unemployment rate was reabsorbed quickly
for a-workers (2013), less so for S-workers (2014), and much more slowly for y-workers—whose
unemployment rate was still 10 percentage points higher than before the recession in 2014. The
size and persistence of the increase in type-specific unemployment during the Great Recession
are qualitatively similar to the predictions of the model in response to an aggregate productivity
shock, but the magnitude of the decline in labor productivity is much smaller and much more
transitory than as predicted by the model. Presumably, this is evidence that other types of
shocks were behind the Great Recession. We show, however, that type-specific productivity
shocks that are perfectly correlated but are larger for « than for a-workers can go a long way in
realigning the quantitative predictions of the model with the actual behavior of unemployment
and labor productivity.

In this paper, we make a methodological contribution to the macro-labor literature by
calibrating a dynamic equilibrium model in which workers are heterogeneous with respect to
the stochastic process that controls their transitions across employment states. To accomplish
this task, we use a version of the equilibrium model of Menzio and Shi (2011) which can be solved
in the presence of aggregate shocks in spite of workers’ heterogeneity, we access a panel dataset
covering more than half a million of individuals for more than 15 years, and we use the Grouped
Fixed-Effect method of Bonhomme, Lamadon and Manresa (2021) to discretize the observed
heterogeneity in workers’ transition patters and to estimate the type-specific parameters of
the model. Our paper is related to and inspired by recent work by Morchio (2020), Ahn and
Hamilton (2020), Hall and Kudlyak (2020) and Karahan, Ozkan and Song (2019), as well as by
some earlier work by Pries (2008). Morchio (2020) documents that most unemployment spells
originate from the same individuals—thus bringing evidence of heterogeneity in the workers’



stochastic processes. Karahan, Ozkan and Song (2019) document systematic differences in the
speed at which workers climb the wage ladder. Ahn and Hamilton (2020) document changes
in the relationship between UE rate and unemployment duration before and after the Great
Recession—thus suggesting cyclical changes in the type-composition of the unemployment pool.
Hall and Kudlyak (2020) use the short panel of the CPS to estimate heterogeneous hazards in
and out of unemployment by maximum likelihood. In a prescient paper, Pries (2008) shows—as
a proof of concept—that workers’ heterogeneity may amplify the response of the labor market to
shocks. He shows that amplification is strongest if there are workers who have lower productivity
and whose EU rate is more sensitive to shocks. As it turns out, these are precisely the features

of v-workers.

The paper makes a substantive contribution to the macro-labor literature by showing that
workers’ heterogeneity does matter for labor market fluctuations. From the perspective of a
basic search-theoretic model with a representative worker (e.g., Pissarides 1985), the cyclical
behavior of the labor market is puzzling. First, unemployment fluctuations are large compared
to productivity fluctuations (e.g., Shimer 2005). The literature identified several ways to in-
crease the elasticity of unemployment to productivity shocks: sticky wages (e.g., Hall 2005,
Gertler and Trigari 2009, Kennan 2010, Menzio and Moen 2010); small gains from trade (e.g.,
Hagedorn and Manovskii 2008, Sargent and Lijndquivst 2017); heterogeneous match quality
(e.g., Menzio and Shi 2011). In our paper, amplification is generated by ~-workers—who have
small expected gains from trade and face great uncertainty with respect to the quality of their
matches. Second, unemployment recoveries are slow (e.g., Pries 2004, Bachmann 2007). Mech-
anisms that are known to increase the persistence of unemployment include: heterogeneous
match quality (e.g., Pries 2004); adjustment costs in the stock of vacancies (e.g., Fujita and
Ramey 2007); and a decline in the firms’ ability to recall previous employees (e.g., Fujita and
Moscarini 2010). In our paper, unemployment propagation is generated by ~-workers—whose
search process is slow compared to the average worker. Third, the correlation of unemployment
and productivity has been low over the last 35 years (e.g., Gali and Van Rens 2017). In order
to address the low correlation between unemployment and productivity, the literature consid-
ered non-technological shocks, such as shocks to the discount factor (e.g., Hall 2017, Kehoe,
Midrigan and Pastorino 2019, Martellini, Menzio and Visschers 2021), self-fulfilling shocks to
expectations (e.g., Kaplan and Menzio 2016), and correlated equilibria (e.g., Golosov and Men-
zio 2020). In our paper, a weak correlation between unemployment and productivity can be
generated by type-specific shocks.

2 Documenting and Discretizing Heterogeneity

The aim of the paper is to estimate a search-theoretic model of the labor market in which
workers differ with respect to fundamental parameters that shape their pattern of transitions
between employment, unemployment and across employers. To this aim, we follow a version
of the two-step Grouped Fixed Effects (GFE) estimation method of Bonhomme, Lamadon and
Manresa (2021). In the first step, we group workers into a discrete number of types based



on their similarity with respect to their pattern of transitions across employment states. In
the second step, we introduce a theoretical model of workers’ transitions across employment
states based on Menzio and Shi (2011) and calibrate its type-specific parameters by matching
type-specific empirical moments. As established in Bonhomme, Lamadon and Manresa (2021),
the two-step GFE method provides consistent estimates of individual-specific parameters.! In
this section, we carry out the first step. In Section 2.1, we describe the administrative data
that we use to document heterogeneity in workers’ employment transitions. In Section 2.2,
we describe the algorithm used to group workers into types. In Section 2.3, we describe the
defining features of different types.

2.1 Data

Our empirical analysis is based on data from the Longitudinal Employer-Household Dynamics
(LEHD) program. The LEHD contains information about individual employment histories,
including an identifier for the individual, an identifier for the individual’s employer (a state-
level SEIN), and the quarterly earnings of the individual from each employer (as measured
by pre-tax labor earnings). The LEHD does not report employment in the military or in the
federal government, self-employment, contracting work, or any other form of employment that
is not covered by Unemployment Insurance.?

We have access to the employment histories between 1997 and 2014 for a 2% random sample
of individuals from 17 States, including California, Illinois and Texas. Since we are interested in
individuals with a strong attachment to the labor force, we purge our sample from all workers
who have an earning gap of more than 2 years between two consecutive employment episodes.
The purged sample contains about 692,000 unique individuals, or about 0.5% of the US labor
force and 0.65% of the US private sector employment. In light of our inclusion restriction, we
will refer to non-employment spells as unemployment spells, and we will refer to the fraction
of non-employed individuals as the unemployment rate. Obviously, though, our definition of
unemployment does not coincide with the official definition of unemployment by the Bureau of
Labor Statistics (BLS).

In order to deal with individuals who are entering and exiting the labor force and with
censored spells, we create a 2-year window at the beginning of the reference period 1997-2014
(i.e. 1997-1998) and at the end of the reference period (i.e. 2013-2014). If an individual was
employed in the first quarter of 1999, we know whether his job lasted more than 2 years (which
is the highest bin that we use for classifying job durations) or when it did start (because of the

Hall and Kudlyak (2019) follow a different approach. They maximize the likelihood of each individual
history with respect to type-specific parameters and the fraction of workers in each types. Whether one should
use maximum likelihood or GFE depends on the available data. If one has access to a small dataset, in which
there are very few observations per worker and few workers, maximum likelihood is more appropriate. This is
the case in Hall and Kudlyak (2019), who have only 8 observations per individual. On the other hand, if one
has access to many observations per worker and many workers, one can appeal to the asymptotic properties
of GFE and avoid the computational burden of maximum likelihood. This is our case, as we have up to 56
observations per worker and more than half a million of workers.

2See Abowd et al. (2009) for more details about the LEHD.



2-year window at the beginning of the reference period). In either case, we start the record
of the individual at the beginning of that job. If an individual was unemployed in the first
quarter of 1999, we know whether his unemployment spell lasted more or less than 2 years.
If it lasted less than 2 years, we start the record of the individual with the beginning of that
unemployment spell. If it lasted more than 2 years, we have no record of prior employment for
the individual and we start his record from his first job in the reference period. That is, we

assume that the individual was out of the labor force prior to his first job.

Symmetrically, if an individual was employed in the last quarter of 2012, we know whether
his job lasted more than 2 years (since we track the worker until the end of 2014) or when the
job ended. In either case, we end the record of the individual with the end of that job. If an
individual was unemployed in the last quarter of 2012, we know whether his unemployment
spell lasted more than 2 years—in which case we stop the record of the individual with the end
of the last job in the reference period—or less than 2 years—in which case we stop the record

of the individual at the end of the unemployment spell.

Having determined the start and end date of the employment record of each individual, we
measure the duration of each of his jobs and each of his unemployment spells. We measure the
duration of a job as the number of quarters during which the individual reports earnings from
a particular employer.®> We measure the duration of an unemployment spell as the number of
quarters during which the individual does not report any earnings. If the individual transits
from one employer to another, he may experience a spell of unemployment lasting less than
a full quarter. We assume that the worker experiences a short unemployment spell in one of
two cases: (a) the individual has only earnings from the first employer in one quarter and only
earnings from the second employer in the next quarter; (b) the individual has earnings from
both employers, but the total of these earnings is less than the minimum between his earnings
in the previous quarter (when the individual is with the first employer) and in the next quarter
(when the individual is with the second employer). In each one of these two cases, we impute an
unemployment spell of half a quarter. Otherwise, we assume that the worker transited directly
from the first to the second employer.

We then classify all the jobs of the individual into one of four bins: jobs lasting no more
than 1 quarter; jobs lasting more than 1 and no more than 4 quarters; jobs lasting more than
4 but no more than 8 quarters; and jobs lasting more than 8 quarters. Similarly, we classify
the unemployment spells into one of three bins: spells lasting no more than 1 quarter (which
includes imputed unemployment spells); spells lasting more than 1 but no more than 4 quarters;
and spells lasting more than 4 but less than 8 quarters.

Lastly, we summarize the pattern of employment transitions of an individual by constructing
the following statistics: (i) the fraction of jobs lasting less than 1 quarter, between 1 and 4
quarters, between 4 and 8 quarters, and more than 8 quarters; (ii) the fraction of unemployment
spells lasting less than 1 quarter, between 1 and 4 quarters, and between 4 and 8 quarters;* (iii)

3We restrict attention to the individual’s primary employer.
4If the individual is employed over the entire period, we set the fraction of unemployment spells of any
duration at zero.



the total quarters of unemployment as a fraction of the total number of quarters on record; (iv)
the total number of different jobs as a fraction of the total number of quarters on record. These
statistics paint a picture of the pattern of employment transitions of a particular individual.
Statistic (iii) tells us how much time the individual spends in unemployment. Statistic (ii)
tells us the distribution of unemployment durations for an individual. Statistic (i) tells us the
distribution of job durations for an individual. Statistic (iv) together with (iii) tells us about

direct job-to-job transitions.

2.2 Discretizing heterogeneity

We discretize the workers’ heterogeneity with respect to their pattern of employment transitions
using the k-means algorithm—a standard tool in the machine learning literature (see, e.g.,
Friedman, Hastie and Tibshirani 2017) that is becoming commonplace also in economics (see,
e.g., Bonhomme, Lamadon, and Manresa 2019, 2021). The k-means algorithm discretizes
heterogeneity by grouping workers into types based on their similarity.® The number of types
is chosen using the cross-validation method by Wang (2010).

Let 7 denote an individual in our sample. Let s;;, s2;, s3,; and s4,; denote the distribution
of job durations for individual 7. Let s5;, s¢; and s7; denote the distribution of unemploy-
ment durations for individual i. Let sg; denote the fraction of time spent by individual ¢ in
unemployment. Let sg; denote the number of jobs of individual ¢ per unit of time. All the
statistics are expressed as ratios with respect to their population-wide standard deviation. The
four statistics describing the distribution of job durations have a weight of 1/4 each, the three
statistics describing the distribution of unemployment durations have a weight of 1/3 each, and
the remaining statistics each have a weight of 1.

For a given the number J of types, the assignment of individuals to types is a mapping
j(i) from an individual ¢ € {1,2,...N} to a type j € {1,2,...J} that solves the following
minimization problem

=
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In words, an individual ¢ is assigned to a type 7 so as to minimize the squared distance between
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the statistics of individual ¢ and the average statistics for all individuals assigned to type j.

5We group workers based exclusively on their similarity with respect to their pattern of transitions between
employment and unemployment and across jobs. We do so because heterogeneity in employment transitions has
the most direct effect on unemployment dynamics—our main object of interest. For example, the relationship
between unemployment duration and the probability of finding a job is directly affected by workers’ heterogeneity
with respect to their UE transition rate, and not by workers’ heterogeneity with respect to their wage. Had
we included measures of education, race, gender or earnings in the k-means algorithm, we would have likely
grouped together workers who have rather different transitions just because they have similar education, race,
gender or wages.



We solve the minimization problem in (2.1) using an iterative process. To initialize the
iteration, we select one of the dimensions describing individuals. We rank individuals along
the selected dimension and divide them into J types of equal size. That is, individual 4; is
assigned to type 1 if he ranks in the lowest 1/J percent of the population along the selected
dimension. Individual i, is assigned to type 2 if he ranks in the second lowest 1/.J percent of
the population along the selected dimension, etc.. Having created an initial assignment jo(7),
we compute the average sg’j of statistic s, for all individuals i assigned to type j. In the
n-th step of the iteration, we solve (2.1) using 5231 instead of s ; in the objective function.
The solution of (2.1) is an updated assignment j, (). Using the updated assignment j, (i), we
compute an updated average sy ; of statistic s;, for all individuals ¢ assigned to type j. We
continue the process until we reach a fixed point. We check the uniqueness of the fixed-point
by using different dimensions to construct the initial assignment ;°(i).

We choose the number of types J using the cross-validation approach proposed by Wang
(2010). We divide our sample of individuals into three subsamples, Sy, S; and S;. The sub-
samples S; and Sy are for training, and each of them accounts for 25% of the sample. The
subsample Sy is for validation, and it accounts for the remaining 50% of the sample. For any
J > 2, we solve (2.1) on the training subsample S; and obtain the type-specific averages S,lw-.
We also solve (2.1) on the training subsample Sy and obtain the type-specific averages sz’j.
We then solve (2.1) on the validation subsample Sy using s}w- instead of s} ; in the objective
function. This gives us an assignment j;(7) of individuals in subsample S;. We do the same
using s; ; and obtain a different assignment jy(i) of individuals in subsample Sy to types. We
choose J so as to minimize the number of individuals in Sy who are assigned to different clusters

1 2
based on s ; and sj ;, i.e.
No

1[1]12121 ' 1[j1(@) # ja(7)]. (2.2)

The logic behind the criterion (2.2) is simple. If .J is too low relative to the “true” number
of types, the average statistics of the J groups constructed using the training sample S; and
S, are likely to be quite different, as multiple actual types are artificially clustered together.
Similarly, if J is too large relative to the “true” number of types, the average statistics of the
J groups constructed using the two training sample are likely to be quite different, as one type
is artificially split into multiple groups. In either case, the same individuals in the validation
sample Sy are likely to be assigned to different groups based on the average statistics constructed

using S or Ss.

2.3 Worker types

Table 1 reports the outcomes of the classification process described above. We identify three
different types of workers in our sample, which we dub «, 5 and . Workers of type « represent
the majority of individuals in our sample (57%), while workers of type /3 are 26%, and workers
of type v are 17%.

Different types of workers have very different patterns of labor market transitions. Consider



a-workers | J-workers | v- workers

Population share 0.57 0.26 0.17
Job duration

<1Q 0.139 0.201 0.360

1Q-4Q 0.187 0.233 0.321

5Q-8Q 0.236 0.238 0.191

>8Q 0.439 0.329 0.119
Unemployment duration

<1Q 0.794 0.390 0.553

1Q-4Q 0.157 0.558 0.315

5Q-8Q 0.049 0.052 0.133
Fraction of time unemployed 0.036 0.096 0.292
Earnings $11,050 $7,376 $5,370

Table 1: Descriptive statistics for each worker type

the distribution of unemployment spell durations for different types. For a-workers, the fraction
of unemployment spells lasting less than 1 quarter is 79% and the fraction of spells lasting more
than 1 year is only 5%. For [-workers, the fraction of unemployment spells lasting less than
1 quarter is 39% and the fraction of spells lasting more than 1 year is 5%. For y-workers, the
fraction of unemployment spells lasting less than 1 quarter is 55% but the fraction of spells
lasting more than 1 year is 13%. That is, a-workers typically have short unemployment spells
and very rarely have long ones; [S-workers are less likely to have short unemployment spells
but they also have very few long ones; ~-workers are much more likely to experience long
unemployment spells compared to a’s and (’s. The average time spent in unemployment is
3.5% for an a-worker, 9.6% for a S-worker, and 29.2% for a y-worker.

Next, consider the distribution of job durations for different types. For a-workers, the
fraction of job spells lasting less than 1 quarter is 14%, and the fraction of job spells lasting
more than 2 years is 44%. For S-workers, the fraction of job spells lasting less than 1 quarter is
20%, and the fraction of job spells lasting more than 2 years is 33%. For v-workers, the fraction
of job spells lasting less than 1 quarter is 36%, and the fraction of job spells lasting more than
2 years is 12%. That is, a-workers are 50% more likely to remain in the same job for more
than 2 years than [-workers, and 4 times more likely than y-workers. Conversely, ~-workers
are 70% more likely to leave a job within 1 quarter than S-workers, and 3 times more likely
than a-workers.

Overall, our classification of workers into types paints a clear picture. When unemployed,
a-workers are likely to find a job quickly and, once they find it, they are likely to keep it for
more than 2 years. Unemployed [-workers find a job less quickly than a-workers and, once
they find it, they are less likely to keep it for more than 2 years. Unemployed vy-workers are
likely to remain unemployed for a relatively long period of time. Once they find a job, they are
likely to leave it within 1 year and to return into unemployment. Indeed, for y-workers only
about one job in 10 lasts for more than 2 years. We also find that, conditional on employment,
different types of workers have very different earnings. About 11 thousand US$ per quarter for
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Observables Observables + Transitions
Logit coeff. 8 | Logit coeff. v | Logit coeff. § | Logit coeff. v
High school graduate | -0.162*** -0.247%** -0.0697** -0.0948**
(0.00937) (0.0112) (0.0234) (0.0314)
Some college -0.220%%* -0.365*** -0.0873%** -0.157H%*
(0.00918) (0.0111) (0.0229) (0.0310)
College graduate -0.345%** -0.591%** -0.116*** -0.104**
(0.00970) (0.0122) (0.0246) (0.0342)
Female 0.0756*** 0.0252%** 0.0282 -0.0183
(0.00613) (0.00787) (0.0154) (0.0218)
Non-white 0.160%** 0.151%** -0.0673*** -0.289%**
(0.00613) (0.00778) (0.0153) (0.0215)
Birth year 0.00669*** 0.0297#** -0.00403*** -0.00622%**
(0.000248) (0.000325) (0.000737) (0.000990)
Constant -13. 1% -8, 7K 7.62%%* 10. 1%
(0.487) (0.640) (1.45) (1.95)
N 678,000 678,000
Detailed industry? Yes Yes
Pseudo R? 0.0335 0.837

Table 2: Logit coefficients for demographics on worker types

a-workers, 7.4 thousand US$ for S-workers, and only 5.3 thousand US$ for y-workers.

It turns out that a worker’s type—a summary of the worker’s pattern of employment
transitions—is essentially orthogonal to the worker’s demographic characteristics or industry.
For every individual in our sample, we collect birth year, gender, race (white or non-white),
education (some high school, high school, some college or college), State, and the 2-digit NAICS
code for the industry where the individual is employed most frequently. We then run a multino-
mial logit regression on the probability of being a particular type of worker using demographics
and industry as explanatory variables.

Table 2 reports the estimated regression coefficients—where the baseline outcome is white
and the baseline demographics are male, white and some high school. The regression coefficients
have the expected signs. For instance, an individual with more education is less likely to be
an a-worker, a non-white individual is less likely to be an a-worker, etc... These coefficients,
though, are of little interest because the fit of the multinomial logit model is so poor. The
pseudo R-squared of the regression is 3.35%, compared to a pseudo R-squared of 83.7% for
a multinomial logit that also includes the individual’s statistics on employment transitions.
Similarly, the Tjur’s R-squared—which measures the average difference between the predicted
probability of type j if the worker’s true type is 7 and if the worker’s true type is different from
j—is 4% for a-workers, 0.6% for S-workers, and 5% for ~-workers.

The finding that demographic characteristics and industry cannot predict a worker’s type
may come as a surprise. It is a well-established fact that the unemployment rate is very different
for high school graduates and college graduates, for men and women, for young and old workers.

And yet, education, gender and age cannot predict whether a worker is an «, 5 or 7. One way
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Figure 1: Left panel: the proportion of workers who are classified as type j that are truly of
type 7. Right panel: the difference between the average statistics of workers classified as type
7 and those of workers who are actually type j, measured in standard deviations.

to understand this finding is to relate it to Mincerian wage regressions. It is true that wages
are very different for high school graduates and college graduates, for men and women, for
young and old workers. And, yet, Mincer regressions show that these observable characteristics
account for a very small fraction of the dispersion of wages in the cross-section. In other
words, both for wages and for employment transitions, the differences in average outcomes
across workers with different observables are small relative to the difference in outcomes within
groups of workers who share the same observables.

2.4 Montecarlo analysis

While the asymptotic properties of the k-means algorithm are well understood (Bonhomme,
Lamadon and Manresa 2019, 2021), it is useful to assess the performance of the algorithm in
a finite sample. To this aim, we run several Montecarlo simulations. Using the theoretical
model that will be presented in Section 3 and that is calibrated to reproduce the pattern
of employment transitions of «, § and v workers, we simulate individual histories. We then
apply the k-means algorithm to the simulated individual histories and compare the resulting
assignment of individuals to type with the actual individual types. Every simulation comprises
half a million individual histories (the size of our sample from the LEHD) of different length: 2
years (the length of histories in the CPS), 5 years (the length of histories in the SIPP), 14 years
(the length of histories from our sample of the LEHD), 40 years (about the longest histories

one might observe), and 100 years.

In the left panel of Figure 1, we plot the fraction of workers classified as «, # or v that are
actually a, 8 or v. As the length of the individual histories increases, the fraction of workers
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that are correctly classified by the algorithm increases. For 2-year long histories, 60% of workers
classified as a’s are actually a’s, and 30% of the workers classified as §’s and 7’s are actually
B’s and ~+’s. For 100-year long histories, 90% of the workers classified as o’s are actually a’s,
90% of the workers classified as «'s are actually 7’s, and 60% of the workers classified as (3’s
are actually ’s. For 14-year long histories, the fraction of workers who are correctly classified
is 70% for as, 60% for s and 30% for §’s. At the relevant length, the k-means algorithm
does a good job at recognizing « and ~-workers. However, only 30% of workers classified as
[’s are actually (’s, while the remaining 70% are either a’s or 4’s. Since the S-workers have a
stochastic process for transitions that is intermediate between the process for a’s and ~’s, the
fact that some lucky (’s are classified as a’s and some unlucky ones are classified as ’s is not
surprising. It is also not too worrisome, as it involves misclassifying workers across types that
are relatively similar.

In the right panel of Figure 1, we plot the distance, measured in standard deviations, between
the average statistics of workers that are classified as «, § or v and the average statistics of
workers that are actually a, 8 or 7. As the length of individual histories increases, the distance
quickly falls to zero for all types of workers. For 14-year histories, the distance between the
average stats of actual and classified workers of type « is 5% of a standard deviation; it is
essentially zero for ’s; and it is about 30% of a standard deviation for v’s. We think that these
distances are reasonably small.

3 Modeling Heterogeneity

In this section, we develop an equilibrium model of workers’ transitions across employment
states based on Menzio and Shi (2011) and Menzio, Telyukova and Visschers (2016). Firms
spend resources to open vacancies and they advertise the terms of trade offered to workers
hired to fill them. Workers spend time seeking vacancies and direct their search towards jobs
offering particular terms of trade. In deciding where to search, workers trade off the probability
of finding a job with the generosity of the terms of trade offered by the job, and the resolution
of the trade-off depends on the worker’s employment position. The quality of a particular firm-
worker match is random and it is observed only after the match is consummated. If the quality
is low enough, the worker moves into unemployment to find a new job as quickly as possible. If
the quality of the match is in an intermediate range, the worker keeps searching while staying
on the job. If the quality of the match is high enough, the worker stops searching altogether.
The model generates endogenous workers’ transitions between unemployment, employment and
across employers. The transition probabilities differ across types of workers, as a worker’s type
affects his ability to search, the distribution of the quality of his match with different firms,
and the speed at which he discovers the quality of a match.
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3.1 Environment

The labor market is populated by a positive measure of workers and firms. Workers are ex-ante
heterogeneous with respect to their typei = 1,2,... 1. A worker of type ¢ maximizes the present
value of labor income discounted at the factor p € (0,1). A worker of type i earns some income
b; when he is unemployed, and some income w; when he is employed. The unemployment
income b; is a combination of unemployment benefits and value of leisure. The employment
income w; is determined by the worker’s employment contract. The measure of workers of type
i is p; € [0,1] and the total measure of workers is 1.

Firms are ex-ante homogeneous. Each firm maximizes the present value of profits, dis-
counted by the factor p. Each firm operates a constant return to scale technology which turns
the labor supply of a worker of type ¢ into xy;z units of output, where x € X C R, is a com-
ponent of productivity that is common to all firm-worker pairs, y; € Y C R, is a component
that is common to all pairs of firms and workers of type i, and z € Z C R, is a component
that is specific to a particular firm-worker pair. The aggregate component of productivity x
is time-varying, and it is the cause of aggregate labor market fluctuations. The type-specific
component of productivity y; is permanent, and it is the cause of differences in the average
earnings of different types of workers. The match-specific component of productivity z is also
permanent, and it is the cause of workers’ job-to-job mobility. We refer to z as the quality of a
firm-worker match. We assume that the quality of a firm-worker match is observed only after
the match is consummated (i.e., matches are experience goods).

The labor market is organized in a continuum of submarkets indexed by m = {v, i}, where
v € R denotes the lifetime income promised by firms to workers hired in m, and i € {1,2,...1}
denotes the type of workers hired by firms in m. Associated with each submarket m, there
is an endogenous vacancy-to-applicant ratio 6;(v) € R,.. We refer to 0;(v) as the tightness of
submarket m. If a worker applies for a job in m, he finds a vacancy with probability p(6;(v)),
where p is a strictly increasing, strictly concave function with p(0) = 0 and p(co) = 1. Similarly,
if a firm opens a vacancy in m, it finds an applicant with probability ¢(6;(v)), where ¢ is a strictly
decreasing function with ¢(6) = p(0)/0, q(0) = 1 and g(c0) = 0.

At the beginning of each period, the state of the economy can be summarized by the aggre-
gate component of productivity and by the distribution of workers across types and employment
states. Formally, the state of the economy is given by 1 = {x,u;, n;, g;}, where x € X is the
aggregate component of productivity, u; € [0,1] is the measure of workers of type i who are
unemployed, n; € [0, 1] is the measure of workers of type ¢ who are employed in a match of
unknown quality, ¢g; : Z — [0, 1] is a function such that g;(z) denotes the measure of workers

of type ¢ who are employed in a match of known quality z.

Each period consists of five stages: entry-and-exit, learning, separation, search, and produc-
tion. At the entry-and-exit stage, a worker of type 7 exits the labor market with probability
1 — x, with x € [0,1]. At the same time, a measure (1 — x)u; of workers of type i enters the
labor market in the state of unemployment. Since the measure of workers of type ¢ who exits
the labor market is equal to the measure of workers entering the labor market, the measure of
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workers of type ¢ in the economy remains constant over time.

At the learning stage, a worker of type ¢ and a firm discover the quality z of their match
with probability ¢; € [0,1]. The quality of the match is a random draw from a probability
distribution function f; : Z — [0,1] with a mean normalized to 1. At the separation stage,
a match between a worker of type i and a firm breaks up with probability d € [0;,1] The
probability d is specified by the employment contract regulating the relationship between the
worker and the firm. The lower bound ¢, denotes the probability that the worker has to leave

the match for exogenous reasons (e.g., firm closure or worker relocation).

At the search stage, a worker of type i gets the opportunity to search the labor market with
a probability that depends on his employment status. If a worker is unemployed, he gets to
search with probability A! = 1. If the worker is employed, he gets to search the market with
probability AL € [0,1]. If the worker became unemployed during the previous separation stage,
he cannot search. Whenever the worker gets to search, he chooses in which submarket m to
apply for a job. Simultaneously, firms choose how many vacancies to open in each submarket
m at the unit cost k; > 0.

Applicants and vacancies in submarket m = {v, i} meet bilaterally according to the meeting
probabilities p(6;(v)) and ¢(0;(v)). When a vacancy and an applicant of type ¢ meet in m, the
firm that owns the vacancy offers to the applicant a contract that is worth v in lifetime income.
If the applicant accepts the offer, he becomes employed by the firm under the rules of the
contract. If the applicant rejects the offer, which is an off-equilibrium event, he returns to his
previous employment status. When a vacancy and an applicant of a type different from ¢ meet

in submarket m, the firm refuses to hire the applicant.

At the production stage, a worker of type ¢ who is unemployed receives an income equal to
b; units of output, a combination of unemployment benefits and value of leisure. A worker of
type ¢ who is employed in a match of unknown quality produces xy; units of output and is paid
some wage w;, where w; is specified by his employment contract. Similarly, a worker of type ¢
who is employed in a match of known quality z produces xy;2z units of output and is paid some
wage w;. After production takes place, next period’s aggregate component of productivity, z,
is drawn from the probability density function h : X x X — R, with h(Z,z) denoting the
probability density of Z conditional on x.

We assume that the contracts offered by firms to workers are bilaterally efficient, in the
sense that they maximize the joint present value of income of the firm and the worker. As
discussed in Menzio and Shi (2011), this assumption is consistent with several contractual
environments. Consider two cases. In the first case, a contract can specify the worker’s wage,
the worker’s search strategy on the job (i.e. in which submarket to search) and the worker’s
quitting strategy (i.e. when to move into unemployment) contingent on the history of the match
and the economy. In this case, the contract space is rich enough to independently control the

6We assume that a worker knows his own type and so does the market. The second part of the assumption
may appear unrealistic, but it does greatly simplify the analysis. Specifically, the assumption allows us to
abstract from issues of signaling—the worker distorting his behavior so as to convince the market that his type
is better than what it actually is—as well as from issues of inference-the firms having to assess the probability
distribution of a worker’s type by examining his employment history and performance on the job.
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allocative decisions of the match and the distribution of the value of the match between the
firm and the worker. Given this contractual environment, the firm finds it optimal to offer a
contract such that the allocative decisions maximize the joint income of the match, and such
that the wages provide the worker with the lifetime income v. In the second case, a contract
can specify a sign-on transfer and then a wage contingent on the history of the match and the
economy. The worker is then free to follow his preferred search and quitting strategy. In this
case, the firm finds it optimal to offer a contract such that the worker is the residual claimant
of output (and, hence, makes allocative decisions to maximize the joint income of the match)
and a (possibly negative) transfer such that the worker’s lifetime income is v.

Before turning to the definition of equilibrium, it is useful to briefly motivate our approach
to modelling heterogeneity in the workers’ employment transitions. We assume that a worker’s
type i affects k; and A’ in order to capture the fact that types are heterogeneous with respect
to the speed at which they move from unemployment to employment and across different
employers.” We assume that a worker’s type affects f;, ¢; and J; in order to capture the fact
that types are heterogeneous with respect to the distribution of job durations. Lastly, we assume
that a worker’s type affects y; in order to capture type heterogeneity with respect to average

earnings. Since unemployment benefits are related to earnings, we also let b; be type-specific.

3.2 Equilibrium

To formally define an equilibrium, we need to introduce a few additional pieces of notation. Let
Ui (1) denote the lifetime income for a worker of type i who is unemployed at the beginning of
the production stage. Let V(1)) denote the sum of the lifetime income for a firm and a worker
of type ¢ who, at the beginning of the production stage, are in a match of unknown quality.
Let V;(z,1) denote the sum of the lifetime income for a firm and a worker of type i who, at
the beginning of the production stage, are in a match of known quality z. Lastly, let 6;(v, )
denote the equilibrium tightness of submarket m = {v,i}.

The value U;(¢)) of unemployment for a worker of type i is given by
Ui(w) = bi+ pxE |Ui() + Ny max {p(0:(v, ) (v = Ui()) }] (3.1

In the current period, the worker’s income is b;. In the next period, the worker finds a job with
probability A.p(6;(v,4)). In this case, the worker’s continuation value is v. The worker does
not find a job with probability 1 — Aip(6;(v,1))). In this case, the worker’s continuation value

~

is U; ().

The joint value V;j(z,1) of a match of quality z between a firm and a worker of type i is

"We generate differences in the unemployment duration of different types of workers by letting the vacancy
cost k; depend on the type of worker that the firm is seeking, while keeping A\, equal to 1 for all types of workers.
Alternatively, we could let the probability A\, that a worker can search the labor market when unemployed depend
on the worker’s type, and kept k; = k for all types of workers. It is easy to verify that the two approaches lead
to the same equilibrium outcomes.
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given by
Vi(z,¢) = xyiz
oy [ max dU0) + (1 — ) [Vi(z. ) + X max {p(61(0. ) (v - Vi(z,é))}H (3.2)

defd,1]

In the current period, the sum of the worker’s income and firm’s profit is zy;z, the output of
the match. In the next period, the worker moves into unemployment with probability d. In
this case, the worker’s continuation value is Ul(zﬂ) and the firm’s continuation value is 0. The
worker moves from the current job to a new job with probability (1 — d)A\.p(6;(v,1)). In this
case, the worker’s continuation value is v and the firm’s continuation value is 0. The worker
and the firm remain together with probability (1 —d)(1 — Xp(6;(v,))). In this case, the firm’s
and worker’s joint continuation value is V;(z, @Z) Note that, since employment contracts are
bilaterally efficient, d and v are chosen so as to maximize the joint value of the match.

The joint value \N/Z(@D) of a match of unknown quality between a firm and a worker of type ¢
is given by

Vi(¥) = zy;

o E zé[nmxduxa> (- )[szﬂ@-+kim§X{pwxvﬂ®)(v—-W(%¢0>}H (33)

delé,1

Fo(L = 0B | o dU () + (1 ) [7360) + e {60, 0) (0= 730)) )
In the current period, the expected output of the match is xy;. In the next period, the firm
and the worker learn the quality z of their match with probability ¢;. The worker leaves the
match for unemployment with probability d. In this case, the joint continuation value is UZ(Q/A})
The worker searches on-the-job and finds a new job with probability (1 — d)Xp(6;(v,)). In
this case, the joint continuation value is v. The worker and the firm remain together with
probability (1 —d)(1 — Aip(6;(v,4))). In this case, the joint continuation value is Vj(z, ). The
firm and the worker do not learn the quality of their match with probability 1 — ¢;. Since
employment contracts are bilaterally efficient, the choice of d and v is contingent on whether
the quality of the match is observed or not and, if it is, on the realization of z.

The tightness 6;(v, 1) of submarket m = {v,i} is such that

ki > q(6i(v,9))(Vi(¥) — ), (3-4)

and 6;(v) > 0, with the two inequalities holding with complementary slackness. The left-hand
side of (3.4) is the cost to a firm from opening a vacancy in submarket m. The right-hand side
is the benefit to the firm from opening a vacancy in submarket m. The benefit is the probability
that the firm fills its vacancy, ¢(6;(v)), times the firm’s value from filling a vacancy, ‘Z(@ZJ) — v,
i.e. the joint value of a match between the firm and a worker of type i net of the lifetime utility
promised by the firm to the worker. Condition (3.4) then states that the cost and benefit of
a vacancy in submarket m must be equal if the vacancy-to-applicant ratio is strictly positive.
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And the vacancy-to-applicant ratio must be equal to zero if the cost of a vacancy in submarket
m is strictly greater than the benefit. In submarkets with some applicants, the condition
guarantees that the tightness is consistent with firm’s profit maximization. In submarkets
without applicants, the condition pins down the agents’ expectations about the tightness.

We now turn to characterizing the solution to the search and separation problems in (3.1),
(3.2), (3.3). The search problem for a worker of type i who currently is an employment state
with value vy is given by

Di(vo, ¢) = max p(6;(v, 1)) (v = vo)- (3.5)

For any v such that 6;(v,v) > 0, (3.4) implies that v is equal to Vi(¢)) — k;/q(6;(v,)) and,
hence, the objective function in (3.5) is equal to p(6;(v,1))(Vi(¥)) — vo) — kb;(v,4). For any v
such that 6;(v,v) = 0, p(6;(v,v)) = 0 and, hence, the objective function in (3.5) is also equal
to zero or, equivalently, to p(8;(v,¥))(Vi(1)) — vo) — k6 (v, ).

The above observations allow us to rewrite the search problem in (3.5) as
Di(vo, 1) = max —k;f; (v, ¥) + p(6i(v, ) (Vi(1h) = wo). (3.6)

Notice that, for all § > 0, there exists a v such that 6;(v, 1) = 6. Thus, by changing the choice
variable from v to # in (3.6), we do not enlarge the choice set. Conversely, for all v, there exists
a 0 > 0 such that 0 = 6;(v,v). Thus, by changing the choice variable from v to 6 in (3.6), we
do not shrink the choice set. Since the choice set is the same whether the worker chooses v or

6, we can rewrite (3.6) as
Di(vo, v) = max — ki + p(0) (Vi()) = wo). (3.7)

In words, the worker chooses the tightness 6 of the submarket in which to apply for a job so
as to maximize the probability of meeting a firm, p(6), times the difference between the joint
value of the match with the firm and the value of his current employment state, f/z(w) — v, net
of the firm’s cost of opening 6 vacancies, k;0.

The solution to the worker’s search problem in (3.7) satisfies the following necessary and
sufficient condition for optimality

ki > p/(0)(Vi(y) — wo), (3.8)

and 6 > 0, where the two inequalities hold with complementary slackness. In words, (3.8) states
that, if the worker searches in a submarket with a strictly positive tightness, the cost, kk;, of
searching in a submarket with a marginally higher tightness must be equal to the benefit,
P (0)(Vi(y) — o). If the worker searches in a submarket with zero tightness, the marginal
cost must be greater of equal to the marginal benefit. We denote as 07, (¢) the optimal search
strategy for a worker who is unemployed. That is, 6;,(¢) is the solution to (3.8) for vy = U;(1)).
We denote as 0;(z,1) the optimal search strategy for a worker who is employed in a match
of known quality z. That is, 07 (z,1) is the solution to (3.8) for vy = Vj(z,1). Since Vi(z,v)

is strictly increasing in z, 07 (2,%) is strictly decreasing for all z < Q;(¢) and zero for all
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z > Q;(v), where Q;(¢) is defined as the quality of a match that has the same joint value as a
match of unknown quality, i.e. V;(Q;(), ) = Vi(1). Obviously, a worker employed in a match
of unknown quality finds it optimal to search in a submarket with zero tightness.

Next, we turn to the characterization of the separation problems in (3.2) and (3.3). The
optimal separation probability for a firm and a worker of type ¢ who are in a match with some
joint value vy is determined by the sign of the following inequality

Ui () S vo + A.D;i(vg, ). (3.9)

The left-hand side is the firm’s and worker’s joint value of breaking up at the separation
stage. The right-hand side is the firm’s and worker’s joint value of remaining together at the
separation stage. If the left-hand side is greater than the right-hand side, then the optimal
separation probability is equal to 1. Otherwise, it is equal to ¢;. We denote as df(z,v) the
optimal separation probability for a firm and a worker in a match of known quality z. That is,
df(z,1) denotes the optimal separation probability for vy = V;(z,). Since V;(z,1) is strictly
increasing in z, there exists a reservation quality R;(1) such that d}(z,¢) =1 for all z < R;(¢)
and d*(z,1)) = 0; for all z > R;(¢)). Similarly, we denote as d*(¢) the optimal separation
probability for a firm and a worker in a match of unknown quality.

We now have a complete characterization of the workers’ transitions across employment
states. An unemployed worker finds a job with probability X’ p(6;(v,1)). As long as the worker
does not observe the quality of his match, he moves into unemployment with probability d* (¥)
and he does not search for a better job—in the sense that he searches in a submarket with
zero tightness. Once the worker observes z, he moves into unemployment with probability 1
if z < R;(¢). If z € [R;(v),Qi()), the worker moves into unemployment only for exogenous
reasons, and actively searches for a better job—in the sense that he searches in a submarket
with positive tightness. If z > Q;(¢), the worker moves into unemployment only for exogenous
reasons and does not search for a better job.

To conclude the definition of equilibrium, we need the laws of motion for the distribution
of workers across employment states. The law of motion for the measure u; of workers of type
1 who are unemployed is given by

;= (x4 (1= x)ps) (1 = A (65,()))
+ 30, [(9:(2)x + naxdi fi(2))di (z,9)] + nax (1 — d:)di ().

The left-hand side of (3.10) is the measure of unemployed workers at the beginning of next

(3.10)

period. The first term on the right-hand side is the measure of workers who are unemployed at
the beginning of the current period and do not find a job. The second term sums the measure
of workers who are employed in a match of known quality at the beginning of the current
period and become unemployed at the separation stage with the measure of workers who are
employed in a match of unknown quality at the beginning of the current period, discover the
quality of their match at the learning stage, and become unemployed at the separation stage.

The last term is the measure of workers who are employed in a match of unknown quality at
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the beginning of the current period, do not discover the quality of their match at the learning

stage, and become unemployed at the separation stage.

The law of motion for the measure n; of workers of type i who are employed in a match of

unknown quality is given by

Ay = nax (1= ) (1= d; () + (wix + (1= X)) N (0;,(1))
+> . (9:(2)x +nixoifi(2))(1 — di (z, w))/\i(ﬁg’:e(z, V).

The left-hand side of (3.11) is the measure of workers employed in a match of unknown quality

(3.11)

at the beginning of next period. The first term on the right-hand side of (3.11) is the measure
of workers who are employed in a match of unknown quality at the beginning of the current
period, do not discover the quality of their match at the learning stage, and remain on their
job. The second term is the measure of workers who are unemployed at the beginning of the
current period and find a job at the search stage. The last term is the measure of workers who
are employed at the beginning of the current period and move to a new job during the search
stage.

The law of motion for the measure g;(z) of workers of type i who are employed in a match
of known quality z is given by

9i(z) = gi()x(1 = di(z,9))(1 = Ap(6;.(2,7)))
+nix@ifi(2) (1 — di (2,9)) (1 = Xep(07 (2, ¥))).

The left-hand side is the measure of workers employed in a match of quality z at the beginning of

(3.12)

next period. The first term on the right-hand side is the measure of workers who are employed
in a match of quality z at the beginning of the period and remain on their job. The second term
is the measure of workers who are employed in a match of unknown quality at the beginning of
the period, discover that the quality of their match is z during the learning stage, and remain
on their job.

We are now in the position to define a Recursive Equilibrium.

Definition 1. A Recursive Equilibrium (RE) is given by value functions {U;, Vi, Vi}, policy
functions {dt,d*, 07,0}, and a transition probability function ® (1) for the aggregate state

i i Yiu Yie

of the economy such that: (i) {U;, Vi, Vi} satisfy (3.1), (3.2) and (3.3); (ii) {d;‘,df,@;uﬁ;e}

satisfy the optimality conditions (3.8) and (3.9); ® is consistent with the laws of motion (3.10),
(8.11) and (8.12) for {u;, n;, g;} and with the probability distribution for .

We can also define a Block Recursive Equilibrium.

Definition 2. A Block Recursive Equilibrium (BRE) is a RE in which the value and policy
functions depend on the aggregate state of the economy v = {x,u;,n;,g;} only through the
state of productivity x and not through the distribution of workers across employment states

{Um n;, gi}'
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As established in Menzio and Shi (2011), there exists a unique BRE and no other RE.
Moreover, the BRE is efficient in the sense that it decentralizes the solution of the problem
of a utilitarian social planner. Let us provide some intuition for the existence and uniqueness
of a BRE. A BRE exists because search is directed, and the search and production processes
feature constant returns to scale. Consider the equilibrium condition (3.4) for the tightness
of submarket m = {v,i}. Since the production process features constant returns to scale, the
value to the firm from filling a vacancy in submarket m depends on the aggregate productivity
x and on the promised value v and not on the distribution of workers {u;, n;,g;}. Since the
search process is directed, the probability that a worker contacted in submarket m is willing to
accept the value offered by the firm is always equal to one. Since the search process features
constant returns to scale, the probability of contacting a worker in submarket m only depends
on the tightness of the submarket and not on the measure of workers searching there. The
above observations imply that the tightness of submarket m depends on z but not on the
distribution of workers {u;,n;,¢;}. In turn, this implies that the value functions—as well as
the associated policy functions—are all independent of the endogenous distribution of workers
across employment states. The uniqueness of the BRE follows from the fact that the value
functions can be combined in a single operator and this operator is a contraction.

4 Calibration

In this section, we carry out the second step of the two-stage Group Fixed Effect (GFE) method.
Specifically, we are going to calibrate the type-specific parameters of our model of employment
transitions by matching type-specific empirical moments that we computed using the k-means
discretization algorithm. In Section 4.1, we motivate our choice of empirical moments used to
calibrate the parameters. In Section 4.2, we present and discuss the calibration outcomes and

the key differences between types with respect to the calibrated parameter values.

4.1 Calibration strategy

We calibrate the parameters of the model by matching the moments generated by the model
at its non-stochastic steady-state with the analogous moments observed in the data over the
pre-Great Recession period. The non-stochastic steady state is defined as the steady state
associated with a version of the model in which the aggregate component of productivity z is
kept constant and equal to the unconditional mean of the stochastic process h(Z|x). The period
before the Great Recession is defined as the period between 1997 and 2008.

Let us begin by reviewing the parameters that need to be calibrated. The parameters
describing the production process are: (i) the unconditional mean z* of the aggregate component
of productivity, which we normalize to 1; (ii) the component of productivity y; that is specific
to a worker of type ; (iii) the distribution f; of the component of productivity z that is specific
to the match between a particular worker of type i and a particular firm; (iv) the probability ¢;

with which a worker of type ¢ and a firm discover the quality of their match. We specialize f; to
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be a Weibull distribution with shape parameter w; and scale parameter o; that is appropriately
relocated so as to have a mean of one. The Weibull distribution is flexible and, depending on the
parameter w;, its shape can resemble an exponential, a log-normal, a normal, or a left-skewed

distribution.®

The parameters describing the search process are: (i) the probability X! that a worker of
type i can search the labor market when unemployed; (ii) the probability A! that a worker of
type i can search the labor market when employed; (iii) the probability p(#) that an applicant
meets a vacancy as a function of the tightness 6; (iv) the probability §; that the match between
a worker of type ¢ and a firm breaks up for exogenous reasons. Following much of the labor-
search literature, we specialize p(f) to have the form p(f) = min{#”, 1}, where v denotes the
elasticity of the job-finding probability with respect to tightness and is set to 0.5.°

The parameters describing the population and the preferences of workers are: (i) the measure
w; of workers of type 4; (ii) the probability x that a worker does not exit the labor market; (iii)
the workers’ discount factor p; (iv) the sum b; of the unemployment income and the value of
leisure for workers of type i. We specialize b; to be of the form (+rE[xy;z], where { denotes the
value of leisure and r denotes the fraction of the average productivity E[xy;z] that is replaced
by unemployment benefits.

Let us now turn to the calibration strategy.'® Based on the clustering analysis of Section 2,
we calibrate the model to have three types of workers: «, 5 and . We calibrate the measure
1; of workers of type ¢ so as to match the empirical distribution of workers across types, i.e.
we set i, = 0.57, pg = 0.26 and p, = 0.17. We set the length of a period to be equal to one
month. We set the discount factor p to be 0.996, which implies an annual interest rate of 5%.
We set the probability y that a worker remains in the labor market to 0.996, which implies an
average work-life of about 20 years.

We calibrate the cost k; of opening a vacancy to hire workers of type ¢ so as to match the
average UE rate of workers of type 7, i.e. a UE rate of about 30% for a-workers, 15% for (-
workers, and 10% for y-workers.'! Similarly, we calibrate the probability §; that a worker of type

7 moves into unemployment for exogenous reasons so as to match the average unemployment

8Menzio, Telyukova and Visschers (2016) and Martellini, Menzio and Visschers (2021) use models that are
very similar to ours and, at the calibration stage, they also specialize the match-quality distribution to be
Weibull.

9 Assuming that an applicant meets a vacancy with probability p(§) = min{#°® 1} is equivalent to assum-
ing that applicants and vacancies come together via a Cobb-Douglas matching function with elasticity of 0.5
with respect to both applicants and vacancies. Such a specification of the matching function is ubiquitous in
quantitative applications of labor-search models.

10Tn order to clearly explain our calibration strategy, we “pretend” that each parameter of the model is
chosen to reproduce one particular moment or group of moments in the data. In reality, the calibration algo-
rithm simultaneously chooses the parameter values to minimize the distance with respect to all of the targeted
moments.

1We measure the average UE rate for workers of type i as the UE rate that best fits the distribution of their
unemployment spells. Note that, in the data, the type-specific UE rate is slightly negatively correlated with
the duration of unemployment. In contrast, in the model, the type-specific UE rate is constant. In order to
capture the decline in the type-specific UE rate, we could have generalized the model to allow for lambdai(u)
to fall with the duration of an unemployment spell. We decided against this generalization in order to keep the
model simpler.
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rate of workers of type ¢ in the period preceding the Great Recession, i.e. an unemployment rate
of 4.2% for a-workers, 12.5% for S-workers, and 28.8% for y-workers. The choice of calibration
targets is natural, since k; affects the tightness function 60;(v) and, in turn, the UE rate for
workers of type ¢. Having matched the UE rate, 9; affects the EU rate for workers of type ¢

and, in turn, their unemployment rate.

The scale o; of the match quality distribution f; is chosen so as to reproduce the fraction of
matches between a firm and a worker of type ¢ that terminate before reaching 2 years of tenure,
i.e. about 50% for a-workers, 60% for S-workers, and 85% for y-workers. The choice of the
calibration target is easy to understand, since o; affects the probability that the quality z of a
match between a firm and a worker is smaller than R,—which induces the worker to move into
unemployment to search for a better match—and the probability that the z is between between
R; and Q;—which induces the worker to search for a better match on the job. In turn, these
probabilities affect the probability that a match between a firm and worker terminates before

reaching 2 years of tenure.

The probability A\’ that an unemployed worker of type i gets to search the labor market
is normalized to 1 for all worker types. The probability A! that an employed worker of type i
gets to search the labor market is chosen so as to reproduce the fraction of matches between a
firm and a worker of type ¢ that last less than 2 years and terminate with the worker moving
directly to another employer. For a-workers, this fraction is 21% (about one-half of matches
that last no more than 24 months). For g-workers, it is 18% (about one-third of matches that
last no more than 24 months). For v-workers, it is 22% (or about one-fourth of matches that
last no more than 24 months).

The shape w; of the match-quality distribution f; and the probability ¢; with which a firm-
worker pair discovers the quality of their match are chosen to reproduce the whole shape of
the tenure distribution. Specifically, the parameters are chosen so as to minimize the distance
between the model and the data with respect to: (i) the fraction of firm-worker matches that ter-
minate before exceeding 3 months of tenure, 12 months of tenure, and 24 months of tenure; (ii)
the fraction of firm-worker matches that terminate with the worker moving to another employer
before exceeding 3, 12 and 24 months of tenure; (iii) the fraction of firm-worker matches that
terminate with the worker moving into unemployment before exceeding 3, 12 and 24 months of
tenure. That is, w; and ¢; are chosen to fit the shape of the tenure distribution (unconditional,
and conditional on the type of termination). The shape of the tenure distribution is quite
different for different types. For instance, for a-workers, the fraction of matches ending within
the first 3 months is lower than the fraction of matches ending between 13 and 24 months. For
~v-workers, the fraction of matches ending within the first 3 months is much higher than the
fraction of matches ending between 13 and 24 months. Our choice of these calibration targets
for w; and ¢; is natural, as ¢; determines how quickly low-quality matches are identified, and w;
determines the shape of the match-quality distribution (and, hence, the incentives to searching
for a better match).

We normalize the component of productivity y, that is specific to a-workers to 1. We choose
the component of productivity y; for i = {/3,7} so that the model-generated ratio between the
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Parameter Value Description
153 0.996 discount factor
b; (0.676, 0.533, 0.434) flow unemployment income
Ui (1, 0.623, 0.459) type-specific productivity
o (4.515, 3.941, 0.640) shape of f;
o (0.058, 0.143, 0.082) standard deviation of f;
oi (0.307, 0.233, 0.229) probability match quality is discovered
A (0.151, 0.493, 0.641) | probability an employed worker searches
A\ 1 probability an unemployed worker searches
0 (0.006, 0.009, 0.005) exogenous separation probabilities
k; (2.808, 4.437, 2.605) vacancy posting cost
¥ 0.5 elasticity of job-finding rate wrt tightness
1—x 0.004 exogenous labor market exit probability

Table 3: Model parameters

average productivity among employed workers of type ¢ and the average productivity among
employed workers of type a is equal to the empirical ratio between the average earnings of
employed workers of type ¢ and the average earnings of employed workers of type a. The
attentive reader may have noticed that in the calibration of y; we compare productivity in
the model with earnings in the data. We do so because computing productivity is easier than
computing wages and, for the most common specification of the wage process (e.g., the wage
is set equal to some fraction of the worker’s productivity as in Bagger et al. 2014 or Menzio,
Telyukova and Visschers 2016), the difference between productivity and wage turns out to be
negligible.

Lastly, we need to calibrate the parameters associated with the unemployment income.
Shimer (2005) argues that unemployment income should be set to 40% of average productivity,
as this is the typical replacement rate in the US. Hagedorn and Manovskii (2008) point out that
unemployment income should also include the value of leisure. Hall and Milgrom (2008) argue
that, on average, the ratio between unemployment income (unemployment benefits plus value
of leisure) is about 65% of employment income. Based on these observations, we choose the
replacement ratio r of unemployment benefits for workers of type i to be equal to 40% of the
average productivity among employed workers of type i. We then choose the value of leisure (
so that the ratio between unemployment income and labor productivity is, on average, equal
to 65%.

4.2 Calibration outcomes

Table 3 reports the calibrated value of the parameters of the model. It is useful to highlight
the major differences between types with respect to the calibrated parameter values. Figure
2 plots the calibrated distribution of the match-specific quality for workers of type 4, together
with R;—the cutoff below which workers find it optimal to move into unemployment—and
(Q;—the cutoff above which workers find it optimal to stop searching for a better match. For a-
workers, the calibrated distribution is a Weibull with shape 4.5 and scale 0.25. Such distribution

24



l, -=- « B Y
\ 25}
6k Iy Ri ’ Ri Ri
I
Bt — Q — Q — Q
I 1 30
5} I 1 2.0
I
I 1
I 1
N o 15}
[ 1 20
! 1
3 I
i
I \ 1.0
! 1
2r ] \
I \ 10}
! 1 0.5t
1t ! \
! \
! \
/ \
of -7 . ~-——=- 00} . . . . O . . . .
0.6 0.8 1.0 1.2 1.4 06 0.8 1.0 1.2 1.4 0.6 0.8 1.0 1.2 1.4

Figure 2: Match quality distributions f;(z)

is approximately normal, with a mean of 1, a standard deviation of 0.06, a skewness of -
0.17, and a 90-50 percentile ratio equal to 90% of the 50-10 percentile ratio. For [-workers,
the calibrated distribution is a Weibull with shape 3.9 and scale 0.55. Such distribution is
approximately normal, with a mean of 1, a standard deviation of 0.14, a skewness of -0.07, and
a 90-50 percentile ratio equal to 93% of the 50-10 percentile ratio. For v-workers, the calibrated
distribution is a Weibull with shape 0.64 and scale 0.04. Such distribution is approximately
exponential, with a mean of 1, a standard derivation of 0.08, a skewness of 4.12, and a 90-50
percentile ratio that is 6 times larger than the 50-10 percentile ratio.

The calibrated distribution of match qualities is not the same for all types because different
types feature a different distribution of job durations, as shown in Table 4. Workers of type
a have a 50% probability of remaining on a job for more than 2 years, and a 28% probability
of leaving a job within the first year. In order to reproduce these facts, the calibrated match-
quality distribution has relatively little variance and relatively small tails. The small left tail
implies that the fraction of matches below R; is small. The small right tail implies that the
return to searching for better matches is low and, hence, @); is close to R;. Workers of type
S have a 40% probability of remaining on a job for more than 2 years, and a 38% probability
of leaving a job within the first year. In order to reproduce these facts, the calibrated match-
quality distribution has higher variance than for a-workers. Workers of type + have only a
15% probability of remaining on a job for more than 2 years, and a striking 65% probability
of leaving a job within 1 year. In order to reproduce these facts, the calibrated match-quality
distribution is right-skewed and has a long right tail. The long right tail of the distribution gives
workers the incentive to continue searching for a better match—even when they are employed in
a match with a quality at the top 20% of the distribution. The left-skewness of the distribution
implies that a large fraction of matches is below R; and, hence, are terminated as soon as their
quality is observed.

Another difference between types are the parameters describing the search process. For
a-workers, the cost of maintaining a vacancy is equal to 2.8 units of output, the probability of
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a-workers
Data Model
Total Endsin E Endsin U | Total Endsin E Endsin U
<1Q 0.122 0.077 0.045 0.099 0.088 0.010
1Q-4Q | 0.162 0.087 0.075 0.193 0.111 0.082
5Q-8Q | 0.207 0.101 0.105 0.138 0.050 0.087
>8Q 0.510 0.258 0.252 0.571 0.394 0.177
B-workers
Data Model
Total Endsin E Endsin U | Total Endsin E Endsin U
<1Q 0.180 0.141 0.040 0.149 0.138 0.011
1Q-4Q | 0.209 0.143 0.066 0.302 0.206 0.096
5Q-8Q | 0.219 0.147 0.072 0.154 0.065 0.089
>8Q 0.392 0.289 0.103 0.395 0.298 0.098
~v-workers
Data Model
Total Endsin E Endsin U | Total Endsin E Endsin U
<1Q 0.354 0.279 0.075 0.308 0.305 0.003
1Q-4Q | 0.309 0.219 0.090 0.435 0.404 0.031
5Q-8Q | 0.192 0.132 0.060 0.081 0.051 0.031
>8Q 0.144 0.103 0.041 0.176 0.137 0.039

Table 4: Employment duration moments

searching on the job is 15%, and the probability of losing a job for exogenous reasons is 0.6%.
These parameters—together with the others—imply an unemployment rate of 4.2%, a UE rate
of 30%, a EU rate of 0.9% and an EE rate of 0.6% per month. For S-workers, the cost of
maintaining a vacancy is equal to 4.4 units of output, the probability of searching on the job
is 49%, and the probability of losing a job for exogenous reasons is 0.9%. These parameters
imply an unemployment rate of 12.4%, a UE rate of 15%, an EU rate of 1.7% and an EE rate
of 0.8% per month. For y-workers, the cost of maintaining a vacancy is equal to 2.6 units of
output, the probability of searching on the job is 64%, and the probability of losing a job for
exogenous reasons is 0.5%. These parameters imply an unemployment rate of 29.7%, a UE rate
of 10%, an EU rate of 3.8%, and an EE rate of 0.4% per month.

Lastly, we want to point out the differences across types in productivity and unemployment
income. For a-workers, the baseline productivity is 1 unit of output and the unemployment
income is equal to 0.67 units of output—which is approximately equal to 64% of their average
labor productivity. For S-workers, the baseline productivity is 0.62 units of output and the
unemployment income is 0.53 units of output—which is approximately equal to 75% of their
average labor productivity. For y-workers, the baseline productivity is 0.46 units of output and
the unemployment income is 0.43—which is approximately equal to 90% of their average labor
productivity. These calibration outcomes reproduce the difference between types with respect
to their labor earnings, a replacement ratio of unemployment benefits that is equal to 40% of
average productivity, and a value of leisure that is common for all types and equal, on average,
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to 25% of average productivity.

The calibration outcomes provide a structural interpretation to the empirical differences in
the pattern of employment transitions of different types of workers. Workers of type o have high
baseline productivity and, hence, face large gains from trading in the labor market—which leads
them to have a high UE rate. Workers of type a have a similar productivity when matched
with different firms—which results in having a high probability of remaining on a job for a
long period of time. In contrast, workers of type v have low productivity and, hence, small
gains from trading in the labor market—which leads them to have a low UE rate. Workers of
type v have very different productivity when matched with different firms and, in particular,
they are much more productive when matched with a small subset of firms. This results in
~v-workers having a low probability of remaining on a job for a long period of time. Overall,
the search process of a-workers—which entails finding any job—is fast. The search process of

~v-workers—which entails finding one of the rare good jobs—is slow.

5 Micro Validation

In the previous section, we established that our theory can reproduce the heterogeneity in the
pattern of employment transitions across different types of workers. In this section, we test the
theory by examining its predictions with respect to two micro phenomena. In Section 5.1, we
examine the predictions of the theory with respect to the earnings losses of displaced workers—
which are known to be large and very persistent. In Section 5.2, we examine the predictions
of the theory with respect to the relationship between the average UE rate and unemployment
duration—a relationship which is known to be sharply negative. On both accounts, we find
that the predictions of the theory line up well with the data.

5.1 Earning losses of displaced workers

It is known that the earnings losses of displaced workers—i.e. workers who lose a high-tenure
job—are large and persistent (see, e.g., Jacobson, Lalonde and Sullivan 1993 or Flaeen, Shapiro
and Sorkin 2019) and they are even larger during recessions (see, e.g., Davis and von Wachter
2011). The ability to reproduce the magnitude and persistence of earnings losses for displaced
workers is a key test for any search theory of the labor market, since such losses capture the
amount of search capital embodied in a firm-worker match that survived for several years and
the speed at which a worker can recoup such capital after losing it. The test is even more critical
for our theory of heterogeneous workers, as the theory implies that different types follow a very

different search process.

Using the LEHD over the period 1997-2008, we identify the workers who have been employed
by a particular firm for a minimum of three years and who have subsequently moved from that
firm to unemployment. We refer to these workers as displaced workers. For each displaced
worker, we compute their pre-displacement earnings as the average of their quarterly earnings
in the year prior to the displacement. Since the exact timing of the displacement event within a
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Figure 3: Earnings losses from job separation in steady state.

quarter is unknown, we impute no earnings during the displacement quarter. We then compute
their post-displacement earnings for all quarters t = 1,2, ..., 20 after the displacement episode.

In the left panel of Figure 3, we plot the ratio of the post-displacement earnings to the
pre-displacement earnings averaged across all displaced workers (solid line), across a-workers
(dashed line), B-workers (dotted line) and y-workers (dash-dotted line). The average earnings
losses for displaced workers are sizeable and quite persistent.!? Six quarters after the displace-
ment, the earnings losses are about 30%. Fourteen quarters after the displacement, the earnings
losses are still about 20%. The earnings losses, however, are very different for different types.
For a-workers, earnings losses are smaller and more transitory than average (20% after six
quarters, and 10% after fourteen). For ~-workers, earnings losses are much larger and much
more persistent than average (50% after six quarters, and still about 50% after fourteen quar-
ters). For S-workers, earnings losses are close to the average. The right panel of Figure 3 plots
the earnings losses predicted by the theory, which—as one can see—are very similar to those

observed in the data.'3

The theory provides a simple explanation for the magnitude and persistence of the earning
losses for different types. Consider an a-worker who has been in the same job for more than 3
years. This worker is likely to be in a stable job, i.e. a job with quality above (). When the
worker moves into unemployment, he is likely to find a new job quickly—as a-workers have a
UE rate of about 30% per month. When the worker finds a new job, he is likely to find another
stable job—as a-workers have about a 50% chance of sampling a job with quality z > Q.

Overall, once an a-worker is displaced from a high-tenure job, he is likely to quickly find a new

12In order to facilitate the comparison between data and model, we plot monthly earnings. We compute
monthly earnings as a linear interpolation of quarterly earnings.
13 Also here we approximate a worker’s earnings with his productivity.
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Figure 4: Earnings losses from job separation during the Great Recession.

job with a quality that is similar to the quality of his old job. Now consider a ~-worker who
has been in the same job for more than 3 years. This worker is also likely to be in stable job.
When the worker moves into unemployment, he needs much more time to find a new job—as
~v-workers have a UE rate of about 10% per month. When the worker finds a new job, he is
very unlikely to find another stable job—as y-workers have only a 15% chance of sampling a job
with quality z > (). Most likely, after observing the quality of the new job, the worker moves
back into unemployment and resumes his search for the right-tail of the distribution. Overall,
once a y-worker is displaced from a high-tenure job, it takes him a long time to find another
job of the same quality as the one that he lost. Notice that, for all types of workers, the theory
predicts that earnings losses will never be entirely erased, as the ergodic distribution of workers
is stochastically dominated by the distribution of workers whose match has survived for more

than 3 years.

In Figure 4, we construct the analogue of Figure 3 for the Great Recession. In the left panel,
we plot the empirical earnings losses for displaced workers. It is easy to see that the earnings
losses dissipate more slowly during the Great Recession than before, and that the impact of the
recession is especially pronounced for v-workers. In the right panel, we plot the earnings losses
for displaced workers in the Great Recession that are predicted by the theory.'* The theory
correctly predicts the fact that earnings losses dissipate more slowly during the recession than
before (although it fails to predict the full extent of the slow down), and that the effect is
especially strong for vy-workers.

The fact that the theory does a good job at reproducing the earnings losses of different types
of displaced workers is very reassuring. It suggests that the theory successfully captures the

14The predictions of the theory are obtained by hitting the non-stochastic steady-state of the model with the
aggregate productivity shock described in Section 6.
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amount of search capital embodied in matches that survive for multiple years, and the speed at
which search capital is built back up after such a match is broken. It is especially noteworthy
that the theory—which is calibrated only on the pattern of employment transitions—correctly
predicts the stock and accumulation rate of search capital—since these objects depend directly
on the distribution of match-specific productivity and wages. The success of the theory is also
surprising, since reproducing the magnitude and persistence of earnings losses is a challenge for
basic search-theoretic models of the labor market and typically requires adding human capital
depreciation, stigmatization or other sources of scarring'® (see, e.g., Davis and von Wachter
2011). The finding that earnings losses for displaced workers have a different magnitude and
persistence for different types is interesting in its own right, as it contributes to the empirical

literature on displacement.

5.2 Duration dependence of UE

It is well-known that the UE rate declines sharply with the duration of unemployment (see, e.g.,
Alvarez, Borovickova and Shimer 2018, Jarosch and Pillosoph 2019, Mueller, Spinnewjin and
Topa 2019). The ability to reproduce the relationship between the UE rate and unemployment
duration is a useful test of our theory. The UE rate at the beginning of an unemployment
spell reflects the composition of workers entering unemployment. The decline of the UE rate
with unemployment duration reflects the evolution of the composition of workers (i.e., dynamic
selection) and, possibly, the effect of duration of duration on the UE rate of different types (i.e.
true duration dependence).

Using the LEHD over the period 1997-2008, we identify workers who enter into unemploy-
ment and, for each of these workers, we record the duration of their unemployment spell. We
then compute the ratio between the number of workers who have an unemployment spell that
lasts t = 1,2, 3,4,5 quarters and the number of workers who have an unemployment spell than
lasts t — 1 quarters. The ratio gives us the average UE rate for an unemployment duration of
t — 1 quarters.

In the top panel of Figure 5, we plot the average UE rate as a function of the unem-
ployment duration expressed as a monthly rate (left) and the type composition of the pool of
unemployment as a function of the unemployment duration (right). The monthly UE rate falls
from about 22% at the beginning of an unemployment spell to about 17% after one year of
unemployment, a decline of 5 percentage points. At the beginning of an unemployment spell,
the pool of unemployment has 40% of a-workers, 35% of [-workers, and 25% of y-workers.
After one year of unemployment, the pool has 25% of a-workers, 35% of S-workers, and 40%

15Pries (2004) explains why basic search-theoretic models of the labor market have a hard time reproducing
the magnitude and persistence of earnings losses for displaced workers and, relatedly, why these models have a
hard time reproducing the persistence of aggregate unemployment. He suggests that both challenges may be
overcome by models where firm-worker matches are assumed to be experience goods. The assumption of matches
as experience goods implies heterogeneity in match quality—which increases the stock of search capital that can
be accumulated—and that the search process is about both locating a match and discovering its quality—which
slows down the speed at which search capital is accumulated. Not surprisingly, our model is one where matches
are experience goods.
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Figure 5: Left panels: type-specific and aggregate UE rates by duration; right panels: compo-
sition of unemployment pool by duration. Top panels are from the data and bottom panels are
from the model.

of y-workers.

In the bottom panel of Figure 5, we plot the predictions of the theory with respect to the
average UE rate as a function of the unemployment duration (left) and the type composition of
the pool of unemployment expressed as a function of the unemployment rate (right). The theory
predicts that the UE rate goes from about 20% at the beginning of an unemployment spell to
about 14% after one year of unemployment, a decline of about 6 percentage points. The theory
predicts that, at the beginning of an unemployment spell, the pool of unemployed contains
40% of a-workers, 30% of S-workers, and 30% of y-workers. After one year of unemployment,
the theory predicts that the pool of unemployment contains 10% of a-workers, 40% of (-
workers, and 50% of y-workers. The theory correctly predicts the magnitude of the decline in
the UE rate with unemployment duration, the composition of the unemployment pool at the
beginning of an unemployment spell, and the direction of the change in the composition of the
pool of unemployment. In light of these observations, we feel comfortable with the simplifying
assumption that the type-specific UE rate is independent of unemployment duration.

The theory provides a simple explanation for the fact that the UE rate declines with the
duration of an unemployment spell. According to the theory, the UE rate of each particular
type of worker is independent of duration, but the UE rate of different types of workers is
very different—30% for a-workers, 15% for S-workers and 10% for y-workers. Since different
types of workers have a different UE rate, the composition of the pool of unemployment shifts
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throughout an unemployment spell towards types with the lowest UE rate () and away from
types with the highest UE rate (). In turn, the change in the composition of the unemployment
pool causes the decline in the average UE rate. In other words, according to the theory, the
observed decline in the average UE rate is entirely accounted for by the fact that different types
of workers have a different UE rate.

The conclusion that the decline in the average UE rate is mainly due to heterogeneity
in the UE rates of different workers is consistent with Mueller, Spinnewjin and Topa (2019),
although we reach this conclusion through a novel route. Here, we use the entire pattern of
individual transitions between employment, unemployment, and across employers in order to
assign individuals to groups. We then show that heterogeneity in grouped fixed-effects can
account for all of the decline in the average UE rate. Mueller, Spinnewjin and Topa (2019) use
data on individual expectations about the UE rate and on the correlation between expectations
and realizations to show that heterogeneity in individual UE rates accounts for nearly all
of the decline in the average UE rate. It is also useful to compare our methodology with
Alvarez, Borovickova and Shimer (2018). They recover individual fixed-effects in the UE rate
by comparing multiple unemployment spells of the same individual, and find that heterogeneity
in individual fixed-effects accounts for only a fraction of the decline in the average UE rate. In
contrast, we recover fixed-effects using the overall behavior of an individual and the behavior

of other workers who are similar to him.

6 Macro Measurement

In this section, we use the theory to measure the impact of aggregate productivity shocks on la-
bor market outcomes (Section 6.1). We find that a negative aggregate productivity shock causes
heterogeneous responses in the UE, EU and unemployment rates of different types of workers:
small and transient responses for a-workers, and very large and very persistent responses for
~v-workers. These type-specific responses aggregate up to a large and persistent increase in ag-
gregate unemployment—mostly driven by the unemployment rate of v-workers—and to a small
and transitory decline in measured labor productivity—mostly driven by the dynamics of the
composition of the employment pool. We then compare the impact of aggregate productivity
shocks in our theory with the impact of the same shock in a version of the model with a repre-
sentative worker (Section 6.2). We find that worker heterogeneity increases the magnitude and
persistence of the response of unemployment, while it dampens the magnitude and persistence
of measured productivity. Lastly, making use of the LEHD data over the period 2008-2014,
we document the behavior of the type-specific unemployment rate during and after the Great
Recession (Section 6.3). We find that the predictions of the theory are qualitatively very similar
to what we observe in the data. We argue that type-specific productivity shocks allow us to

quantitatively align the predictions of the theory to the data.
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Figure 6: Left panel: model-implied UE rates by type; right panel: model-implied EU rates by
type (left axis refers to the response on impact, right axis refers to everything thereafter)

6.1 Aggregate productivity shocks

We first want to use the theory in order to measure the effect of aggregate productivity shocks
on the labor market. To this aim, we take the non-stochastic steady-state of the labor market
and compute the response of the UE, EU and unemployment rate to a 10% negative shock to
the aggregate component of productivity z with a half-life of 3 years.

Figure 6 plots the response of the UE rate (left panel) and of the EU rate (right panel)
to the x-shock for different types of workers. On impact, the UE rate declines for all types of
workers. However, the decline in the UE rate is very different for different types of workers.
For a-workers, the UE rate declines by 15%. For g-workers, the UE rate declines by 23%. For
~v-workers, the UE rate declines by 60%. The speed at which the decline in the UE rate is
reabsorbed is essentially the same for all types of workers—the half-life of the response in the
UE rate is about 3 years.

The logic behind the above findings is simple. The UE rate for workers of type ¢ is propor-
tional to the expected gains from trade for workers of type ¢ which, in turn, are approximately
proportional to the difference between expected productivity xy; and unemployment income b;.
Hence, the same x-shock generates a larger percentage change in the gains from trade and, in
turn, in the UE rate for types with a higher ratio between xy; and xy; —b;. Given the non-linear
relation between b; in y;, the types with the highest ratio xy;/(zy; — b;) are the types with the
lowest baseline productivity y;. That is, y-workers. Conversely, the types with the lowest ratio

xy;/(zy; — b;) are the types with the highest baseline productivity. That is, o workers.'6

16This is the same logic behind the observation that the elasticity of the UE rate in the baseline search-
theoretic model of Pissarides depends on the size of the gains from trade. If the gains from trade are large, as
in Shimer (2005), the elasticity of the UE rate is small. If the gains from trade are small, as in Hagedorn and

33



Let us turn to the EU rate. On impact, the EU rate increases for all types of workers. This
is because, for all types of workers, the shock to x reduces the value of employment relative
to the value of unemployment and, hence, increases the reservation quality R. The magnitude
and the persistence of the increase in the EU rate are, however, very different for different types
of workers. Consider a-workers. On impact, the shock leads to a one-time 250% increase in
the EU rate—which is caused by the destruction of existing matches with quality z that falls
below the new and higher reservation quality. After the impact, the shock leads to an increase
in the EU rate of about 20%-which is caused by the destruction of matches of unknown quality
who are discovered to be below the new and higher reservation quality. The effect of the shock
dissipates very quickly. Now, consider y-workers. On impact, the shock leads to a one-time
500% increase in the EU rate. After the impact, the shock leads to an increase in the EU rate
that starts at 20%, peaks at 40% after 10 quarters, and then dissipates very slowly.

The logic behind the above findings is relatively simple. The immediate effect of the shock
on the EU rate depends on the density of the cross-sectional distribution of employed workers
around the reservation quality. This density is lower for a than for y-workers, because the
flow into marginal matches—which depends on the flow of new matches relative to the stock
of matches—is much lower for o than for ~v-workers. The post-impact effect of the shock on
the EU rate depends on the increase in the number of matches that are discovered to be below
the reservation quality and, in turn, on the increase in the flow of new matches relative to the
stock. The increase is smaller for o than for ~-workers because, on impact, the shock moves
a smaller fraction of o than ~-workers into unemployment and, eventually, into new matches.
The persistence of the effect of the shock on the EU rate depends on the search process of
displaced workers. As explained before, a displaced a-worker is likely to go through only one
unemployment spell before finding a stable match. In contrast, a displaced y-worker goes
through multiple spells of employment and unemployment before finding a stable match.

The left panel in Figure 7 plots the response of the unemployment rate for different types
of workers. For a-workers, the unemployment rate increases by 2 percentage points and it
is re-absorbed quickly (the half-life is about 1 year). For [-workers, the unemployment rate
increases by 5 percentage points and it is re-absorbed more slowly (the half-life is about 3
years). For y-workers, the unemployment rate increases by 20 percentage points and it is re-
absorbed very slowly (the half-life is close to 6 years). The difference in the magnitude and the
persistence of the increase in the unemployment rate for different types is a direct consequence
of the difference in the magnitude and persistence of the response of the type-specific UE and
EU rates.

The right panel in Figure 7 plots the response of the composition of the unemployment pool.
At the non-stochastic steady state, the unemployment pool has about 22% a-workers, 27% (-
workers, and 51% ~-workers. Since the shock increases disproportionately the unemployment
rate of y-workers, the composition of the unemployment pool tilts towards v and away from «
and (-workers. Since the increase in the unemployment rate decays more slowly for y-workers,
the composition of the unemployment pool remains tilted towards ~-workers for a long period

Manovskii (2009), the elasticity of the UE rate is large.
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Figure 7: Model-implied unemployment rates and composition in response to a 10% decline in
aggregate productivity

of time.

The changing composition of the unemployment pool helps us understand the aggregate
response of the labor market to the productivity shock. The black solid line in the left panel of
Figure 6 plots the response of the aggregate UE rate. On impact, the aggregate UE rate declines
by about 30%. This is approximately the average of the decline in the UE rate of different types
weighted by the contribution of the types to the total UE rate. Over time, the decline in the
aggregate UE rate dissipates, but more slowly than any of the type-specific UE rates. Indeed,
the half-life of the aggregate UE rate is about 5 years, while the half-life of the type-specific
UE rate is about 3 years. This phenomenon is caused by the changing composition of the
unemployment pool. As the increase in the unemployment rate for y-workers is reabsorbed
more slowly than for the other types, the weight on the response of the UE rate of y-workers in
the response of the aggregate UE rate increases. Since the response of the UE rate for y-workers
is larger than for the other types, the aggregate UE rate dissipates more slowly than any of the
type-specific rates.

The black solid line in the right panel of Figure 6 plots the response of the aggregate EU
rate. The increase in the aggregate EU rate is an average of the increase in the EU rate of
different types. Over time, the aggregate EU rate dissipates, but more slowly than the any
of the type-specific EU rates. The intuition for this phenomenon is simple. Over time, the «a
and [-workers that were displaced by the shock return to stable matches, while the ~-workers
that were displaced by the shock experiment and leave several matches. Hence, over time, the

aggregate response of the EU rate is entirely driven by ~-workers.

The aggregate behavior of the unemployment rate and of labor productivity is displayed

in Figure 8. On impact, the aggregate unemployment rate increases by 5.4 percentage points,
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Figure 8: Left panel: decomposition of the response of the aggregate unemployment rate; right
panel: aggregate and type-specific productivity of labor

with 25% of the increase due to the rise in the unemployment of a-workers, 21% due to the
rise in the unemployment of S-workers, and 54% due to the rise in the unemployment of -
workers. The increase in the unemployment of o and [ workers is reabsorbed much faster
than the increase in the unemployment of v workers. Hence, the aggregate unemployment rate
is eventually entirely due to the excess unemployment rate of y-workers and, like the excess
unemployment of y-workers, it dissipates slowly. Indeed, the half-life of the increase in the

aggregate unemployment rate is 5 years.

Now, turn to labor productivity (i.e. output per employed worker). On impact, labor
productivity falls, but by less than the aggregate component of productivity. Indeed, the initial
decline in labor productivity is 8%, while the initial decline in the aggregate component of
productivity is 10%. Over time, labor productivity recovers, and it does so more quickly than
both the aggregate component of productivity and the aggregate unemployment rate. Indeed,
the half-life of the decline of labor productivity is 2 years, while the half-life of the aggregate
productivity shock is 3 years and the half-life of the increase in the aggregate unemployment
rate is b years.

The intuition behind the above findings is simple. The decline in labor productivity is muted
because of a double cleansing effect. Within a type, the workers who are displaced by the shock
are those in matches with relatively low quality. Across types, the workers who are displaced
by the shock are disproportionately y-workers, who have the lowest productivity among all
types.!” Both effects imply that the workers who survive the shock are positively selected and,
hence, labor productivity declines less than the aggregate component of productivity. Over

1"The within-type cleansing effect is also active in models with homogeneous workers and match-quality
heterogeneity, such as Mortensen and Pissarides (1994) or Menzio and Shi (2011).
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time, the displaced workers who first find a new stable match are a and g-workers. Hence, over
time, the composition of the employment pool tilts further towards o and -workers and away
from ~-workers. Since o and [-workers are more productive than v-workers, labor productivity
recovers faster than the underlying shock.

Let us summarize our findings. First, aggregate unemployment is sensitive to labor pro-
ductivity fluctuations. Indeed, the semi-elasticity of the aggregate unemployment rate with
respect to labor productivity is approximately 7. Second, the recovery is jobless, in the sense
that the increase in aggregate unemployment dissipates more slowly than the decline in labor
productivity. Indeed, the half-life of the increase in the aggregate unemployment rate is 5 years,
while the half-life of the decline in labor productivity is only 2 years. Third, the response of
labor productivity is muted, in the sense that the decline in labor productivity is smaller and
more transient than the shock to the aggregate component of productivity.!®

6.2 Representative worker

In order to quantify the role played by worker heterogeneity in shaping the response of the
labor market to an aggregate productivity shock, we consider a version of the model with only
one type of worker. We refer to this version of the model as the Representative Worker Model
(RWM), and to the baseline model as the Heterogeneous Worker Model (HWM). We calibrate
RWM using the same targets used to calibrate HWM, except that all the type-specific targets
are aggregated. We then use the RWM to measure the response of the labor market to a 10%
negative shock to the aggregate component of productivity with a half-life of 3 years.

The yellow solid line in the left panel of Figure 6 plots the response of the UE rate to
the shock in RWM. The UE rate declines by 18% on impact and recovers with a half-life of 3
years. The decline in the UE rate in RWM is smaller than in HWM because the elasticity of
the UE rate with respect to the aggregate component of productivity is a convex function of
xy;/(xy; — b;). Therefore, the response of the UE rate for the representative worker is smaller
than the average response of the UE rate for heterogeneous workers. The decline in the UE
rate recovers more quickly in RWM than in HWM because, with a representative worker, there
is no change in the composition of the unemployment pool that slows down the recovery of the
UE rate. Overall, the response of the UE rate in RWM is much closer to the response of the
UE rate for a-workers than to the response of the average UE rate in HWM.

The yellow solid line in the right panel of Figure 6 plots the response of the EU rate in RWM.
On impact, the EU rate increases by about 50%. After the impact, the EU rate increases by
12% and recovers with a half-life of 3 years. Again, the response of the EU rate in RWM is closer
to the response of the EU rate for a-workers than to the response of the average EU rate in

18The magnitude of the response of the UE, EU and unemployment rates relative to the magnitude of the
labor productivity decline are in the same ballpark as what we observe in typical US recessions. The relative
volatility of the UE rate is approximately 3, the relative volatility of the EU rate is approximately 4, and the
relative volatility of the unemployment rate is approximately 7. Using BLS data, the relative volatility of the
UE and EU rates are about 6, and the relative volatility of the unemployment rate is about 9 (see, e.g., Menzio
and Shi 2011, Table 1). Keep in mind, however, our notion of unemployment and, hence, of UE and EU rates
is not the same as in the BLS.
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HWM. This is because the representative worker—who is calibrated to match the distribution
of job durations in the aggregate—samples from a match-quality distribution that looks a lot
like the one for an a-worker.

The responses of unemployment and labor productivity in RWM are plotted in yellow in
the left and right panels of Figure 8. The shock causes an increase in the unemployment rate of
about 3 percentage points that dissipates with a half-life of 3 years. That is, the increase in the
unemployment rate is smaller and less persistent in RWM than HWM. These differences are
an immediate consequence of the difference in the response of the UE and EU rates in RWM
and HWM. The shock causes a decline in labor productivity of about 9% that dissipates with
a half-life of 3 years. That is, the decline in labor productivity is larger and more persistent in
RWM than HWM. Without worker heterogeneity, the negative productivity shock has only a
cleansing effect only on the quality of surviving matches and not on the quality of the surviving
workers. Hence, the decline in labor productivity is larger in RWM than HWM. Moreover,
without worker heterogeneity, the composition of the employment pool does not change over
time. Hence, the half-life of the decline in labor productivity is longer in RWM than HWM.

Let us summarize our findings. First, worker heterogeneity increases the magnitude and
persistence of the response of UE, EU and unemployment rates to an aggregate productivity
shock. Specifically, worker heterogeneity almost doubles the magnitude and half-life of the
response of the UE and EU rates, and it increases the magnitude of the response of the unem-
ployment rate by 2 percentage points and its half-life by 2 years. Second, worker heterogeneity
reduces the magnitude and persistence of the response of labor productivity to an aggregate
productivity shock. Specifically, worker heterogeneity reduces the magnitude of the response
of labor productivity by 15% and lowers its half-life by 1 year. Therefore, worker heterogene-
ity contributes to the elasticity of unemployment to labor productivity fluctuations, to the

joblessness of recoveries, and to the dampening of labor productivity fluctuations.

Here is an impressionistic description of our analysis: The aggregate response of the labor
market in RWM is similar to the response that would obtain if the economy was populated
only by a-workers—who are the majority of workers in the economy. In contrast, the aggre-
gate response of the labor market in HWM is similar—especially during the later stages of
the recovery—to the response that would obtain if the economy was populated mainly by ~-
workers—who are a small, non-representative fraction of workers in the economy. Since o and ~
workers are very different, the response to the same shock is very different in RWM and HWM.
In particular, since a-workers have larger gains from trade than y-workers, the magnitude of
the response of the labor market is smaller in RWM than in HWM. Since the search process
of a-workers is quick and the search process for y-workers is slow, the labor market recovers
faster in RWM than in HWM.

6.3 The Great Recession

Even though actual recessions are likely caused by a multiplicity of shocks (e.g., productivity
shocks, demand shocks, financial shocks, etc...), we believe that it is still useful to compare the

38



Unemployment by Type: Data Aggregate Unemployment and ALP: Data

0.075
0.3} ——
B
Y £ 0.050
(0]
-
wn
c
o
2 w0025
© 02} 7N 9
% Y
1S € 0.000 - -
3 g /\\ . 4 MNNS
[} “— v\ J \I
a g N/
£ \ = \ oy
5 S -0.025 \_/
S 0.1 6
o
c
S -0.050
()
o
. -
P et —— LEHD unemployment rate
. =~ -0.075 -
e i ? --- Productivity (real output per person)
0.0~ So~a
2008 2009 2010 2011 2012 2013 2014 2008 2009 2010 2011 2012 2013 2014

Figure 9: Left panel: increase in unemployment rates for each worker type during the Great
Recession in the data; right panel: LEHD unemployment and average labor productivity during
the Great Recession in the data

theory’s predictions about the response of the labor market to a productivity shock with the
actual behavior of the labor market during a recession. To this aim, we make use of the fact
that our extract of the LEHD covers the period 1997-2014, which includes the Great Recession
of 2008-2009 and its aftermath. Using the LEHD data from 2008 to 2014, we can construct
time-series for the aggregate unemployment rate, and for the unemployment rate of different

types.?
The left panel of Figure 9 plots the unemployment rate of different types of workers during

and after the Great Recession. More specifically, the panel plots the unemployment rate of
different types of workers during the period 2008-2014 net of their unemployment rate in the last
quarter of 2007. The unemployment rate of a-workers increases by 3 percentage points over the
period 2008-2010, and quickly falls down afterwards. By the end of 2012, the unemployment rate
of a-workers is back to its pre-recession level. The unemployment rate of S-workers increases by
8 percentage points over the period 2008-2010, and falls down afterwards. The unemployment
rate returns to its pre-recession level by 2014. The unemployment rate of y-workers increases by
21 percentage points between 2008 and 2010 and, afterwards, it falls slowly back. By 2014, the
unemployment rate of y-workers is still 10 percentage points higher than before the recession.

19Tn order to construct the type-specific unemployment rate during and after the Great Recession, we need to
make some adjustments so as to take care of attrition and time-trends in labor market participation. First, we
take workers who are in our sample in a quarter T" prior to 2018 and track their unemployment rate in quarter
T+t t=0,1,2,... Second, to control for trends in labor market participation, we estimate a linear time trend
in the unemployment rate of a cohort after ¢ quarters. The linear time trend is allowed to vary by type. Lastly,
we measure the excess unemployment rate of the cohort of workers who are in our sample in the last quarter of
2017 as their unemployment rate net of the unemployment rate forecasted using the behavior of prior cohorts
and the estimated linear trends.
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The right panel of Figure 9 plots the behavior of the aggregate excess unemployment and of
labor productivity—measured as the percentage deviation of output per worker from trend.
The aggregate unemployment rate increases by 7.5 percentage points from 2008 to 2010, and
then slowly falls back towards its pre-recession level. Labor productivity falls by 2.5 percent
from trend from 2008 to 2009 and then recovers quickly, returning to trend by 2010.

The picture in the left panel of Figure 9 is dramatic. The increase in the unemployment
rate of y-workers is 3 times as large as the increase in the unemployment rate of S-workers,
and about 7 times as large as the increase in the unemployment rate of a-workers. Moreover,
excess unemployment would have been essentially all reabsorbed by 2014 had it not been for
~v-workers—who still had to reabsorb half of their excess unemployment.

The picture in the left panel of Figure 9 is qualitatively similar to the one in the left
panel of Figure 7—which plots the response of the type-specific unemployment rate to a 10%
negative productivity shock. First, in response to the productivity shock, the unemployment
rate increases by 20 percentage points for y-workers, by 5 percentage points for [-workers,
and by 2.5 percentage points for a-workers. That is, the theory predicts that the productivity
shock generates responses in the unemployment rate of different types that are of the same
order of magnitude as what we observe in the Great Recession. Second, the theory predicts
that the productivity shock generates responses in the unemployment rate that have different
persistence for different types—Ileast persistent for a-workers and most persistent for y-workers.
This is precisely what we observe in the aftermath of the Great Recession. Lastly, the theory
predicts that the productivity shocks generates a decline in labor productivity that is much less
persistent than the increase in unemployment. This is also consistent with what we see in the
data.

We believe that the qualitative fit between the predictions of the theory in response to
a negative productivity shock and the behavior of the US labor market during and after the
Great Recession provides a powerful validation of our framework. The fit shows that the theory
correctly identifies the relative susceptibility of different types of workers to negative aggregate
shocks, and it correctly predicts the speed of the process through which displaced workers of
different types return to stable employment. The theory, however, appears to mis-specify the
precise nature of the shock or to omit some additional shocks—since it predicts a decline in
labor productivity of 7.5%, while in the data labor productivity fell by only 2.5%.

In the context of our theory, a natural alternative to a shock to the aggregate component of
productivity x are shocks to the type-specific components of productivity y;. One interpretation
of y;-shocks is that different types of workers are employed in different tasks or different roles
and that these differences make their productivity more or less sensitive to technology shocks.
Another interpretation of y;-shocks is that other shocks, say financial or demand shocks, impact
the value of their output differently. Leaving aside issues of interpretation, here we simply
want to understand whether we can find a series of y;-shocks that is able to reproduce the
magnitude and persistence of the increase in the type-specific and aggregate unemployment
rate and the magnitude and persistence of the decline in labor productivity observed during
the Great Recession.

40



Unemployment by Type: Model Aggregate Unemployment and ALP: Model

0.075}
0.3} — «
B
Y 0.050 |
2
@©
S
wn
2 ’ -§‘ 0.025}
5 02 - g
JE (2]
g £ o0.000
1S 2
> Y—
o [}
Qo [e)]
£ ©
3] ® —0.025}
So1 et
e
(O]
E —0.050 |
—— Unemployment rate
’ ---Average labor productivity
______ | —0075) “esee| e Productivity shock
00} d==—" T T T T mm e, —————
2008 2009 2010 2011 2012 2013 2014 2008 2009 2010 2011 2012 2013 2014

Figure 10: Left panel: increase in unemployment rates for each worker type during the Great
Recession in the model; right panel: LEHD unemployment and average labor productivity
during the Great Recession in the model

We feed into the model a series of shocks to the type-specific components of productivity
that are perfectly correlated across types, but have different magnitudes. We assume that the
type-specific components of productivity fall linearly from the beginning of the fourth quarter of
2007 to the end of 2008, they remain constant throughout 2009, and then they start recovering
back to their normal levels at an exponential rate of 10% per month. The shocks to the type-
specific component of productivity are smaller for a-workers than for 5 and ~-workers. We
assume that, at the through, the the type-specific productivity is 5% lower than normal for
a-workers and 12% lower than normal for 5 and y-workers.

The left panel of Figure 10 plots the response of the unemployment rate for different types
of workers. Between 2008 and 2010, the unemployment rate increases by 1 percentage points for
a-workers,?’ by 6.5 percentage points for S-workers, and by 23 percentage points for ~-workers.
After that, the increase in the unemployment rate is reabsorbed for all types of workers, but at
very different speeds. The increase in the unemployment rate of a-workers is fully reabsorbed
in 2012. The increase in the unemployment rate of [S-workers is fully reabsorbed in 2013.
For ~-workers, the increase in the unemployment rate is reabsorbed so slowly that it is still 7
percentage point above its pre-recession level in 2014.

The right panel plots the response of aggregate unemployment and labor productivity.
Aggregate unemployment increases by 5.5 percentage points between 2008 and 2010. From
2010 onwards, aggregate unemployment falls slowly back towards its pre-recession level. At the

beginning of 2014, aggregate unemployment is still 1 percentage point higher than before the

20The increase in the unemployment rate of a-workers is smaller in the model than in the data. However, the
difference is small—in percentage point terms—and may very well be due to errors in the empirical measurement
of the unemployment rate of a-workers.
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recession. Both the magnitude and the persistence of the increase in aggregate unemployment
are driven by the response of the unemployment rate for y-workers. The response of labor
productivity is not the mirror image of aggregate unemployment. Between 2008 and 2009,
labor productivity declines by 4%. Afterwards, labor productivity recovers very quickly and it
is back to its pre-recession level midway through 2011. The decline in labor productivity is so
small because of a strong cleansing effect across types. Indeed, since the decline in productivity
is larger for g and vy-workers, the composition of the employment pool tilts strongly towards
a-workers who are the most productive. The decline in labor productivity is so transitory
because, during the recovery, the composition of the employment pool tilts even more towards
a-workers.

A comparison between Figures 9 and 10 reveals that shocks to the type-specific component
of productivity that are perfectly correlated across types but larger for less productive types
allow the model to reproduce quite well the behavior of the US labor market during and after

2L These type-specific productivity shocks increase the magnitude and

the Great Recession.
persistence of the response of unemployment and they lower the magnitude and persistence
of the response of labor productivity. They do so by leveraging one of the theory’s main
insight: the disconnect between the types that drive the dynamics of aggregate unemployment

(v-workers) and the types that drive the dynamics of labor productivity (a-workers).

7 Conclusions

Most research in macro-labor is carried out using search-theoretic models of the labor mar-
ket where the employment transitions of all workers are realizations of the same stochastic
process (e.g., Mortensen and Pissarides 1994, Shimer 2005, Hall 2005, Menzio and Shi 2011).
In line with the representative worker assumption, these models are estimated using either
aggregate data (e.g., unemployment, and aggregate flows between employment and unemploy-
ment) or cross-sectional cuts of micro data (e.g., distribution of unemployment spell durations,
distribution of job durations, etc..). With this paper we hope to have shown—by means of
a prototype—that it is possible and fruitful for macro-labor to move beyond from the repre-
sentative worker assumption. In terms of available data, there are now several panel datasets
that record the employment histories of millions of workers for many consecutive years (e.g.,
LEHD in the US, IDA in Denmark, etc..). In terms of estimation methods, the Grouped Fixed-
Effects method of Bonhomme, Lamadon and Manresa (2021) now provides a way to summarize
workers’ heterogeneity by grouping workers into types and then by estimating the type-specific
parameters of a model with heterogeneous types—an approach that is computationally much
lighter than maximum likelihood. In terms of models, the directed search framework of Menzio
and Shi (2011) can handle rich heterogeneity because its equilibrium has the property of being

21'We only show that there exist type-specific productivity shocks that allow the theory to reproduce the
observed behavior of the labor market during the Great Recession. Since we do not have direct measures of
type-specific productivity shocks, we cannot say whether these shocks are the actual force behind the Great
Recession. That is, we are doing a fitting exercise rather than a macro measurement in the spirit of Kydland
and Prescott (1983).
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block recursive. Substantively, in this paper, we showed that workers’ heterogeneity matters to
understand macro phenomena like the business cycle. In doing so, we vindicated and quantified
some of the conjectures from Pries (2008).

We believe that the approach outlined in this paper can open the door for much exiting
research. In terms of data, it would be interesting to use panel datasets that contain even
more detailed information about workers’ histories, such as the exact start and end dates of
each job. In terms of estimation, it would be interesting to attempt to classify workers along
more dimensions than only employment transitions, such as earnings, occupation, etc.. Also,
it would be interesting to use longer panel datasets, in an attempt to understand whether
a worker’s type is a trait that is permanent or whether it does evolve over time. In terms
of substantive questions, it is natural to wonder about the welfare consequences of aggregate
shocks—and, in turn, the cost and benefits of monetary, fiscal and labor market policies—once
workers’ heterogeneity is taken into account. It would also be interesting to see whether the
distribution and nature of worker types changes over the years and whether these changes may
be partly responsible for the decline in labor market dynamism and for changes in the nature
of the business cycle.??

22In a companion paper (Gregory, Menzio and Wiczer 2020), we use a version of the model presented in this
paper to forecast the dynamics of non-employment after the pandemic recession of 2020.
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