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Abstract

Using panel data from the US, I document three new stylized facts on unemployment. First,
10% of workers account for two-thirds of unemployment in prime-age. Second, young unemploy-
ment predicts prime-age unemployment. Third, differences in job-finding rates between the most
unemployed and the rest increase over the life cycle, while differences in separation rates shrink. I
show that a model of heterogeneity across workers and information frictions, in which agents learn
workers’ types from their labor market history, is quantitatively consistent with all these facts. I find
information frictions to be responsible for the whole decrease in job-finding rates of the most unem-
ployed workers over the life cycle. The concentration and persistence of prime-age unemployment
are mainly explained by heterogeneity across workers, while information frictions have a negligible
role. The model has novel implications for labor market policy: I find that severance payments have
asymmetric effects, affect mainly the most unemployed, and reduce the speed of learning later in

life.
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1 Introduction

Using data from the 1979 National Longitudinal Survey of Youth, I document three novel
facts on lifetime unemployment. First, two-thirds of observed prime-age unemployment
between 1985 and 2010 is accounted for by 10% of workerg'} Such concentration is due to
both lower job-finding rates and higher job-separation rates of the most unemployed workers.
Bad luck alone cannot explain why unemployment is so concentrated: the standard search-
and-matching framework is at odds with this fact, because it features too many transitions
in and out of employment for the majority of workers. Second, time spent in unemployment
when young is a powerful predictor of time spent in unemployment during prime-age. By
means of regression analysis, I show that this is not due to observable heterogeneity such as
education, occupation, or health. Third, I show that the 10% most unemployed workers and
the rest start their careers with similar job-finding rates, and that the job-finding rate of the
most unemployed declines over the years while the one of the rest of workers stays relatively
constant. Instead, differences in monthly job-separation ratef] shrink: they start as large as
4 percentage points at age 20 and descend to two percentage points at age 35.

Why are separation rates so heterogeneous and persistent over the life cycle? Why does
the job-finding rate of the most frequently separated workers decline? And why do the
same workers experience both low finding rates and higher separation rates? The fact that
those with a low job-finding rate tend to have a high separation rate is crucial to account
for heterogeneity in lifetime unemployment: since unemployment is a nonlinear function of
both, theories that account only for one or the other cannot reproduce the concentration of
unemployment observed in the data.

The challenge is to build a theory that is consistent with all the micro facts presented
above. I propose a directed-search model which succeeds in this regard. In the model workers
can be of two types, high and low. A worker’s type is initially unobserved by all agents in the
market, who are allowed to learn workers’ types from labor market histories. This feature
allows the model to be consistent with the fact that, while differences in job-finding rates

increase over the career, differences in separation rates become smaller. In the model, this

! This is true even within education-sex subgroups.

2Conditionally on facing a separation, I find that the likelihood of experiencing a firing/layoff /temporary job ended/quit
does not vary between lifetime unemployment groups. Thus, this is not because one group was more frequently fired than
the other, for instance.



is because workers who face frequent separations when young progressively find fewer jobs,
and sort into different jobs to reduce their separation probability.

Information is symmetric: at the start of a worker’s career, no agent in the market
(including the worker herself) knows her type. Search is directed in the sense that workers
decide to search for a job with a certain wage. Upon matching with a firm, workers draw
match quality from type-specific distributions, which is constant for the whole duration of
the match. Firms write fixed wages contracts and are free to destroy a match at will. Match
quality is an experience good as in Jovanovic (1979); output of a match is unobserved until a
shock is realized, upon which output becomes the firm’s private information. Then, the firm
keeps the worker or destroys the match, leaving the worker unemployed. The occurrence
of a continuation or separation is observed by the market, which updates the probability
that the worker is of high type accordingly. The probability of being high-type formalizes
a notion of “résumé” based on the worker’s labor market history: separations will lead the
market to believe that the worker is more likely to be of low type, while continuations will
have the opposite effect. Thus workers’ types are slowly learned from labor market histories
and workers with different résumés apply to different wages. To the best of my knowledge,
this is the first model in which wages, job-finding rates, job-separation rates and the speed
of learning are all endogenously determined at the same time, because workers are allowed
to choose the wages they search for: since each wage entails a job-finding rate, an expected
duration of a match, and different updates of the résumé, workers are effectively optimizing
over all these trade-offs at once.

Heterogeneity in lifetime unemployment comes from three sources in the model. First, it
can be the result of bad luck, because any given type might draw low match qualities, which
will ultimately lead to separations. Second, it can be the result of information frictions, that
is low-type workers apply to wages that are too high to sustain their match qualities. Third,
workers with different labor market histories find jobs at different rates.

I estimate the model using data from the NLSY/79. The model is very successful in
reproducing the observed concentration and persistence of unemployment, as well as the
patterns of job-finding rates, job-separation rates and wages over the life cycle. The model
delivers concentration of unemployment because low-type workers have a higher probability

of drawing low-quality matches than high-type workers, and have a lower expected produc-



tivity; thus such workers face a higher separation rate and a lower job-finding rate at every
age. It delivers persistence because low-type workers tend to experience frequent separa-
tions both when young and when prime-age, and job-finding rates that decline with age as
the market recognizes them as low-type workers. Information frictions are crucial to match
the life-cycle patterns of job-finding and job-separation rates by unemployment groups. I
argue that a model based on human capital, rather than information frictions, would be
inconsistent with these patterns because it would have the counterfactual implication that
differences in separation rates increase over the life-cycle.

I calibrate an array of competing models and find that neglecting heterogeneity across
workers makes it impossible to match the concentration and persistence of unemployment ob-
served in the data. While uncertainty in match quality draws helps in matching the life-cycle
profile of job-separation rates and the concentration of unemployment, heterogeneity across
workers is crucial to match the persistent differences in job-finding and job-separation rates
across workers I document. Furthermore, uncertainty in match quality draws is important
because it slows down learning: if there is no uncertainty and workers only differ in mean
match quality, learning is too fast and it is impossible to match the progressive decrease in
job-finding and job-separation rates by prime-age unemployment groups.

Information frictions play an important role in the first part of workers’ lives. In a
quantitative exercise, I shut down information frictions and show that they are responsible
for the entire decline in monthly job-finding rates of the top 10% of prime-age unemployed
(from 22 % at age 20 to 15 % at age 35). This is because 99% of the top 10% unemployed
are low types: while their type is initially unknown, it is slowly revealed by their labor
market histories. This translates in progressively lower job-finding rates for these workers.
Moreover, wage differentials between workers with very different lifetime unemployment are
relatively small at the beginning of the career, and my simulations show that this too can
be explained by information frictions. Progressive learning makes gaps in wages between
the always-unemployed and the rest widen over the workers’ careers, in a similar way as a
model with human capital accumulation would. Information frictions also explain a portion
of the decline in the separation rates of the most unemployed workers. However, the role of
information frictions later in life is negligible: by age 30 types have effectively been learned

and most of the concentration and persistence of unemployment after this age are due to



heterogeneity across workers.

Finally, my model has new policy implications. In particular, I show that severance
payments have nontrivial effects on the speed of learning and unemployment: by increasing
unemployment duration, especially for low types, severance payments slow down learning
because they give workers fewer opportunities to update their résumé. Moreover, lower
separation rates also imply that résumés of low-type workers are being updated less frequently
with bad news. Overall, unemployment in prime-age decreases: although the job-finding rate
declines, the reduction in job-separation rates and the fact that workers demand lower wages
to find jobs faster more than offset this decrease.

This paper mainly contributes to two strands of the literature. First, it relates to the
large empirical literature that investigates the composition of the unemployment pool and
heterogeneity in job-finding rates; Clark et al. (1979) were the first to show that most of
unemployment is accounted for by workers experiencing long spells of unemployment, rather
than by workers going in and out of unemployment. In this paper, I make a different point
and argue that most of the prime-age unemployment pool is composed by a relatively small
group of workers continuously going out of employment, and staying unemployed for a long
time, during all their lives. The literature on lifetime unemployment is relatively scarce, pos-
sibly due to the limited availability of long panel data. My results on the concentration of
unemployment in the US are mirrored in the empirical work of Schmillen and Moller (2012)),
who use long time series from administrative data from Germany, and in Brooks (2005)), who
looks at workers in Canada in the years 1993-2001. Neither of these studies compares concen-
tration to what is implied by standard models of unemployment. My approach at studying
inequality in unemployment risk is similar to the one used in Michelacci, Pijoan-Mas and
Ruffo 2011 using NLSY /79 data, the authors show that unemployment over the lifetime is
more unequally distributed than what the standard search and matching framework implies.
However, none of the studies above looks at the concentration in prime-age unemployment,
nor documents young-prime-age persistence, nor decomposes concentration into job-finding
and job-separation rates. A vast literature studies heterogeneity in job-finding rates and
unemployment duration, both empirically (Addison and Portugal 1989) and theoretically
(Lockwood [1991; Shimer 2008; Gonzalez and Shi 2010; Fernandez-Blanco and Preugschat
2014; Wiczer 2014).



Second, I develop a model of unemployment and learning from job histories in which
wages, job-finding rates, job-separation rates and the speed of learning are all jointly deter-
mined in equilibrium; this is also the first model to be estimated on (and to study) lifetime
unemployment data. Other models of job search have proposed learning as a candidate
explanation for the scars of unemployment (Michaud |2014)) and duration dependence in job-
finding rates (Gonzalez and Shi 2010). The model I develop shares a mechanism similar to
Michaud (2014) regarding separations, but adds résumeés, learning from labor market his-
tory and heterogeneity in the shape of match quality distributions across types: I find that
all these ingredients are important to match heterogeneity in lifetime unemployment. My
model’s environment is similar to Gonzalez and Shi (2010), but in their model workers are
heterogeneous in their ability to find jobs, and learn about their ability by finding jobs or
not. Instead, in my model workers are heterogeneous in productivity and learn from their
employment history, which maps into differences in job finding rates and job-separation rates.
Similarly to Gonzalez and Shi (2010), my model also features a duration dependence relation
because workers who have a higher probability of being high types tend to find jobs faster.
My results on the speed of employer learning are similar to those of Lange (2007), who finds
that employers learn relatively quickly and expectation errors on productivity decline by 50%
in the first 3 years of employment. Other empirical work focuses on employer learning as a
source of increase in wage heterogeneity over the career: see for instance Kahn and Lange
(2013]).

This paper also relates to the empirical literature that looks at the effect of unemployment
on subsequent earnings and labor market outcomes. Since the pioneering study by Heckman
et al. (1980), many papers have addressed whether unemployment leaves “scars” on subse-
quent wages and increases chances of future unemployment; see for instance Von Wachter,
Manchester and Song (2009), Von Wachter and Bender (2006)), Barnett and Michaud (2012).
See also Couch and Placzek (2010)) for a review of the studies on the effects of job displacement
on earnings. Other recent studies (Kahn 2010; Oreopoulos et al. 2012) look at individuals
who graduated from college during a recession, and find that this has negative, persistent
effects on the earnings of otherwise identical workers. My model generates ex-post hetero-
geneity in labor market outcomes by allowing the market to separate workers using their job

history, and in principle could be extended to allow for other additional channels discussed



in the literature.

Finally my model is, in spirit, a life-cycle model of search and matching. Menzio,
Telyukova and Visschers (2012) is the closest model to the one presented in this paper,
having in common directed search and job-specific match quality. However, while they want
to provide a life cycle theory of the transitions in and out of unemployment and employment
over the life cycle, T want to understand the sources of heterogeneity in lifetime unemploy-
ment, and study the role played by information frictions in determining lifetime outcomes. I
find that models without heterogeneity and learning (like Menzio, Telyukova and Visschers
2012| or Chéron, Hairault and Langot [2013), despite featuring potential sources of persis-
tence such as human capital accumulation, cannot replicate the amounts of concentration

and persistence of unemployment I document.

2 The Data

I use weekly job histories from NLSY /79 data to compute lifetime unemployment statis-
tics. The NLSY is one of the best-known panel datasets available for the US, following a
cohort of more than ten thousand individuals from 1979 onwards. Those who are being fol-
lowed in the NLSY /79 ranged ages 14 to 22 in 1979; information has been gathered annually
until 1994, and biennually since then.

I use only the cross-sectional representative sample of the NLSY, and exclude every worker
who has less than 100 weeks of reported employment /unemployment from age 20 to 30, and
100 weeks from age 35 to 55; this gives me a sample of 5422 workers’| Further, I restrict
attention to the relatively narrower sample of males who are only high-school educated at
age 3] This leaves us with a total of 1029 individuals followed for 30 years. However,

results are robust to more inclusive definitions of the sampld?]

3This is to address measurement error issues when computing lifetime unemployment statistics. I study the extent of
measurement error in Appendix

4This means that I include in the sample only individuals who have completed no more and no less than high-school at
age 30. I do this to have as homogeneous a sample as possible. High-school males are the biggest sex-education subgroup
in the NLSY/79. Moreover, Menzio, Telyukova and Visschers (2012) show that, in terms of labor market outcomes, this
subgroup is a good representation of the behavior of US labor market aggregates over the life cycle. In appendix [B.2] I
show that findings are robust to other education-sex subgroups.

5For results on the whole sample, see Appendix



2.1 Prime-age unemployment is concentrated

I first document that prime-age unemployment is concentrated in relatively few individuals.
I start by defining young-age unemployment as the fraction of the work history an individual

spent in unemployment, over total weeks employed or unemployed®] from age 20 to 30:
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where ui{t is a variable taking value 1 in weeks in which individual ¢ was unemployed, and
0 if individual ¢ was employed, and 7} is the number of weeks that individual i was either
employed or unemployed between ages 20 and 30. Similarly, I define prime-age unemployment
as the fraction of work history spent in unemployment from age 35 to 55. Since I will show
that there are important connections between young and prime-age unemployment, the five-
years gap is necessary in order to avoid that part of the correlations are not artificially
due to the aftermath of a recession, or to long unemployment spells that connect between
subsequent years.

As shown in table[l] there are large differences in unemployment outcomes across workers.
The first finding is that prime-age unemployment is concentrated in relatively few workers.
After ranking individuals by the fraction of time spent in unemployment, I compute the

fraction of weeks spent in unemployment by the bottom 90% of the sampld}
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where 1(ul < ggo(uP)) is an indicator function taking value 1 if prime-age unemployment
of individual 7 was below the 90th quantile of the prime-age unemployment distribution, and
0 otherwise, while 77 is the number of weeks in which individual i was either employed or
unemployed during prime-agd]

The 10% most unemployed individuals account for about 2/3 of prime-age unemployment

6My definitions are similar to Schmillen and Mdller (2012).

"These measures are common in the literature on income inequality; see for instance Atkinson (1970). Their application
to lifetime unemployment is relatively uncommon, with the exception of Schmillen and Méller (2012) and Brooks (2005).

8Clearly this is not the only way of computing this average. Another possibility is to compute instead



NLSY /79 Unif. Match
300 wks 500 wks

Avg. % time in unemployment 3.6 (target) 3.6 (target) 3.6
Avg. % time in U, excluding top 10% 1.5 2.5 3.1
Avg. % time in U, excluding top 20% 0.6 1.9 2.6
% never unemployed: 56 29 5

Table 1: Left column: averages computed on NLSY /79, individuals aged 35-55. Sample includes only
high school educated, male individuals with more than 100 observations of weekly job histories in their
prime-age, ending 2010. Right columns: averages computed by simulating sequences of 300 (column
2) and 500 (3) job-finding - job-separation events using flow equations of Mortensen-Pissarides model,
calibrated to average job-finding and job-separation probabilities in NLSY /79 sample.

observed in the data. Moreover, about half of these individuals have never been unemployed
in the reference period. Notice that the fact that prime-age unemployment is concentrated
in relatively few workers is a very different point from the one raised for instance by Clark
et al. (1979), who show that most of the unemployment pool is accounted for by workers
staying unemployed, rather than workers going in and out of unemployment.

I then proceed to compute monthly average job-finding/job-separation rates for workers
in their primeﬂ I find that the concentration of unemployment is both due to a (~ 3
times) lower finding rath_G] and a (~ 9 times) higher separation rate for that top 10% (see
table ; this group of workers appears to have both longer unemployment duration and
shorter employment duration. Since unemployment is a nonlinear function of both finding

and separation rates, failure to account for both at the same time means not getting the
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that is, the average of each individual’s prime-age unemployment. The two averages are different since 77 differs across
individuals, because some are observed for more weeks than others; in particular, there can be a significant difference if
COV(TP,uP) # 0, for instance if those often unemployed tend to be more often out of the labor force. In fact, this is
indeed the case (see Appendix . I find that there is relatively little difference between the two ways of computing the
average, and that this does not matter for results on the concentration of unemployment, which is even larger (about 70%
accounted for by top 10%) if using this second methodology (see Appendix .

%Since I will calibrate the model to monthly probabilities, I do not adjust for short-term unemployment as in Shimer
(2012).

T describe how I compute job-finding and separation rates in appendix



distribution of unemployment right. Interestingly, the difference in separation rates accounts
for a larger fraction of the heterogeneity in unemployment outcomes than the difference in

finding rates.

Top 10% Rest of Sample Ratio Top 10 / Rest

Avg. % time in unemployment 29 1.5 19.1
d: Prob. of U — E (monthly%) 8 26 0.3
f: Prob. of E — U (monthly%) 3.5 0.4 8.75
Predicted % time in U of top 10%, ¢ alone: 12

Predicted % time in U of top 10%, f alone: 5

Avg. Log Wage (2000) ~ - 40%

Table 2: Summary statistics by parts of the prime-age unemployment distribution. Source: own cal-
culations on NLSY/79. Male, high-school educated individuals aged 35-55. Predicted % time in U
calculated using the formula u = §/(0 + f).

Similarly to what happens when discussing income inequality, measures of concentration
might not be meaningful if they are not compared with what a standard framework would
imply for the distribution of unemployment. If only one person out of 10000 was unemployed,
the fact that unemployment is concentrated would not be very interesting. Moreover, it
is important to stress that these numbers do not represent accurately differences in the
“underlying” job-finding and job-separation rates for groups of workers. My estimates of job-
finding and job-separation probabilities are likely to be biased estimates of the underlying
probabilities, because by creating groups based on the amounts of unemployment experienced
in prime-age [ am selecting those individuals who experienced exceptionally high amounts
of unemployment, who might be the most “unlucky” among a specific group. In order to
understand the magnitude of these results, I compare the concentration of unemployment
observed in the data to what a standard search and matching framework a-la Mortensen and
Pissarides (1994) would imply. I produce simulations of 300 and 500 weeks of transitions
because in my NLSY /79 sample I observe prime-age workers for about 700 weeks on average;
95% of workers are observed for more than 470 weeks, and less than 1 % of workers is observed

for less than 250 weeks. This is for robustness: increasing the number of simulated weeks
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leads to worse performance of the standard model, so I construct at least one case that is
favorable to it.

Simulations show that the standard model, calibrated to reproduce the job-finding and
job-separation rates of the sample, has trouble replicating the observed concentration in
prime-age unemployment: the standard search model features too many transitions in and
out of unemployment for the majority of workers. This fact is important, because it sug-
gests that heterogeneity across workers is likely to be crucial to make sense of labor market

outcomes, and of the ins and outs of unemployment, during prime-age.

2.2 Unemployment is persistent over the life-cycle

I now document that young and prime-age unemployment are strongly correlated. Workers
who were in the top 10% of the young-age distribution are five times more likely to be in
the same part of the distribution when prime-age. In short, young and prime-age unem-
ployment are connected and, among a wide range of observables available in the NLSY /79,
young unemployment is the best predictor of prime-age unemployment. Noticeably, regres-
sion analysis (see table 8 in the Appendix) confirms that young unemployment is a very
strong predictor of prime-age unemployment, and that this is not due to observables such as
education, marital status or 1Q.

Little additional information can be obtained by decomposing further the separation
rate: using the matched employer-employee dataset available along the NLSY /79, I show
that workers who were in the top 10% most unemployed in prime-age had about twice the
likelihood of separating from their employers for any reason than the rest of the sample,
without one single particular reason being more important than others (see table in
Appendix).

Finally, notice that such persistence is not due to observable heterogeneity: one might
think for instance that such differentials could be explained by differences across occupations
(the choice of an “unlucky occupation” when young, as in Schmillen and Méller (2012))) or in
health status (worse health means worse labor market outcomes). I perform several batteries
of regressions (see Appendix including ethnic origin, education, prior occupations and
current occupations, ex-post health and IQ and find that none of these variables substan-

tially reduces the amount of persistence I observe in the data. This result is particularly
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All sample
Rest  Top 10% when (35-55)

Rest 92.68 7.32

Top 10% when (20-30) 65.94 34.06

High-School Workers
Rest  Top 10% when (35-55)

Rest 93.53 6.47

Top 10% when (20-30) 58.82 41.18

Table 3: Markov Transition Matrix, from distribution of young (ages 20-30) unemployment to prime-age
(35-55) unemployment. Overall sample (top panel) and only high school males (bottom panel). Source:
own calculations on NLSY/79.

strong because current occupations and ex-post health are endogenous to prior labor market
experience, and as such are bound to capture part of the persistence of unemployment. For
instance, a worker that has been unemployed often when young will tipically work in more
unstable occupations in prime-age, and this should capture part of the young-prime-age

correlation I find. Similar considerations are valid for ex-post health.

2.3 Job-finding and job-separation over the life cycle

As a final piece of evidence, I compute job-finding and job-separation probabilities depending
on age, from age 20 to age 35, by groups of prime-age unemployment. I want to show that
those who have experienced large amounts of prime-age unemployment had different labor
market outcomes during the first years of their career too. I compute marginal effects from
linear regressions of job-finding rates and job-separation rates on a 4-th degree polynomial on
age, controlling for year-specific fixed effects in order to clean the effect of recessiond'’} I can
see that, at ages 20-30, the job-separation rate of the top 10% of prime-age unemployed is 4
percentage points higher than the job-separation rate of the rest of the sample (higher than

HResults are substantially identical if I compute the averages using 5-years long age groups instead of restricting to a
functional form. I choose the polynomial shape for presentation purposes; results under the age-group specification will
be used to identify the model and will be reported in figure
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the sample average), and this difference declines to 2 p.p at age 35. Instead, between the
two groups there is only a 4 percentage points difference (about 1/7 of the sample average)
in job-finding rates at age 20, but this difference becomes more pronounced as workers
age, particularly because of the decline in the job-finding rate of the top 10% of prime-age

unemployed.

Job Finding Rate, by Prime-age Unemployment Group Job Separation Rates, by Prime-age Unemployment Groups
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Figure 1: job-finding (left panel) and job-separation (right panel) probabilities, by group of prime-age
unemployed. Sample of male, high-school educated workers. Source: own calculations on NLSY /79.
Shaded areas are 95% confidence bands.

This suggests that, in the eyes of potential employers, the two groups of workers were
not substantially different at the beginning of their working careers, because they were hired
with similar probabilities, but such differences became more pronounced 1ateIEt however, the
high separation rates experienced by the top 10% of prime-age unemployed during their 20s
suggest that such workers were recognized to be different during an employment relationship.
That is, before an employment relationship had been established, young workers who came
to experience substantially different careers looked similar; however, as they accumulated
jobs and separations, workers experienced increasingly different job-finding rates, suggesting
that information on them had slowly become available.

The wages of the top 10% unemployed progressively fall over the life cycle, relatively to
those of the rest of the population (see figure , confirming that differences across workers
become larger over workers’ careers. This suggests that, after many separation events, such
workers may sort into different jobs in order to avoid frequent future separations, or that
they may fail to accumulate skills that lead to higher wages.

These facts motivate the need for a theory of unemployment that is capable of repli-

12T address why human capital-based explanations are insufficient to explain such patterns in section @
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% Difference in Wages, top 10 prime-age Unemployed vs Rest
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Figure 2: Log difference in Hourly Wage, between Top 10% Prime-Age Unemployment Group and Rest.
Sample of male, high-school educated workers. Source: own calculations on NLSY/79. Shaded area is
95% confidence bands.

cating the concentration of unemployment in relatively few workers and the persistence of
unemployment over the life cycle; such concentration and persistence can have important
consequences for the design of labor market policy. For instance, the concentration of unem-
ployment suggests that relatively few people are likely to obtain the bulk of unemployment
insurance, and will be the most affected by it. However, I argue that the relatively low
ex-ante difference in job-finding rates and the large ex-post differences in both job-finding
rates and wages suggest that important information frictions are at work in the first years of
workers’ careers, and that workers are being slowly sorted by employers over their careers.
My model will feature this mechanism, which has important implications for understanding
the concentration of unemployment, the connection of young and prime-age unemployment,

and the effects of labor market policies.

3 Model

I now proceed to set up a model of heterogeneity in labor market outcomes, roughly based
on Delacroix and Shi (2006) and Gonzalez and Shi (2010); the ingredients of such model are
inspired by the evidence presented in the previous section.

In order to obtain believable life-cycle profiles of separation rates, I add heterogeneity in
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match quality draws as in Menzio, Telyukova and Visschers (2012)). Heterogeneity across
workers, information frictions, and a notion of ‘résumé’ of the worker are added in order to
capture the fact that a group of workers experiences higher separation rates at the start of
the career, and that such separation rate diminishes later. This can be because such workers
are being separated often (similarly to Gibbons and Katz 1991) and are learning that they
have low productivity, thus they sort into lower-paying jobs as to reduce their separation
rate. Moreover, such workers progressively find less jobs and earn lower wages: this can be
rationalized by the fact that their résumé gets worse with every separation, thus reducing
their expected productivity in the eyes of potential employers. Moreover, heterogeneity
across workers can rationalize the high levels of persistence of unemployment found in the
data.

The quantitative version of the model will feature more ingredients in order to allow to

disentangle more mechanisms, but T first present a simpler version with the key ingredients.

3.1 Environment

The economy is populated by a measure of firms M > 1 and a measure one of workers,
who are either employed or unemployed. Every period, a fraction A of workers die, and are
replaced by newly born, unemployed workers. Each worker is born of type i = {H, L}, High
and Low respectively, unknown both to firms and workers; low types occur with probability
[, high types with probability 1 — [. All agents are risk neutral and discount the future at
rate 1/1 +r.

Let p be the probability of a worker being high-type. There exists a continuum of sub-
markets indexed by {w, p}, the wage w earned in that submarket and the prior p of workers
applying to that submarkef®} Wages are perfectly rigid in each submarket; however, firms
can destroy a match at will at the beginning of every period. Some matches end randomly

with probability §.

I3This is to make less assumptions on the distributions of match quality that follow. In principle, the model can be
rewritten to feature submarkets indexed only by {w}, provided that further assumptions on the match quality distributions
are made so that workers with different p will apply to different submarkets. In the current version, I allow workers with
different p to apply to the same wage, but in equilibrium for every value of p € [0, 1] only one submarket {w(p),p} will be
active.
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3.2 Search and Matching

Firms can post vacancies in any submarket at cost k. Search is directed, in the sense that
workers with prior p can choose in which submarket {w, p} to search. Thus, each submarket
has tightness 0(w, p), the ratio of vacancies to searching workers. The number of matches
in each submarket is determined by the matching function m = ¢(€) so that the job-finding
probability is f(#) = m/u, which satisfies f* > 0, f” < 0, g(0) = 0 and GIEEO = 1, and the
job-filling probability is q(6) = m/v = f(0)/0. Unemployed workers can search for a job

while employed workers cannot. When unemployed, workers get benefit b.

3.3 Information and Learning

Denote by H(z) and L(z) the cumulative distribution functions of match quality, for high
and low types respectively, with support X C [0,z], such that H(x) strictly first order
stochastically dominates L(z); that is, H(z) < L(z) Vx < Z. Once a match with a worker has
been established, a match-specific quality shock is drawn from the workers’ type distribution.
Match quality is constant over the whole duration of the match["]

At the beginning of a firm-worker match, output of the match is unobserved. Match
quality is an experience good as in Jovanovic (1979)): after a match with a worker with belief
p has been established, in each period the firm pays the wage w to the worker, and gets
expected payoff E(x | p), until the firm gets to observe the worker’s output or a random
separation occurs. With probability 1 — m, firms do not observe the worker’s output. With
probability 7, the firm observes the output of the match; by assumption, the occurrence of
this event is known to the market if the match continueg™} Although the occurrence of 7 in

case of continuation is observed by the market, the output produced by the worker is notEGL

4Menzio, Telyukova and Visschers (2012) find that the probability that a match changes quality during an employment
relation is around 1%, thus making the constant match assumption a reasonable simplifying approximation.

15Gince match quality is persistent, removing observability of 7 would imply the addition of another state variable, the
job’s duration, because the informational content of not experiencing a separation declines along the match’s duration. To
see why, consider the history of a worker who does not observe the occurrence of 7: at the end of the first period, he has
been observed with probability 7 or not observed w.p. 1 — 7. In the second period however, he has already been observed
with probability 7 + (1 — 7)7 and has not been observed with probability (1 — 7)?; in the third period, he has already
been observed with probability m + (1 — 7)7 + (1 — 7)27 and so on. By induction, the probability that the worker has
not been observed yet is (1 — )P where D is the duration of the match, which then becomes necessary to compute the
informational content of job continuation. I plan to extend the model to add this ingredient in the future, but preliminary
simulations show that the current version is a good approximation of a model with duration as another state variable.

161f one postulates that there is a small cost for revealing information, the firm will never choose to reveal the information
it observed because it does not profit by revealing it in any way.
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Denote by d(w,z) the choice of a firm to destroy the match; after observing the worker’s
output, the firm will either keep the match (d = 0) or destroy it (d = 1).

Agents gain information on a worker’s type during the match’s duration. When the firm
observes output, continuation is good news: output has to be higher than the wage in order
to ensure continuation, which is more likely for high-type workers. Instead, a separation is
bad news: either a random separation event occurred, or output was lower than the wage.
Thus, 7 and the properties of the match quality distribution H(x) and L(z) measure the
informational content of job duration. If m = 0, firms never observe the type of the worker
and job duration is not informative of the worker’s type.

To see how the properties of the distributions convey information on a worker’s type,

consider the simple case in which

1 ifex>yy
H(z) = (4)
0 otherwise

L ife >y, yo<y
L(z) = b (5)

0 otherwise

that is, the distribution of match quality is degenerate and output of high types is always
higher than the output of low types. If the worker had applied to a wage yg > w > yp
and the random separation rate § was zero, a separation would immediately signal that
output was lower than the wage, thus revealing with certainty that the worker is of low type.
Conversely, if w < yr, the market would not learn anything from a separation because such
event will occur only for random reasons. Similarly, consider the case in which H(x) = L(x).
In this case, neither continuation nor separations give any information on the worker’s type,
because both events will be triggered with the same probability for both high and low types;
in fact, there is only one type of worker.

It follows that p is a sufficient statistic for the number of times a worker was observed
by a firm and not separated, and the number of separations he experienced, and can be

considered the worker’s ‘résumé’ [[7]

1TWhile it is reasonable to assume that the number of past jobs and their duration is observable, the fact that wages
are is somewhat more controversial. Notice, however, that while the model features heterogeneous rates of learning for
different wages, it is not necessary for the market to know anything else than a worker’s employment history to calculate
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Timing is as follows:

1. Workers die w.p. A, replaced by unemployed workers with belief 1 — [.
2. W.p. m, firms observe workers’ output.
3. Separations (exogenous and endogenous) occur.

4. Workers revise beliefs: p’ = p if worker is still unobserved and no shocks occur, p’ =
C(w,p) if worker has not been observed in the past, is observed today and match
continues, p’ = F(w,p) if worker has not been observed in the past and worker is

separated, p’ = p if worker has been observed in the past and is separated.
5. Unemployed workers search for a job. They choose to search in submarket {w’, p'}.

6. Workers match w.p. f(6(w’,p)).

7. Newly matched workers draw match quality from H(x) or L(x) depending on their
type.

8. Production occurs, wages are paid.

Bayes’ rule implies that beliefs of employed workers, who are observed and whose match

continues, evolve according to

(6)

while beliefs of employed workers, who had not been observed yet and are separated,

evolve according to

p{é +(1- 5)7TH(w)}

plé (=9 H(w)} +(1—p) {5 +(1- 5)7TL<w):| ;

The intuition is that, when a worker is observed and the match continues, it must mean

that match quality was high enough to support the current wage, an event that is more

p, because unemployed workers with a certain résumé will apply to a wage w(p) and this can be rationally anticipated. To
the best of my knowledge, there are few studies that formalize the notion of résumé, and those who do make the somewhat
extreme assumption that match quality is being observed too (Doppelt (2014).
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likely for high types. Viceversa, when a worker is observed and separates, it must mean that

match quality was not high enough, an event that is more likely for low types.

3.4 Bellman Equations

The value function of an unemployed worker with prior p can be written as

Ulp) = b+ B|max|f(w', p)(W(w',p) = U(p))] + U(p) (8)

1-A
147"

where g =
The value of an employed worker who has already been observed and kept her job (match

quality known) can be written as

Wi(w, p) = w+ﬁ[<1 _8) Waw,p) +5U<p>} )

Define the continuation probability of a worker who has been observed, while working at

wage w and prior p, as

) = =0 (v [0 - dwp dtio) + 0= p) [0 dtwapazw)| o

Thus, the value function of an employed worker, who has still not been observed (match

quality unknown by the firm), at wage w and with prior p can be written as

Wo(w, p) = w+@[<l - w)((l —§) Walw, p) +5U<p'F>) n (1)

() Wit i) + (1= x(wp) UG )
where I denote by pi, = C(w,p) the next period’s prior in case of continuation, and by
P = F(w, p) the next period’s prior in case of firing, suppressing the belief’s dependence on

w and p in the notation for convenience.

The value of a firm for which output is known can be written as
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() = g (1= d)o = w0+ (1= 9)(w,2) (12

while the value of a firm matched with a worker at prior p and wage w, for which output

is unknown, can be written as

Ju(w,p) = E(z|p)—w+ 5(1—90) [ﬂ(p/(]k(w,x) dH (x) +

u—m/@w@muwwurwﬂ@wmﬂ (13)

The value of posting a vacancy in submarket (w, p) is

and the tightness function must satisfy

k> q(0(w, p))BJu(w,p) Yw,p (15)

which makes 6 consistent with the firm’s optimal vacancy creation; |15/ holds with equality
if & > 0. Basically, condition |15 implies that if # = 0, such tightness is consistent with the

firm’s optimal choice only if the benefit from creating a vacancy is smaller than the cost.

3.5 Equilibrium

Definition 1. a Markov Perfect BRE (Block Recursive Equilibrium) for this economy con-
sists of a value function for the unemployed worker U(p), a policy function for the unemployed
worker w'(p), a value function for the employed worker W (w,p), a value function for the
informed firm Ji(w,x), a separation policy for the informed firm d(w,x), a value function
for the uninformed firm J,(w,p), a tightness function 0(w,p) and laws of motion for beliefs

C(w,p) and F(w,p) such that

1. U(p), w'(p), W(w,p), Je(w,z), d(w,z), J,(w,p), 6(w,p) are independent of the aggre-
gate state 1

2. O(w,p) satisfies [L5|V w,p and 0(w,p) > 0 with complementary slackness.
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3. U(p) and w'(p) satisfy [§|V p

4. Jy(w, z) and d(w, z) satisfy 12V w,z

5. Ju(w,p) satisfies [13|V w, x

6. W, (w,p) satisfies [11] and Wy (w, p) satisfies [9]
7. C(w, p) satisfies [f]

8. F(w,p) satisfies

I'look only at the Markov Perfect equilibrium to restrict possible off-equilibrium paths on
the agents’ Choiceﬁ The BRE is much easier to solve than a Recursive Equilibrium, because
value functions and policy functions of agents depend only on the states w, p,x and not on
aggregate states. Aggregate statistics can be computed, after solving the BRE, from the
aggregation of individual choices. Moreover, computing transitions out of the steady state is

easy because all policy functions and laws of motion are independent of the aggregate state.

3.6 Characterization of Equilibrium

It is easy to see that d(w), x) is a step function that takes value 1 when w > z and 0 otherwise,

that is, matches that produce more than what they cost to be maintained are not destroyed.

Lemma 1. Given p € [0,1], J,(w,p) is continuous in w, J, € [0,J,], and for J, € (0,.J,),
0J,/ow < 0, dJ,/0p > 0.

Proof: Given a match quality value = and a wage w € [0, z|, Ji(w, x) can be rewritten as

—Z=w if w<zx
Jo(w,z) = { P (16)

0 otherwise

Substituting Ji(w, z) into J,(w, p) yields

18 Agents can infer that a worker has applied to wage w’(p) in equilibrium. However, if the equilibrium is not Markov
perfect, workers might have an incentive to deviate to other wages to reduce their probability of being separated and look
better in the eyes of outside firms in case the match is destroyed. This would introduce asymmetric information (workers
know more than firms) and break block recursivity (firms have to form expectations on the mixed strategies of workers).
An alternative approach would be to assume that the wage earned in each submarket is observable on the résumé, thus
making this equilibrium refinement unnecessary.
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Ble ) - w60 - o p [ s

dH (z) + (1 — p)/% dL(z)

Ju(w, x) =

1—p(1—=6)(1—mn) a7

The right-hand side of expression [L7] is decreasing in w because current flow profits are
decreasing in w, the future expectation of flow profits is computed on fewer match qualities
(there are fewer match qualities that support wage w) and, for every match quality z, profits
are lower.

Moreover, J,(w, ) is increasing in p. To see this, first remember that

o0 oo

E(z | p) = /de /de (18)

0 0

Since H (x) first-order stochastically dominates L(x f rdH(z) > f x dL(x), thus current
flow profits are increasing in p. As for the future Value of the ﬁrm first-order stochastic
dominance implies that Vw > 0, f r—wdH(x) > f z—w dL(z), thus showing that 9.J,,/0p >
0.

To see that J,(w, p) has an upper bound, consider the case in which the wage is equal to

zero. In this case, J,(w,p) = 1%‘6@5), completing the proof. [J

Lemma 2. In the BRE of the economy, the unique solution to equilibrium condition 18

“(k/(B Ju(w, if BJu(w,p) >k
(w.p) = g (k/(B Ju(w,p)) f B Ju(w,p) > 19)

0 otherwise
Since the function J,(w,p) is continuous in w for w € [0, E(z | p)], the market tightness
function 6 is continuous in w. Furthermore, since J, is a decreasing function of w, 6(w,p)
is a decreasing function of w. The intuition is that, as firms have to pay higher wages, their
expected profits are lower, so that a higher job filling probability is required to pay for the
cost of creating a vacancy, thus implying a lower tightness in that submarket. Finally, as
Jy, is an increasing function of p, (w, p) is an increasing function of p. When a worker has

a higher probability of being a high type, her expected productivity is lower, thus for any
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given wage, the equilibrium tightness function will be higher because more firms will post

vacancies in that submarket.

Corollary 1. The matching probability f(0(w,p)) is continuous in {w,p}, decreasing in w
and increasing in p.

The corollary follows trivially from the fact that 6(w,p) is a continuous function of
Ju(w, p), which is a continuous function of w,p, and that 6(w,p) is decreasing in w and
increasing in p, and that f(#) is continuous and increasing in 6. O

Remark: C(w,p) is continuous in w and p Vw < Z, and 0C/0p > 0. Moreover,
0C /0w < 0 whenever {(w)/(1 — L(w) < h(w)/(1 — H(w).

Continuity of posterior belief C' stems trivially from the functional form and from the
fact that the conditional distribution function is always < 1 for w < Z. The fact that the
belief function is increasing in p is because of Bayes’ rule. Finally, that the belief in case
of continuation is increasing in the wage whenever [(w)/(1 — L(w)) > h(w)/(1 — H(w))
can be easily proved by differentiating the posterior belief function w.r.t. w. Intuitively,
if increasing the wage yields a greater relative reduction in feasible match qualities for low
types than for high types (because [(w) is the density function of match qualities at w for
low types), asking for higher wages will yield higher posterior beliefs in case of continuation

of the match. Similar results can be obtained for the belief F', thus they are omitted here.

Proposition 1. The Markov-perfect Block Recursive FEquilibrium ezists.

Proof: Conditions 2, 4, 5, 7, 8 of the definition of equilibrium are satisfied by the functions
provided above. Looking at the worker’s choice, the right-hand side of equation [§ is a
contraction mapping on U. The function [J] is continuous and increasing in w; thus the
value of employment is continuous because it is the sum of continuous functions and
compositions of continuous functions. By the properties of the tightness function discussed
in lemma [3.6] the fact that the job-finding probability is continuous and concave in 6, the
fact that the value of employment [I1]is continuous in w, using standard arguments it can
be proved that a unique value function U exists, which is positive, bounded and continuous
on p € [0,1]. Furthermore, the set of maximizers W*(p) is nonempty, closed and upper
hemi-continuous. Notice that, differently from Gonzalez and Shi (2010), I do not need to
verify that matches will always be accepted to prove the existence of an equilibrium, because

workers are learning nothing from job search, thus they apply only to wages that they would
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accept. This shows that U, W, and W) satisfy conditions 3 and 6.

Finally, notice that all functions derived until now are completely independent of the
aggregate state v, satistying condition 1. [

In the future I will proceed to establish results on desired wages of workers as a function
of p, and on the associated matching probability in submarkets {w,p}. The intuition is
that, as workers with higher p have a higher expected productivity and a lower separation
probability for every given wage w, they will demand higher wages and possibly face higher
job-finding rates. The last point depends on the trade-off, at given p, between higher wages,
lower job-finding probability and higher separation probability.

4 Quantitative Model and Identification

In the quantitative version of the model, I add another dimension of heterogeneity: some
workers have higher skills and thus produce more than one unit per unit of match productivity
when employed. Such skills are observable by firms, contrary to the type of the worker. The
probability of being skilled is a function of the type of the worker: high- and low-type workers
are born skilled with probability aj and «;, respectively. While the productivity of unskilled
workers is equal to the productivity of the match x, the productivity of a skilled worker is
equal to xs, where s > 1 is the skill multiplier. Since high and low types are born skilled
with different probabilities, the fact that they are skilled or unskilled conveys information
on their type at the start of their careers.

The model is identified by estimating parameters in order to replicate features of job-
finding rates, job-separation rates and wage patterns observed in the NLSY79. The idea
behind identification is that the concentration and persistence of unemployment, and the
differences in job-separation and job-finding rates by parts of the prime-age unemployment
distribution, are informative of the amount of low-type workers present in the economy and
of the differences between the match quality distributions of types, while the life-cycle profile
of wages are informative of differences both in the match quality distributions and in skill
multipliers. This strategy is partly inspired by Menzio and Shi (2011) and Menzio, Telyukova
and Visschers (2012)), who use the life-cycle patterns of job-finding rates, job-separation rates

and employment-to-employment transitions in order to identify the parameters of the match
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quality distribution and the probability of observing productivity during a match. My model
works similarly during a match’s duration, so I apply the same strategy but I distinguish
between the job-finding/separation rates experienced by the top 10% prime-age unemployed
and the rest of the population.

To see why the match quality distribution affects separation rates, consider the separation
policy of the firm d(w,x). Given a wage w, the probability that a firm destroys a match
upon descovering match quality is H(w) for high types and L(w) for low types, which means
that the way in which the probability mass is distributed over match qualities determines
separation rates at each wage for different types.

Turning to how the match quality distribution affects job-finding rates, consider equa-
tion which states that in equilibrium the tightness of submarket {w,p} depends on the
expected profits of the firm for a worker with prior p. In turn, expected profits depend
on E(x | p) and on E(Ji(w) | p), that is on current expected productivity and on future
productivity if the match will not be destroyed. Basically, job-finding rates depend on ex-
pected match quality given the prior, and on the expected match quality for the part of the
distribution above the separation cutoff.

Summing everything up, a distribution featuring high mass on low values of match quality,
but a long right tail, will deliver high separation rates and high job-finding rates. On the
other hand, a distribution featuring high mass on low values of match quality and a short
right tail will deliver high separation rates and low job-finding rates. Finally, a concentrated
distribution, such that uncertainty about match quality is low, will deliver low separation
rates.

I now explain why the concentration and persistence of unemployment is informative
on the amount of low-type workers and the match quality distributions. Consider a case
in which workers have the same starting résumé p (the population prior), and the match
quality of low types has more probability mass on low realizations than the match quality
distribution of high types. This means that young, low-type workers who are starting their
careers will typically experience a larger-than-average amount of separations during their
youth. As information on their type accumulates, these workers will slowly sort into lower-
wage jobs, but will still experience higher separation rates because of the worse match quality

distribution, and will experience lower job-finding rates because their expected productivity
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will be lower. The mechanism does not necessarily apply only to low types: high types who
have been unlucky, and drew many low-quality matches, will experience frequent separations
and will be considered “low types” with a high probability, thus experiencing lower job-finding
rates when older.

Young-age separation rates depend on how fast output is observed (parameter 7), while
the speed of learning depends on how far apart the two distributions of match quality are:
if types draw match qualities from very similar distributions, learning will be slow, desired
wages will be similar and the concentration of unemployment will be low too. If the two
types draw from very different distributions, learning will be fast and unemployment will
be concentrated in few workers. The scale and shape of the match distributions will thus
influence the life-cycle profile of job-finding rates, job-separation rates and wages. Notice
that it is possible to obtain concentration of unemployment even with only one type of
workers, just by changing features of the match quality distribution. However, this would be
inconsistent with the fact that unemployment is persistent over the life cycle, and with the
life-cycle patterns of job-finding rates and job-separation rates by unemployment groups.

Persistence of unemployment depends on how far apart the two distributions of match
quality are, how risky they are and how large the measure of low-types is. If low-types have
always high risk of being unemployed (that is, of drawing low match quality values) while
high-types are almost never unemployed, persistence will be high and will be determined
almost uniquely by the measure of low-types. To see why, suppose that low-types are 10%
of workers: in that case, persistence as measured by the probability of ending up being in
the top 10% of prime-age unemployment, given that one has been in the top 10% of young
unemployment, will be 100%. However, there will be no additional persistence at the top 20%
because the rest of the population is never unemployed both when young and in prime-age.

Instead, if the two distributions of match quality are very close, persistence of unem-
ployment will depend also on how fast learning is, and on the role of luck in determining
unemployment for both types. In all cases, however, the persistence of unemployment over

the life-cycle can be used to pin down the measure of low-types present in the economy.
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4.1 Calibration

I now proceed to simulate the lives of a large sample of workers in order to compute lifetime
statistics, and calibrate the model to replicate as closely as possible the observed patterns
of wages and transition rates in the NLSY79. Estimation is performed by applying the

Simulated Method of Moments: I minimize the loss function

L(w) = m(w)' W m(w) (20)

where w is the vector of parameters of the model, m(w) is a column vector of the differ-
ences between the model-generated moments and the data moments, and W is a weighting
matrix]

I set the model period to be one month. I assume workers are born at age 20, the starting
age of my data, and choose the death probability A in order to match an average working
life of 40 years. I choose the interest rate r as to give a compounded annual interest rate of
4%.

In line with many other models of directed search (Shimer (2005); Mortensen and Nagypal
(2007); Menzio and Shi (2011); Menzio, Telyukova and Visschers (2012)), I restrict the
matching probability to be of the form f(6) = min{6°°, 1}.

The flow value of unemployment b is considered as including both the value of leisure and
unemployment benefits, and is chosen as to match a ratio between b and average wages of
0.71, in line with the estimates of Hall and Milgrom (2007).

The two match quality distributions H and L are assumed to be Weibull distributionsF_U]
with scale parameters oy, oy, and shape parameters ¢y, ¢;. Shape and scale of match qual-
ity distributions, the probability m of observing a worker’s output, the random separation
probability 4 and the measure of low-type workers [, are calibrated to match the observed
patterns of job-finding rates, job-separation rates over the life cycle by rest of population and
top 10% unemployed, and the observed concentration and persistence between young and

prime-age unemployment of top 10% and of top 20%, as in the tables presented in section

sum of the square differences

9 Computation of variance-covariance matrix of moments and of standard errors is not trivial, because one moment
restriction comes from the estimates of Hall and Milgrom (2007) and its covariance with the remaining moments cannot
be computed. At the moment, W is set in such a way that moments are scaled to their data average, that is I minimize the
, where m are the data moments: in this way, I minimize the sum of relative distances

m(Aw)

from data averages.

20The Weibull distribution is a common choice in this regard. See for instance Menzio, Telyukova and Visschers (2012).
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Notice however that the model is unit-free, so one of the scales has to be set exogenously.
I normalize oy = 1.

The skill multiplier s, the probabilities «y, and «o; of being skilled are calibrated to match
the initial observed difference in job-finding rates and the observed difference between the
wages of the top 10% unemployed and the rest of the population over the life cycle. The
intuition is that the multiplier s matters for wages, as skilled workers will demand higher
wages. At the same time, the probabilities of being skilled will influence the strength of the
initial signal given by the presence or absence of skills, and the gap between the wages of
high type workers and low-type workers: as a consequence, such gap translates in a wage
differential between the top 10% unemployed and the rest.

The vacancy creation cost & is calibrated as to match the job-finding rate of bottom 90%

of the prime-age unemployment distribution at ages 20-25.

Parameter Symbol ‘ Value Target Data Model

Scale parameter, high type oH 1.0000 Wage profile diff, top 10 % - rest,

Shape parameter, high type O 41.7871 JS rate profiles,

Scale parameter, low type or, 0.5070 JF rate profiles,

Shape parameter, low type or 2.2090 % prime-age U acc. by top 10 0.60  0.62

Prob. of observing output m 0.0636 % prime-age U acc. by top 20 0.83 0.84

Prob. of low skilled y 0.7313 Initial W diff, top 10 % - rest, -0.21  -0.18

Prob. of high skilled ap 0.9681 JF rate profiles

Skill Multiplier s 1.0911 Wage profile diff, top 10 % - rest

Flow value of Unemployment b 0.5652 Ratio b/avg. wage 0.70  0.61

Vacancy cost K 2.8425 job-finding rate, bottom 90, age 20-25 0.29  0.29

Random separation rate ) 0.0027 JS rate, bottom 90, age 40-50 0.007 0.007

Measure of low types l 0.3447 Persistence of U, top 10 0.41  0.36
Persistence of U, top 20 0.45 048

Table 4: Baseline calibration results. Targets calculated on NLSY/79.

The calibration table reports only singleton targets: patterns of job-finding/separation
rates and wages are vectors and are shown later in graphs for readability. Overall, the

estimation algorithm fits 11 parameters with 36 restrictions.
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5 Results

5.1 Calibration results

Despite being calibrated with over-identifying restrictions, the model does a very good job in
replicating the main features of the data. As can be seen in table[d], the model is quite capable
of delivering realistic amounts of concentration and persistence of unemployment. The model
fits very well the persistence as measured by the Markov transition matrix between being
unemployed when young and when prime-age: the probability of being in the top 10% of
the unemployment distribution when prime-age, after having been in the top 10% of the
unemployment distribution when young, is 0.36 in the model and 0.41 in the data. At the
top 20%, the same statistic is 0.48 in the model and 0.45 in the data.

The model matches almost perfectly the observed concentration of the distribution of
prime-age unemployment: the top 10% accounts for 60% of prime-age unemployment both
in the model and in the data, while the top 20% accounts for more than 80% of prime-age
unemployment in the model and in the data. The standard Mortensen-Pissarides model only
predicts one-third of observed concentration at the top 10%.

The match quality distributions of high- and low-type workers are substantially different:
at the calibrated values, the match quality distribution of low types has more mass close to
zero, and a long right tail, while the match quality distribution of high types is narrower and

more concentrated on higher match qualities (figure [3)).
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Figure 3: Match quality distribution of high types (red) and low types (blue), under baseline calibration
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The calibrated value of the probability of a firm observing the worker’s output m = 0.0636
implies that the average duration of a “bad match” is about 16 months.

The calibrated measure of low-type workers in the economy is around 34%, a relatively
large number. As I will show in the discussion section, this number has important implica-
tions for the composition of the unemployment pool and for the concentration and persistence
of unemployment over the life cycle.

Skilled workers benefit from a 9% higher productivity; the probability that a high- and
low-type workers are skilled are, respectively, 97% and 73%, making unskilled workers a
minority among both low and high types. These probabilities imply that the signal of being
skilled is substantially uninformative of a worker’s type at the beginning of their career, but
being unskilled is a strong signal that the worker might be a low-typd®!]

Job Finding Job separation
T T T T

0.5

0.06

T
Top 10 U, model

T
= Top 10 U, model

----- Top 10 U, data ‘\ ===="Top 10 U, data
045+ | aeeeas Rest, model il 005N~ e Rest, model
—— Rest, data ~. = Rest, data

| | | | 0 | | | |
20-25 25-30 30-35 35-40 40-45 45-50 20-25 25-30 30-35 35-40 40-45 45-50
Age group Age group

Figure 4: Model versus data; job-finding rates (left) and job-separation rates (right) of top 10% prime-
age unemployed (red) vs rest (blue). Results under baseline calibration.

Figure {4 shows that the job-finding rate of the top 10% of prime-age unemployed declines
over the life cycle as in the data, while the job-finding rate of the rest of workers rises during
prime-age. The model is very successful in fitting the patterns of job-separation and job-
finding rates by prime-age unemployment groups, both for the most unemployed and the

rest. The model does also a very good job in explaining wage differentials between the top

21By Bayes’ rule

. _ ah(lfl)
Pskilled = an(1—DFayl

(1—an)(1-1)
Punskilled (1—ah)(1£l)+(1—(¥l)l

Thus a skilled worker starts with prior 0.7156 and an unskilled worker with prior 0.1841 .
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10% and the rest until age 40, after which it explains only two-thirds (figure [0]in Appendix).

Figure 5| plots the probability that a worker is of high-type depending on her age, by low
and high types and by part of the prime-age unemployment distribution. The figure depicts
what I term “learning over the life cycle™ as separations and continuations occur, the market
slowly learns who are high-type and who are low-type workers. The patterns of job-finding

and job-separation rates are a consequence of this mechanism.
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Figure 5: Probability of being a high type: by high/low type (left) and by top 10% of prime-age
unemployment (right). Model results under baseline calibration.

Let us look first at the job-finding rate: as the market learns who are low- and who are
high-type workers, the gap in job-finding rates between workers widens. This can be seen
by comparing job-finding rates and job-separation rates of high and low-type workers in the
model (figure[6). The result follows from this mechanism, and from the fact that more than
80% of the unemployment pool is made of low types (figure [L0] in Appendix). Thus, the
job-finding rate of the top 10% unemployed is essentially the job-finding rate of the most
unlucky of low types: the model predicts that 99% of the top 10% unemployed in prime-age
are low-type workers.

Job-separation rates are substantially higher for the top 10% unemployed, both when
young and when prime-age; if anything, the model undershoots the job-finding rate of the
bottom 90% when young, and overshoots their job-finding rate after age 40. One reason
for the failure of the model in correctly predicting the descent in the job-finding rate could
be that workers accumulate assets over the life-cycle and this increases their outside option
value, making them demand higher wages and lowering their job-finding rate as they age
(see for instance Michelacci and Ruffo (2013))), while this model does not feature assets

accumulation. Similarly to job-finding rates, the job-separation rate of low-type workers is
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Figure 6: job-finding rates (left) and job-separation rates (right) of low types (blue) vs high types
(green). Model results under baseline calibration.

affected by learning over the life cycle. At ages 20-30, the job-separation rate of low-type
workers declines because these workers initially apply to too high wages, extract low values
of match quality and face frequent separations. However, both workers and the market
learn from these separations, so that workers apply to progressively lower wages, thus facing
lower separation rates. The subsequent rise in separation rates observed for the top 10% of
prime-age unemployed is due to selection bias: this empirical strategy is selecting the most

unemployed individuals, who tend to be the most unlucky of low-type workers.

5.2 Counterfactual Simulations

I now simulate what would happen in alternative scenarios, removing model features one by
one to study their relative importance in fitting the data. Results are summarized in table
Bl All models have been recalibrated on the same loss function of the baseline model.

First, I calibrate a version of the model featuring only some observable differences in
productivity, no unobserved heterogeneity in productivity, nor any uncertainty on match
quality (column 1): the model is completely incapable of replicating the concentration of
unemployment observed in the data (at the top 10%, 27% against 60%), although it picks
some persistence thanks to observable skills, which translate in persistent differences in job-
finding rates. Separation rates are way off those observed in the data, both for the most
unemployed (1.26% against 5.51% at age 20-25) and the rest (1.26% against 1.99% at age

20-25): this is because there is no uncertainty in match quality. This model is akin to a
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(1) (2) (3) (4)
Baseline Data 1 type 1 type 2 types 2 types
VAR(z) =0 VAR(z) >0 VAR, =0 E(z|l)=
HC VAR, =0 E(x|h)

Separation rates, top 10

age 20-25 5.37 5.51 1.26 2.95 4.48 4.29

age 25-30 3.76 4.12 1.26 2.16 2.35 3.54

age 40-45 4.37 3.86 2.30 4.15 2.54 4.60
Separation rates, rest

age 20-25 1.99 1.95 1.26 2.711 2.61 3.66

age 25-30 1.28 1.34 1.26 1.58 1.58 2.07

age 40-45 0.75 0.77 1.27 0.79 1.29 0.62
Finding rates, top 10

age 20-25 22.46 23.88 16.59 21.13 20.30 23.37

age 25-30 17.99 20.41 16.59 22.49 13.10 21.63

age 40-45 16.98 16.73 13.54 17.83 12.43 18.15
Finding rates, rest

age 20-25 28.57 30.90 29.71 21.27 27.95 24.24

age 25-30 22.89 29.33 29.79 22.73 27.19 22.39

age 40-45 40.11 32.62 35.27 28.72 33.86 29.42
Concentration - Prime-age

U acc. by top 10 62.10 60.00 27.17 43.67 31.27 58.04

U acc. by top 20 83.69 83.00 41.73 73.43 43.89 89.11
Persistence

Top 10 young - Top 10 primes | 36.49 41.00 29.72 12.79 37.04 16.47

Top 20 young - Top 20 primes 48.49 45.00 33.33 26.03 40.12 29.57
A Wage top 10 - rest

age 20-25 -17.77  -20.57 -25.81 -0.09 -11.20 -1.06

age 40-45 -32.03  -52.50 -27.78 -1.72 -23.45 -2.59

Table 5: Baseline calibration results vs counterfactuals. Column 1 is a model with no unobserved
heterogeneity, no uncertainty in match quality and fixed observable skills. Column 2 adds uncertainty
in match quality and accumulation/depreciation of skills. Column 3 is a model with heterogeneity in
average productivities, but no match quality uncertainty. Column 4 has heterogeneity in match quality
uncertainty, but not in average productivities. All numbers are percentage points. All models have been
recalibrated on the same loss function.

standard search-and-matching model with observable differences in productivity, and as such
can generate heterogeneity in lifetime unemployment only through differences in job-finding
rates.

I then augment the model with uncertainty about match quality, on-the-job human cap-
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ital accumulation and stochastic human capital depreciation when unemployed (column 2):
such a model improves significantly over the first one, in particular because uncertainty in
match quality draws allows to get closer to the data in terms of concentration of prime-age
unemployment (at the top 10%, 44% against 60% in the data and 27% in model 1). More-
over, uncertainty about match quality allows to replicate some of the life-cycle profile of
separation rates: the top 10% prime-age unemployed start with a job-separation rate of 2.95
at age 20-25, against 5.51 in the data, and the separation rate at age 40 for these workers
is almost matched (4.15 against 3.86). However, such a model fails completely in delivering
sufficiently large persistence of unemployment (at the top 10%, 13% against 41%). This is
because human capital accumulation and depreciation introduce “reshuffling” in the skill level
of workers: instead of having fixed differences in productivity, every worker can now become
unskilled if he stays unemployed long enough, or skilled if he manages to get a sufficiently
high level of match quality: this reduces the persistence of unemployment over the life cycle
with respect to model 1. Moreover, model 2 cannot replicate the patterns of wage differen-
tials and differences in separation rates at young ages by unemployment groups, because it
does not feature enough heterogeneity in match quality draws: the bottom 90% of workers
have about the same separation rate of the most unemployed at ages 20-30, differently from
the 3.6% difference existing in the data. Finally, such model cannot replicate the fact that
the job-finding rate of the most unemployed falls at the beginning of their career.

I now calibrate a model with no human capital, heterogeneity in mean productivity
across types, but no uncertainty about match quality (column 3): that is, I estimate a model
forcing the distribution of match quality to be degenerate. Such model can predict a higher
separation rate at age 20-25 for one group of workers, because some workers are initially
applying to wages that are too high to sustain their match quality (top 10% separation rate
is 4.48 in this model against 5.51 in the data). However, the decrease is too sudden: at age
25-30, the separation rate of the most unemployed is already almost identical to the one
of the rest of workers. This is because learning is too fast and bad luck plays little role:
when there is no uncertainty about match quality, a worker who asks for a wage above the
productivity of low types will learn his type with very high precision??|at the first separation

or continuation. Moreover, since the distribution of match quality is degenerate, there is no

22Tn the case of separations, there is still slight uncertainty about the type because of exogenous separations. Continu-
ations instead immediately result in a probability 1 of being high-type.
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other mechanism that delivers heterogeneity in separation rates. Such model also predicts a
too sudden and too large decrease in job-finding rates, which become as low as 13% at age 25
against 20% in the data. This is another consequence of excessively fast learning, and of the
struggle of the model in delivering concentration of unemployment by having to rely solely on
heterogeneity in job-finding rates. Finally, this model can improve over the model without
heterogeneity (model 1) in delivering persistence of unemployment (37% against 36% in the
data at the top 10%), but fails dramatically in delivering concentration, underperforming
even the model without heterogeneity (model 2) in this regard; this is because there is no
uncertainty in match quality.

In the last experiment, I calibrate a model with heterogeneity in the variance of the
match quality distribution, but no differences in mean productivitieﬂ (column 4). Such
model delivers separation rates that are closer to the data for the top 10% of prime-age
unemployed (4.29 against 5.51 in the data), but predicts too high separation rates for the
rest of workers when young (3.66 against 1.95 at ages 20-25). Moreover, such model fails
in delivering sufficient young-prime-age persistence of unemployment (at the top 10%, 17%
against 36% in the data), as well as wage differentials that are consistent with the data.
This is because differences in the distributions of match quality translate into relatively large
differences in separation risk, but also in relatively small differences in job-finding rates, and
in even smaller wage differentials.

These quantitative exercises confirm that all ingredients are important for explaining the
patterns observed in the data. Heterogeneity in the mean of match quality draws is important
for explaining differences in job-finding rates and wages. Heterogeneity in the variance of
match quality is important for explaining heterogeneity in job-separation rates, for obtaining
concentration of unemployment and for slowing down learning at the start of the career:
slower learning translates into a more realistic descent of job-finding rates and job-separation
rates for the most unemployed workers. Notice that even a model with homogeneous types,
but uncertainty in match quality draws (model 2), is capable of delivering concentration

of unemployment: this is because such concentration can be obtained if there is sufficient

23In practice, this is done by letting the shape parameters ¢; of the Weibull distributions be estimated freely by the
algorithm, while o; solves the nonlinear equation

Hh = [

where p; = 0;T'(1 + =) is the mean of the Weibull distribution and I'(z) is the Gamma function.

1
@i
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heterogeneity in separation rates across workers, which can be the consequence of bad luck

in match quality draws.

5.3 Decomposing Learning over the Life Cycle

In this section I keep the baseline calibration but shut down model features pertaining to
the learning structure to understand their importance in explaining the data. Results are
presented in table [0]

First, I shut down entirely learning over the career, by making types already known at
the beginning. This reduces the separation rate of the most unemployed at age 20-30 by
1.2 percentage points (one-fifth), because these workers are already aware that they are low
types and apply to lower wages as to avoid frequent separations. However, it increases the
separation rate of the rest of workers by one-tenth, because most workers know they are
high types and, having a high finding rate, have an incentive to “gamble” for higher levels
of match quality by asking for higher wages: they have nothing to lose from separations
because their type is already known. The persistence and concentration of unemployment
are barely affected, as these are mainly due to heterogeneity across workers and bad luck in
drawing match quality values. Finally, information frictions account for the whole decline in
job-finding rates from age 20 to 40 for the most unemployed workers, and for the increase
in wage differentials over the life-cycle between the most unemployed and the rest: if types
were already known, low types would ask for lower wages and find jobs with lower probability
right from the start. That information frictions are responsible for these two facts at a time
is one of the most important results of the paper.

In the second experiment, I keep information frictions but shut down the initial signals
given by skills, rendering them uninformativé®] I find that initial signals have a relatively
small influence on separation rates and job-finding rates, which would both be higher in the
absence of such signals for the 10% most unemployed workers at ages 20-25. This is because
low-type workers are more likely to be unskilled: removing the initial information of skills,
such workers are thought to be high types with a higher probability, thus find jobs faster, but

also get separated more frequently because they apply to higher wages. Removing signals

24That is, I keep differences in productivity implied by skills but set the priors of both skilled and unskilled workers to
1 — [, the population mean.
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(1) (2) (3)
Types known No Info Priors No skill diff | Baseline

Separation rates, top 10

age 20-25 4.31 551 5.51 5.37

age 25-30 3.14 3.88 3.96 3.76

age 30-35 3.07 3.52 3.67 3.44

age 40-45 4.22 4.48 4.60 4.37
Separation rates, rest

age 20-25 2.19 1.98 1.98 1.99

age 25-30 1.17 1.30 1.27 1.28

age 30-35 0.89 0.97 0.96 0.96

age 40-45 0.73 0.75 0.74 0.75
Finding rates, top 10

age 20-25 17.77 23.60 19.56 22.46

age 25-30 17.47 17.86 14.26 17.99

age 30-35 17.33 17.74 14.16 17.80

age 40-45 16.90 16.82 13.30 16.98
Finding rates, rest

age 20-25 30.33 29.01 24.78 28.57

age 25-30 24.63 22.67 18.22 22.89

age 30-35 26.84 25.20 20.69 25.57

age 40-45 41.74 39.42 33.59 40.11
Concentration - Prime-age

U acc. by top 10 62.76 60.67 61.62 62.10

U acc. by top 20 83.07 83.76 84.89 83.69
Persistence

Top 10 young - Top 10 primes 35.67 36.40 35.28 36.49

Top 20 young - Top 20 primes 49.62 48.78 50.00 48.49
A Wage top 10 - rest

age 20-25 -34.58 -15.66 -14.55 -17.77

age 40-45 -34.22 -31.97 -30.02 -32.03

Table 6: Baseline results vs counterfactuals. Column 1: types are known from the beginning. Column
2: types are unknown and skills are uninformative. Column 3: types are unknown, skills are informative
but do not give productivity differentials. All numbers are percentage points.

have almost no effect on the remaining 90% of workers. Concentration and persistence of
unemployment are barely affected by the removal of signals. Finally, wage differentials would
be lower at the start of the career, because low-type workers are thought to be high types

with a higher probability, thus apply to higher wages.
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In the last experiment, I keep the informative content of skills but cancel the productivity
gain they imply, by setting s = 1. This reduces the job-finding rate of all skilled workers,
because it reduces their expected productivity. The effect on the job-separation rate of the
10% most unemployed workers is even more pronounced than in the case of signals, because
now even skilled low-type workers apply to wages that are close to their reservation value,
thus increasing their expected separation rate at all points of the life cycle with respect to
the baseline case. Again, concentration and persistence of unemployment would be barely
affected, while wage differentials at the start of the career would be lower because of a pure
composition effect: since high types were more likely to be skilled, they applied to higher
wages in the baseline case.

In conclusion, I find information frictions to be important for explaining separation rates
at age 20-30 and the patterns of job-finding rates, both for the most unemployed workers
and the rest. Moreover, information frictions are responsible for the whole increase in the
wage differential between the most unemployed workers at the rest until age 40, and for
two-thirds of such differential later on. Observable heterogeneity in productivity have a
secondary role for explaining the patterns of job-finding rates, job-separation rates and wages.
However, information frictions and observable skills have a negligible role for explaining the
concentration and persistence of unemployment over the life cycle, which are mainly due to

unobserved heterogeneity across workers and bad luck within the group of low-type workers.

5.4 Duration dependence

The model is also capable of reproducing a duration dependence relation in job-finding rates
(figure [7)), similar to the one documented by Hornstein (2012) and Wiczer (2014). The
relation arises because of a composition mechanism similar to Gonzalez and Shi (2010):
workers with higher market prior find jobs first, followed by workers with lower market
priors. I plan to expand this section in the future by decomposing the duration dependence

relation in effects of learning vs observable skills.
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Figure 7: Model-generated data: duration dependence relation in job-finding rates, at 1, 3, 6 and 12
months of unemployment duration.

6 Discussion

6.1 Heterogeneity or Human Capital?

I have shown that a theory of information frictions and heterogeneity is capable of explaining
at the same time the patterns of job-finding rates, job-separation rates and (part of) the
patterns of wages by unemployment groups over the life cycle. An alternative explanation
might be that workers who are often unemployed tend to lose, or fail to accumulate, human
capital because they lack on-the-job training and face human capital depreciation (as in
Ljunqvist and Sargent (1998)). To the extent that human capital is observable, if workers
started with some level of human capital, depreciation would lead the most unemployed
workers to experience lower job-finding rates, possibly explaining one of the facts. However,
even if lower human capital yielded higher separation rates, depreciation would imply that
heterogeneity in job-separation rates rises along the career, because the most unemployed
would lose human capital and possibly face higher separation rates, while the rest of workers
would experience fewer separations. As a result, we should observe a divergence in separation
rates by unemployment groups, and not a convergence such as the one I document.
Column 2 of table [5| partially tests for these implications by calibrating a version of the

model featuring no ex-ante heterogeneity across workers, match quality draws, fixed wages
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and human capital accumulation /depreciation as the only source of persistence in unemploy-
ment. Such model delivers only a fraction of the concentration of prime-age unemployment
observed in the data, almost no young-prime-age persistence, and patterns of job-finding

rates and job-separation rates that are inconsistent with the data.

6.2 Policy implications

Preliminary simulations show that the model has novel policy implications, particularly in
regard to severance payments. The introduction of severance payments, even of a relatively
mild size (three months of average wages), has several effects. It decreases firms’ expected
profits, particularly when matching with not-yet-sorted workers and low types, because high
types are being separated so rarely that they are scarcely affected by the introduction of
severance payments. Thus, unemployment duration for low-type workers increases (their
job finding rate lowers by about 1 percentage point). Moreover, the endogenous response of
workers to lower job-finding rates is to ask for lower wages (by about 3.6%).

As a result, the speed of learning later in life decreases for three reasons. First, workers
stay unemployed longer, thus having less opportunities to update their résumé. Second, firms
destroy matches less frequently, so that low-type workers receive bad news less frequently.
Third, those who are likely to be low types ask for lower wages, thus increasing the probability
that more match qualities support that wage.

Finally, severance payments effects are strongly asymmetric: high types are scarcely
affected by the policy, because they are very unlikely to be separated in the first place.
The policy has its strongest effects among not-yet-sorted workers and low types. It lowers
dramatically their job-finding rate (almost halved in the case of a severance payment equal
to 5 months of wages), because such workers typically draw low values of match quality,
thus a firm that hires them has a high probability to realize negative profits. Almost all
workers benefit from a large reduction in separation rates, so much so that unemployment
decreases, on average. However, output drops significantly, particularly for low-type workers

(-11% when severance payments equal five months of average wages).
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3 months SP 5 months SP | Baseline

Output, Steady State

Low types 0.63 0.59 0.66

High types 1.02 1.02 1.02
Wages, Steady State

Low types 0.79 0.78 0.82

High types 0.99 0.98 1.00
Priors - Low types

Age 25 10.51 11.32 9.34

Age 30 7.88 8.89 5.80

Age 35 6.84 7.72 5.11
Priors - High types

Age 25 94.6 94.27 95.20

Age 30 96.0 95.52 97.10
job-separation rate - Low types

Steady State 1.03 0.75 1.39

Age 20-25 4.82 4.43 5.38

Age 25-30 2.31 1.76 3.20

Age 40-50 0.94 0.71 1.34
job-separation rate - High types

Steady State 0.31 0.27 0.37

Age 20-25 0.35 0.30 0.55

Age 25-50 0.31 0.28 0.43
job-finding rate - Low types

Steady State 17.31 13.41 17.61

Age 20-25 20.50 17.88 21.83

Age 25-30 17.30 14.14 18.65

Age 40-50 17.04 14.70 18.30
job-finding rate - High types

Steady State 33.13 31.42

Age 20-25 34.21 33.93 36.36

Age 25-50 39.46 39.24 46.17
Unemployment rate - Low types

Steady State 6.67 6.61 8.32

Age 20-25 22.87 23.88 23.52

Age 25-30 12.35 11.99 15.09

Age 40-50 5.23 4.63 6.86
Unemployment rate - High types

Steady State 1.52 1.46 1.59

Age 20-25 5.54 5.45 6.03

Age 25-50 0.79 0.74 0.93
Persistence of Unemp.

Top 10 young - Top 10 prime-age 33 30 36

Top 20 young - Top 20 prime-age 43 36 48
A Wage top 10 - rest -20 -20 -18

Table 7: The impact of introducing severance payments into the model. Column 1: 3 months severance
payment. Column 2: 12 months severance payment. Results are averages of simulated data under
baseline calibration. All rates are percentage points. High types age categories collapsed into 25-50
because of no differences across age categories after age 25.
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7 Conclusions

Using NLSY /79 data, I show that unemployment during prime-age is concentrated in rel-
atively few workers, who experience both long spells of unemployment and frequent sepa-
rations from their jobs. Moreover, unemployment is persistent in the sense that those who
were often unemployed when young tend to be often unemployed during their primes. I
build a model that delivers both high concentration of unemployment during prime-age and
persistence of unemployment over the life-cycle, and that is consistent with the patterns of
job-finding rates and job-separation rates by prime-age unemployment groups. The model
delivers such result by a combination of incomplete information and heterogeneity across
workers. I find that information frictions are important for explaining workers’ labor mar-
ket outcomes at the beginning of their career; in particular, a model without information
frictions delivers a too high wage gap between different workers at the start of their work
life, a higher separation rate than the one observed in the data for young workers, and a flat
job-finding rate for the most unemployed workers in prime-age. Finally, I find that unob-
served heterogeneity, rather than differences in observed skills, is responsible for the bulk of
my results.

Preliminary simulations also show that the model has novel policy implications. Severance
payments have asymmetric effects: they affect mostly the most unemployed workers, and

decrease the speed of learning later in life.
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A Appendix

A.1 Construction of job-finding and job-separation probabilities

Following Clark and Summers (1979) and Wiczer (2014), I consider workers who exit the
labor force as if they were not in the at-risk population; for each group of workers N;, which
can be the whole sample (N; = N), or the top 10% of the unemployment distribution and

its complement, I use the formulas

vt
> D fi
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iENj
B}
Z Sit
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where f;, is a variable defined only in weeks spent in unemployment, which were followed
by weeks spent in either unemployment or employment, and takes value 1 if the following
week the worker was employed, and 0 otherwise; s;; is defined only in weeks spent in em-
ployment, followed by weeks spent in either employment or unemployment, and takes value
1 if the following week the worker was unemployed, and 0 otherwise; U’ is the number of
weeks worker i was unemployed during prime-age; and E? is the number of weeks worker i

was employed during prime-age.
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Dep. Variable: % U when 35-55

(1) (2) (3)
Only HS, Males All, with controls All, No Young U

% U when young (20-30) 0.3635*** 0.239***

(0.020) (0.02)
N 1029 3127 3127
R? 0.186 0.218 0.127

p-values in parentheses
* p<0.05,** p<0.01, ** p <0.001

Table 8: Source: own calculations on NLSY /79. Regression of % of prime-age unemployment on % of
young unemployment: only for high-school educated males (1), for all workers + controls (2), for all
workers with controls only and no young unemployment (3). Controls include sex, education, ethnic
group, age in 2010, marital status, AFQT test score quartile.

B Supplementary Data Analysis

B.1 Impact of Labor Force Participation

In this subsection I investigate whether the labor force participation margin is relevant for
the results I present on the concentration of unemployment. One possibility is that the
most unemployed individuals get discouraged about their possibilities of finding jobs; thus,
they might tend to permanently drop out of the labor force more frequently than the rest
of the sample. To study whether this is the case, I compute the average participation rate
of individuals by unemployment groups. It is easy to see that the top 10% of prime-age
unemployed tends to participate less often to the labor force. The two groups follow a
substantially parallel trend until age 40, after which the top 10% do tend to drop out of the
labor force more frequently. However, when we look at individuals who did not participate
for a full year, this difference reduces dramatically, suggesting that although the top 10%
tends to spend more time out of the labor force, this does not mean that they always drop
out completely.

It is unlikely that changes in sample composition are driving most results on the con-
centration of unemployment; however, I address this concern by studying how much the
participation margin matters for computing lifetime statistics and the concentration of un-
employment. As explained in section [2] another possible way to compute the average by

unemployment groups is
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Labor Force Participation, by Prime-Age Unemployment Groups Fraction participating during a year, by Prime-age Unemployment
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Figure 8: Labor Force Participation rate; by prime-age unemployment groups and by 5-years age groups.
Left: fraction of weeks spent either in employment or unemployment by group. Right: fraction of
individuals in group who worked at least a week during a year.
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so that every individual has the same weight in the computation of the average, regardless
of the number of periods he has been employed or unemployed. I will refer to this as the
equally-weighted average, and to the average presented in the paper as the participation-
weighted average.

In principle, it is not clear which of the two averages should be used. Since the top
10% of prime-age unemployed tends to be out of the labor force more often, these individ-
uals have a lower weight in the participation-weighted average than in the equally-weighted
average. Thus, the latter represents the concentration of unemployment if we were to ob-
serve the top 10% in the labor force as often as the rest of the sample. With respect to
this logic, the participation-weighted average is likely to bias downward my estimates of
aggregate prime-age unemployment, and of the concentration of unemployment. As shown
in table [9] the equally-weighted formula indeed imply substantially identical averages when
excluding the most unemployed, but a higher average of overall prime-age unemployment.
Thus, this implies a higher concentration of unemployment, compared to the results with
participation-weighted averages; the performance of the standard model is even worse in
delivering concentration of unemployment when using equally-weighted averages for com-

parison.
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NLSY /79 Unif. Match

Avg. % time in unemployment 4.6  (target) 4.6
Avg. % time in U, excluding top 10% 1.6 3.1
Avg. % time in U, excluding top 20% 0.6 1.9

Table 9: Left column: equally-weighted averages computed on NLSY /79, individuals aged 35-55.
Sample includes only high school educated, male individuals with more than 100 observations of weekly
job histories in their prime-age, ending 2010. Right column: averages computed by simulating sequences
of job-finding - job-separation events using flow equations of Mortensen-Pissarides model, calibrated to
average job-finding and job-separation probabilities in NLSY /79 sample.

B.2 Sample selection

In this subsection I show that sample selection plays little role in computing both the con-
centration and persistence of unemployment. I compare the statistics computed in section

with the same statisticf®’| computed using the whole sample of workers by education and

gender.

Only HS Whole Sample

Prime-age unemployment Avg. % time in U 3.6 3.4
Avg. % time in U, exclud. top 10% 1.6 1.4
Avg. % time in U, exclud. top 20% 0.6 0.6
Persistence Prob. top 10 prime-age given top 10 young 41.18 34.06
Prob. top 10 prime-age given Rest young 6.47 7.32
Prob. top 20 prime-age given top 20 young 44.88 43.07
Prob. top 20 prime-age given Rest young 13.71 14.23

Table 10: Participation-adjusted averages computed on NLSY /79, individuals aged 35-55. Left
column: only high school educated, male individuals with more than 100 observations of weekly job
histories in their prime-age, ending 2010. Right column: whole cross-sectional sample of NLSY /79,
satisfying the same restriction on weekly job histories.

I also investigate whether concentration and persistence of unemployment, as well as dif-

25Tn this case, the average time in unemployment during prime-age is the participation-adjusted average.
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ferentials in job-finding rates and job-separation rates I document, vary significantly across
education subgroups. I keep only males and divide the NLSY /79 into high-school dropouts,
high-school educated and some-college and above (those who took some college courses but
did not complete college, and college-educated). Results are summarized in table . For all
subgroups, all facts stand. Unemployment is more concentrated than what the Mortensen-
Pissarides standard model implies; high young unemployment predicts high prime-age unem-

ployment; and inequality is more due to heterogeneity in job-separation rates than job-finding

rates.
Dropouts High-School > Some College
% U Accounted for by top 10 47 59 70
Predicted by MP 23 24 44
% U Accounted for by top 20 69 83 92
Predicted by MP 38 39 70
Persistence: prob. of top 10 prime-age
from top 10 young 26 41 22
from rest young 7 6 7

Avg. % time in unemployment
top 10% prime-age 53 29 15
Rest 4.2 1.5 0.5

§: Prob. of U — E (monthly%)
top 10% prime-age 4 8 11
Rest 18 26 35

f: Prob. of E — U (monthly%)

top 10% prime-age 5.0 3.5 2.0
Rest 0.8 0.4 0.2
Predicted % time in U of top 10%, ¢ alone: 21 12 5
Predicted % time in U of top 10%, f alone: 16 5 2

Table 11: Summary statistics by parts of the prime-age (35-55) unemployment distribution and by
education subgroups. Source: own calculations on NLSY /79. Predicted % time in U calculated using
the formula u = §/(6 + f).
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B.3 Measurement Error

When computing lifetime unemployment statistics, it is crucial to have enough observations
per individual. If an individual had been observed only for few weeks, and was always unem-
ployed, taking the average over those weeks would incorrectly attribute a lifetime unemploy-
ment of 100% to that individual. To address the extent of measurement error, I compute the
concentration of unemployment in top 10 %, top 20 %, and the persistence of unemployment
for different values of the lower bound of weeks of reported employment /unemployment, both
when 20-30 and when 35-55. Results are reported only for the high-school subsample. Al-
though measures of persistence and unemployment tend to fall, because the most unemployed
also tend to stay out of the labor force more often, results on concentration are substantially
unchanged, and persistence remains high: in the worst-case scenario in which the sample
is required to have at least 500 weeks of reported employment/unemployment both when
young and when prime-age (totaling 1000 weeks over 1560 maximum weeks available), the
top 10% most unemployed when young still have between 4 and 5 times the likelihood of be-
ing the most unemployed when prime-age, and the most prime-age unemployed still account

for two-thirds of unemployment.

100 weeks (baseline) 300 weeks 500 weeks

Prime-age U 3.6 3.3 2.6
Prime-age U, without top 10% 1.5 1.3 0.9
Prime-age U, without top 20% 0.6 0.5 0.3
Persistence (top 10 - top 10) 41% 35% 29%

(rest - top 10) 6% ™% 8%
Persistence (top 20 - top 20) 45% 41% 35%

(rest - top 20) 14% 14% 16%
N. Individuals 1029 918 633

Table 12: Accounting for possible measurement error: concentration and persistence of unemployment
according to alternative definitions of the sample. High school males with at least 100 weeks (column

1), 300 weeks (2), 500 weeks (3) of reported employment/unemployment. Source: own calculations on
NLSY/79.
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B.4 The role of Occupations and Health

One might think that differences across occupations are behind the strong young-prime-age
correlations found in the data. For instance, the choice of a “bad occupation” when young
might lead a worker to experience high unemployment both when young and in the future.
I show that occupations explain relatively little of the observed young-old persistence by
augmenting previous regressions with occupational controls (table . I use the CENSUS
1970 classification at the major category level, and I control both for the most prevalent
occupation between 1979 and 2001 (that is, the occupation in which the individual worked
the most during those years) and for the occupation in 1990. Sample size diminishes because
occupation codes are not always available for workers in the NLSY /79; however, the strong
predictive power of young unemployment remains substantially unchanged. Occupation in
1990 appears to be the most important correlate variable, diminishing the young-prime-age
persistence of unemployment by 0.06. However, one must consider that occupational choice
in 1990 is not independent on past labor market history, and its relevance is likely to be
upward-biased because of reverse causality.

I finally consider whether the deterioration of health correlates with prime-age unem-
ployment. I use ex-post health (in 2006) as a control as to construct a worst-case scenario:
since health in 2006 can be the result of past unemployment, it will partly correlate with
young unemployment and prime-age unemployment, thus in principle lowering the estimate
of the impact of young unemployment. I find that, although health correlates with prime-age

unemployment, it has a negligible influence on the predictive power of young unemployment.
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(1) (2) (3) (4) (5)
Base Educ Educ+Occ Educ+Occ 2 Educ+Occ 2-+Health
% U when Young (20-30) 0.299*** 0.256*** 0.256*** 0.254*** 0.247***
(0.01) (0.01) (0.01) (0.01) (0.01)

Age -0.000262 -0.000233 -0.000144 -0.000159 -0.000195
Female 0.00128 0.00211 0.000769 0.000910 -0.000363
Ethnic Group

Black 0.0204* 0.0170* 0.0160* 0.0165* 0.0145*

Hispanic -0.000845  0.00827 0.00744 0.00760 0.00623
Marital Status

Married -0.0340***  -0.0334*** -0.0332*** -0.0319***

Separated -0.0139 -0.0130 -0.0132 -0.0141

Divorced -0.0119* -0.0111* -0.0114* -0.0119*

Widowed -0.00665 -0.00637 -0.00631 -0.00508
Education, age 30

Some College 0.00770 0.00477 0.00505 0.00429

High School 0.00929* 0.00578 0.00564 0.00289

Dropout 0.0295**  0.0268*** 0.0265*** 0.0230**
AFQT Quartile

2 -0.00499 -0.00562 -0.00518 -0.00323

3 -0.0106* -0.0108* -0.00999 -0.00688

4 -0.0128* -0.0122* -0.0113 -0.00896
Health 2000

Very Good -0.00167

Good 0.00367

Fair 0.0196**

Poor 0.0685***
Constant 0.0403 0.0440 0.0369 0.0371 0.0373
Standard Controls X X X X X
Education, AFQT and MaStat X X X X
Prevalent Occ. (1 digit) X X X
Occupation in 1990 (1d) X X
Health Status (2000) X
N 3896 3896 3896 3896 3896
R? 0.151 0.179 0.183 0.185 0.195

Standard errors in parentheses
* p<0.05, ** p<0.01, ** p < 0.001

Table 13: Source: own calculations on NLSY /79. Complementary regressions of % of prime-age unem-
ployment on % of young unemployment for all workers. Sample restricted to individuals for which all
controls are available for all models. Controls always include sex, ethnic group and age in 2010. (2) adds
AFQT test score quartile, education and marital status, (3) adds prevalent occupation during working
life dummies, (4) adds occupation in 1990 dummies, (5) adds health status in 2000 dummies. Omitted
categories: male, white, never married, college-educated, 1st quartile AFQT, Technical /professional oc-
cupations, Excellent Health. Occupation coefficients and standard errors (with the exception of young
unemployment) are not reported for reading convenience.
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Rest  Top 10% (35-55) Ratio
Top 10 / Rest

When young (20-30):

Fired 0.06 0.14 2.33
Involuntary 0.43 0.78 1.8
Quit to Look 0.4 0.6 1.5

In Primes (35-55):

Fired 0.02 0.1 5)
Involuntary 0.09 0.4 4.44
Quit to Look 0.02 0.09 4.5

Table 14: Weekly probability of job termination, by reason and group of prime-age unemployment.
Third column gives ratio of probability between top 10 and rest. Source: own calculations on matched
employer-employee data of NLSY/79. ‘Involuntary’ category merges layoffs, establishment closures and
temporary jobs ended.

Wage difference, top 10 - rest
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Figure 9: Difference in wages between top 10 % prime-age unemployed and rest; data (dashed) versus
model (continuous) under baseline calibration.

o4



09r

0sr

07r

06

04

% low typesin

20 25

Figure 10: Share of workers

30 35

40

45 50

who are low types, by age; under baseline calibration.

35



	Introduction
	The Data
	Prime-age unemployment is concentrated
	Unemployment is persistent over the life-cycle
	Job-finding and job-separation over the life cycle

	Model
	Environment
	Search and Matching
	Information and Learning
	Bellman Equations
	Equilibrium
	Characterization of Equilibrium

	Quantitative Model and Identification
	Calibration

	Results
	Calibration results
	Counterfactual Simulations
	Decomposing Learning over the Life Cycle
	Duration dependence

	Discussion
	Heterogeneity or Human Capital?
	Policy implications

	Conclusions
	Appendix
	Construction of job-finding and job-separation probabilities

	Supplementary Data Analysis
	Impact of Labor Force Participation
	Sample selection
	Measurement Error
	The role of Occupations and Health


