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Abstract

This paper develops a random matching model with unobserved worker
heterogeneity and learning about worker types from unemployment duration.
The model features negative duration dependence that stems from unobserved
heterogeneity as well as statistical discrimination and skill depreciation. We
estimate our model using micro-level data from Current Population Survey
(CPS) and we decompose the contribution of each channel to job finding rates
by duration. We find that shutting down statistical discrimination substan-
tially increases the job finding rates of the long-term unemployed while skill
depreciation mainly affects the medium-term unemployed.
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1 Introduction

The fraction of the unemployed who find a job within a month falls dramatically
by unemployment duration. This feature of the US labor market, which is referred
as negative duration dependence, has been studied by a large body of literature.1

There are three prominent explanations for this observation. The first of these ex-
planations asserts that negative duration dependence is simply a reflection of the
“composition effect”. Because workers with high job finding rates find work rel-
atively quickly, the unemployment pool becomes populated with more individuals
who have difficulty in finding a job. This dynamic selection creates leads to a de-
cline in job finding rates by unemployment duration. The other two explanations,
skill depreciation and statistical discrimination, imply negative duration dependence
at an individual level (i.e. “true” duration dependence). The former argues that peo-
ple lose their skills while unemployed and therefore have difficulty in finding jobs
as their unemployment spell extends. The latter is based on the argument that firms
use unemployment duration as a signal for a job applicant’s capabilities. Individuals
with less competitive skill-sets remain longer in the unemployment pool and firms
factor this information into their hiring decisions.

In this paper, our goal is to empirically assess the contribution of these sources
to the negative duration dependence for the US economy. To this end, we develop
an equilibriummodel of unemployment with matching frictions and negative unem-
ployment duration dependence. In our model, hiring occurs in two stages: match-
ing and interviewing. The first stage is a standard Diamond-Mortensen-Pissarides
(DMP) model, where workers randomly meet with vacancies at a potentially time
varying rate determined via an aggregate matching function. However, matching
does not guarantee hiring. In the second stage, firms matched with a worker decide
whether to go through a costly interview process and hiring only occurs if the out-
come of the interview is successful. Both the cost of the interview and its outcome
are random draws.

A key feature of ourmodel is that workers are heterogeneouswith respect to their
1More recently, Barnichon and Figura (2015) and Hall and Schulhofer-Wohl (2018) show this

phenomenon in their estimation of aggregate matching function with micro-level data.
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ability to turn interviews into hiring, which we call skill. There are specifically two
skill types and one of these types (e.g., high-skilled) is better at turning interviews
into hiring than the other type (e.g., low-skilled). Heterogeneity among the workers
is the basis for the three sources of negative duration dependence. The first is due
to the composition effect as high-skill workers leave the unemployment pool faster.
Second, we model skill depreciation as an exogenous process whereby high-skilled
workers lose their abilities and become low-skilled at a constant rate as they remain
in the unemployment pool. The loss of skills also leads to negative duration depen-
dence.2 Lastly, the true type of a worker is not observed, but the firm can infer the
probability that a worker is high-skilled from his unemployment duration. We call
this probability the resume of the worker. Firms update these resume values based
on the differences between the job finding rates of the high and low-skilled work-
ers. Given that the interview cost is random, firms interview applicants only if the
prospects are favorable relative to the cost of the interview. Because there are more
low-skilled workers at longer durations, firms are less likely to interview the long-
term unemployed. Interviewing the applicant selectively, which we call statistical
discrimination, also generates declining job finding rates with unemployment dura-
tion. We parsimoniously parametrize the distribution of the interview costs with one
parameter so that only a fraction of the firms choose not to interview the applicant.
We associate this parameter with the statistical discrimination channel.3

We then estimate our model via maximum likelihood using individual level data
from Current Population Survey (CPS) and aggregate level data from Help-Wanted-
Online-Index (HWOL). Our model allows us to implement a resume updating rule
and assign a resume value for each observation in our sample. Our identification of
the statistical discrimination channel relies on the fact that resume values are sen-
sitive to changes in aggregate market tightness. For example, job finding rates are

2In the literature, skill depreciation during unemployment is generally related to human capi-
tal loss and declining productivity. See for example Acemoglu (1995) and Ljungqvist and Sargent
(1998). In our model, skill loss is defined as a reduction in a worker’s abilities at the interview
stage. From this perspective, skill loss may also be thought as a worker’s loss of self-confidence
after performing poorly at successive interviews.

3Barron and Bishop (1985) find that time spent by company personnel for recruiting, screening
and interviewing job applicants is on average 9.87 hours per hire with a standard deviation of 17.16
hours. This finding is suggestive of varying interview costs.
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low for everyone during a recession and therefore resume values are updated slowly.
Consequently, individuals with identical characteristics but different aggregate la-
bor market history have different resume values conditional on duration. We use
this variation in resume values to estimate the parameter governing the statistical
discrimination channel.

We assess the significance of each channel by setting the associated parameter
value to zero and then calculating counter-factual job finding rates from a simulated
model. We find that shutting down the statistical discrimination channel increases
the job finding rate of a worker at 24 months duration relative to a recently un-
employed worker by 75%. The corresponding number after shutting down skill
depreciation is negligible, and the remaining difference is solely due to the compo-
sition effect. However, at its estimated value, skill depreciation makes duration de-
pendence relationship less responsive to the changes in aggregate market tightness.
When there is no skill depreciation, the duration dependence relationship becomes
more responsive to the changes in aggregate labor market conditions.

Our structural estimation naturally relies on strong assumptions about the hiring
process. Nonetheless, the fitted job finding rates by unemployment duration track
the direct measures of the flows from unemployment to employment quite well.
Moreover, we find that the duration dependence during a boom is stronger at short
durations but weaker at longer durations. Abbring, Van Den Berg, and Van Ours
(2001) reaches to a similar conclusion after estimating the job finding rates from
the CPS data using a flexible reduced form specification.

Kroft, Lange, and Notowidigdo (2013) conduct a field experiment with fake re-
sumes in which individuals differ only by their unemployment duration. They show
that first call for an interview decreases with unemployment duration. This finding
has been taken as evidence for statistical discrimination, because the experimental
design addresses the concern for unobserved heterogeneity in studies estimating job
finding rates from observational data. Our modeling of hiring process for statistical
discrimination is motivated by their findings. In the same study, the authors also
show that this negative relationship weakens during recessions, which is the basis
for our identification. Because we observe the hiring decisions in CPS data, our
findings are directly related to that margin although interview decisions are parallel
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to the hiring decisions in our model.
In a recent paper, Jarosch and Pilossoph (2019) argue that eliminating statistical

discrimination does not have any significant effect on job finding rates of the long-
term unemployed workers. In contrast, we find that statistical discrimination has the
largest impact among other possible sources. Although the two models have sev-
eral similar features and they both capture the job finding rates by unemployment
duration quite well, the mechanisms that generate statistical discrimination are dif-
ferent. In our model, interview costs are random and long-term unemployed are
called for an interview only if the interviewing cost is sufficiently small. Jarosch
and Pilossoph (2019), on the other hand, assume a constant value for the cost of
interviewing applicants. Instead, they assume a continuum of worker skills. In-
terview probability in their model still falls with unemployment duration because
firms have minimum hiring requirements and they are heterogeneous with respect
to these requirements. Workers at the bottom of the skills set are less likely to satisfy
these requirements, and therefore they remain longer in the unemployment pool.
Consequently, only a small fraction of the firms finds it worthwhile to interview
the long-term unemployed. When they set the cost of interview to zero, the inter-
view probability increases, but the job finding rate of the workers with relatively
lower skills only marginally changes because they still cannot satisfy the minimum
hiring requirements for most of the jobs. Whether statistical discrimination stems
from variation in interview costs or in minimum hiring requirements (or both) is a
modeling assumption and neither the CPS data nor the experimental data with fake
resumes are informative about it. Nonetheless, we argue that the distinction matters
for assessing the role of statistical discrimination in explaining the job finding rates
of the long-term unemployed.

Our model is also complementary to the directed search model with resume up-
dating in Doppelt (2016) but it differs in two aspects. First, the two papers propose
very different mechanisms to explain duration dependence although they both find
that statistical discrimination plays an important role in generating heterogeneity in
job finding rates. The second difference is methodological. Rather than calibrating
our parameters to aggregate moments, we directly estimate our model parameters
using micro-level data and therefore we also control for observables. For identifica-
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tion purposes, we also introduce time variation in market tightness via an aggregate
shock to the cost of vacancy posting.

Finally, Alvarez, Borovičková, and Shimer (2016) decomposes duration depen-
dence in an optimal stopping time model. Using micro-level data from Austria,
they show that unobserved heterogeneity is a critical source in explaining duration
dependence. We also find a substantial role for unobserved heterogeneity, but sta-
tistical discrimination is still the dominant factor in explaining the negative duration
dependence.

The rest of the paper is organized as follows. The next section describes our
model. We then describe our dataset and estimation procedure. In Section 4, we
perform our counter-factual analysis using ourmodel and estimated parameters. The
last section concludes.

2 Model

2.1 Environment

The economy is populated by infinitely-lived risk-neutral workers with a unit mea-
sure and a large number of risk-neutral firms. Time is continuous and t denotes the
calendar time. The discount rate is ρ > 0.

At any instant, a firm can either be active or inactive. Each active firm has
one job that is either filled and producing or vacant and searching. A vacant firm
attracts unemployedworkers by posting a vacancy. Inactive firms can become active
by creating a vacancy and start searching for a worker. The flow cost of vacancy
posting, κ(t), is common across the firms but is varying over time.

At any instant, a worker can either be employed or unemployed. An employed
worker engages in production and becomes unemployed at a constant rate λ > 0.
While employed, he cannot search for a job. An unemployed worker searches for a
job in a frictional labor market. To be hired by a firm, an unemployed worker not
only needs to meet a vacancy, but he also needs to go through a costly interview
process. Hiring occurs only if the outcome of the interview is successful.

Workers are heterogeneous with respect to their ability to turn interviews into
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job offers. Each worker can be one of the two possible types, H and L, which
we call high-skilled and low-skilled workers, respectively. A high-skilled worker
is relatively more successful at the interview stage. Workers draw their skill types
each time that they become unemployed from a fixed Bernoulli distribution, with
r0 denoting the probability of being high-skilled. While unemployed, a high-skilled
worker loses his skills at a constant rate δ ≥ 0 (e.g. skill depreciation), and becomes
low-skilled.

The true skill type of an unemployed worker is unobserved. For each unem-
ployed worker, there is a public belief about their type, which denotes the prob-
ability of being a high-skilled worker. Let r(τ, t0) denote this probability for an
unemployed worker at duration τ of his unemployment spell who has become un-
employed at calendar time t0 = t − τ . We call r(τ, t0) the resume of worker. The
resume value for all the workers entering the unemployment pool is equal to r0

but their value changes during their unemployment spell. Because workers are het-
erogeneous with respect to their skills and these skills are subject to change while
unemployed, the resume values can be updated over time. We explain this updating
rule in greater detail below. One implication of our updating rule is that workers
who enter the unemployment pool at the same time have identical resume values un-
til they exit unemployment. Hence, r(τ, t0) is the common resume value of workers
who have become unemployed at calendar time t0.

2.2 Match surplus

A matched firm-worker pair produces a flow value of output, y, and the flow value
of unemployment is b < y. Both of these variables are constant over time and are
independent of the worker’s true skill type. Because labor markets are frictional,
a firm-worker match creates a surplus. We assume that the firm gets the entire
surplus value (e.g. workers have no bargaining power). Under this assumption, the
wage rate is equal to b and the value of a filled position at time t, J(t), satisfies the
following Bellman equation:

ρJ(t) = y − b+ J̇(t)− λ(J(t)− V (t)), (1)
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where V (t) is the value of a vacancy and “˙”(dot) notation indicates time derivative.
Intuitively, a filled position is an asset for the firm and its discounted value, ρJ(t),
is equal to the return on this asset given by the terms on the right-hand side. A filled
position generates a flow profit of (y − b), and its value potentially changes over
time, J̇(t). In addition, the job becomes vacant at rate λ, in which case the firm
loses (J(t)− V (t)).

The time dependence of J(t) stems from the fact that V (t) may change over
time. Eventually we impose a free entry condition in equilibrium such that V (t) = 0

for all t so that the value of a filled position is also constant over time, J(t) = J̄ .
After re-arranging equation (1) under the free entry condition, we obtain:

J̄ =
y − b

λ+ ρ
. (2)

Note that the value of a filled position is also equal to the total surplus value because
the worker has no bargaining power.

The match surplus is constant over time and is the same for all the jobs. These
results admittedly rest on two strong assumptions: constant productivity and con-
stant wage rate. Nonetheless, they dramatically simplify the estimation procedure.
In particular, we are able to calculate the job finding rates solely based on the market
tightness and individual characteristics, which we directly observe in the data. Re-
laxing either of these assumptions would make the match surplus depend on aggre-
gate state variables such as the aggregate productivity or even the entire distribution
of individual states. In this case, not only would the value function calculations be
tedious but the job finding rates would also depend on some aggregate state vari-
ables that we do not directly observe in the data.

2.3 Matching frictions, interview costs, and job finding rates

We model the hiring process as a two-stage process. In the first stage, unemployed
workers and vacancies are randomly matched in a labor market with matching fric-
tions. This stage is essentially the canonical DMP model. In the second stage,
interview and hiring decisions are made. Each firm matched with a worker draws a
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random interview cost. The interview takes place only if the firm pays the interview
cost and hiring occurs if the outcome of the interview is successful. Otherwise, both
the firm and the worker continue to search for alternatives. If the interview cost is
sufficiently high, then the firm may opt not to interview the applicant at all.

We capture the matching frictions in the first stage of the hiring process via an
aggregate matching function that depends on the stock of job openings, v(t), and
the total mass of unemployed workers, u(t). Total matches, m(t), are given by the
following Cobb-Douglas matching function:

m(t) = η [v(t)]1−σ [u(t)]σ , (3)

where σ ∈ (0, 1) is the shape parameter of the matching function and η is the match-
ing efficiency of the unemployed workers at time t. The overall contact rate, f(t),
is common across the workers and is equal to:

f(t) =
m(t)

u(t)
= η [θ(t)]1−σ , (4)

where we define the market tightness, θ(t), as the ratio of vacancies to unemployed:
v(t)/u(t).

On the firm side, each vacancy has an equal chance to contact a worker. Hence,
a firm contacts workers at rate:

q(t) =
m(t)

v(t)
= η [θ(t)]−σ . (5)

Not all of the matched workers are eventually hired. In the second stage, each
firm matched with a worker randomly draws a cost for interviewing the applicant,
c, from a fixed distribution F (c). At this stage, the firm observes the resume value
of the applicant. Without knowing his true skill type, the firm decides on whether to
pay the cost and interview the applicant or continue searching for alternatives. If the
firm eventually decides to interview the applicant, then the worker-firm pair learn
the productivity of their match in the third stage. The productivity of a match is a
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random draw and can only take two values: 0 or y.4 A high-skilled worker draws
y with probability pH , in which case an employment relationship is formed and the
firm-worker pair starts producing. Otherwise, with probability 1− pH , hiring does
not occur. A low-skilled worker draws y with probability pL < pH . Therefore,
when making a decision about interviewing an applicant with a resume value r, the
firm compares the cost of interview with its expected value, Ŵ (r), which is equal
to:

Ŵ (r) = rpH J̄ + (1− r)pLJ̄ . (6)

The expected value of the interview is linear and monotonically increasing in r. Ac-
cordingly, the interviewing decision has a cut-off property in that the firm interviews
the applicant only if c < Ŵ (r). For a worker with resume value r, the probability
of being interviewed, conditional on a match, is equal to F (Ŵ (r)), which is also
increasing r. In other words, conditional on a match, workers with high resume
values are more likely to be interviewed.

We further assume that the distribution of interview cost, F (c), has the following
specification. With probability (1−α), the cost of interview is equal to zero and the
firm interviews any applicant. With probability α, the interview cost comes from a
uniform distribution between Ŵ (0) and Ŵ (r0) so that the interview probability is
equal to r/r0 (i.e. recently unemployed are interviewed with certainty conditional
on contacting with a vacancy). Overall, a worker with resume value r expects to be
interviewed with probability (1−α+αr/r0). This specification allows us to study
the special case when α = 0 (i.e. interviewing is costless for every firm) and it is at
the center of our discussion about statistical discrimination below.

We can write the job finding rate for an unemployed worker at duration τ con-
ditional on his true skill type, s = {H,L}, as follows:

h(τ, t0|s) = η [θ(t0 + τ)]1−σ (1− α + αr(τ, t0)/r0)p
s. (7)

Because the interview probability is increasing with the resume value, workers with
high resume values find jobs faster for a given skill type. Moreover, for a given
resume value r, high-skilled workers can find jobs faster because they are more

4In principal, we could replace the outcome 0 with any value less than b.
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likely to form a productive match at the interview stage.

2.4 Resume updating

Firms canmake an inference about the true skill type of an unemployed worker from
his unemployment duration by exploiting the difference between the job finding
rates of high and low-skilled workers. We employ a Bayesian updating rule so that
the job finding rates for different skill levels in equation (7) implies the following
updating rule for the resume values at duration τ :

ṙ(τ, t0)

r(τ, t0)
= −δ − (1− r(τ, t0)) η [θ(t0 + τ)]1−σ (1− α + αr(τ, t0)/r0)∆p, (8)

where we define ∆p = pH − pL. We obtain this expression as a limiting case
of the Bayes rule in a discrete time approximation and we defer the details to the
Appendix. Given the resume value at the beginning of the unemployment spell, r0,
along with the path of θ(t), firms can calculate the evolution of resume values at
every unemployment duration τ ∈ [0, t− t0] using the differential equation in (8).5

2.5 Equilibrium

The value of a vacant position satisfies the following Bellman equation:

ρV (t) = −κ(t) + V̇ (t) + q(t)(W (t)− V (t)), (9)

where W (t) is the expected value from searching conditional on matching with a
worker at time t. The interpretation of equation (9) is similar to the interpretation
of the Bellman equation for a filled position. The discounted value of a vacancy is
equal to the expected return from searching. While vacant, firms incur the flow cost
of vacancy, κ(t), and gain or lose potentially from the change in the value of vacancy

5Note that if the worker finds a job at the end of his unemployment spell, then his resume value
jumps to a higher value. Nonetheless, because the resume value does not affect the match surplus
and its value is reset to r0 when the worker becomes unemployed again, its exact value is redundant
for calculating the equilibrium.
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over time. The firms also contact a worker at the market rate q(t). Conditional on a
match, they expect to gain (W (t)− V (t)).

The value of W (t) depends on the distribution of unemployed workers. Let
Γ(τ, t0) denote the measure of workers who lost their job at time t0 and are currently
at duration τ . Then, using the identity t0 = t−τ , we can calculateW (t) as follows:

W (t) =

∫ ∞

0

{
(1− α)Ŵ (r(τ, t−τ)) + α

r(τ, t−τ)

r0

[
Ŵ (r(τ, t−τ))− Ŵ (0)

2

]}
Γ(τ, t−τ)

u(t)
dτ,

(10)
where the aggregate unemployment rate is given by u(t) =

∫∞
0

Γ(τ, t−τ)dτ . The
interpretation of this equation is as follows. Upon meeting an unemployed worker
at duration τ , with probability (1−α), the firm draws zero interview cost and enjoys
the expected value of the interview, Ŵ (r(τ, t−τ)), given in equation (6). Otherwise,
the firm draws an interview cost and interviews the worker with probability r(τ, t−
τ). Conditional on the interview, the interview cost is a uniform random variable
between Ŵ (0) and Ŵ (r(τ, t−τ)) and its expected value is the simple average of
the two. Subtracting this expected interview cost from Ŵ (r(τ, t−τ)) yields the last
term in equation (10). Integrating over all unemployment durations gives the value
ofW (t). Using the definition of Ŵ (r), we can further simplify this expression as:

W (t) = J̄

∫ ∞

0

{
(1− α)(pL + r(τ, t−τ)∆p) + α

r(τ, t−τ)2∆p

2r0

}
Γ(τ, t−τ)

u(t)
dτ,

(11)
If we impose a free entry condition in that the value of a vacant position is always

equal to zero, V (t) = 0 and replace q(t) from equation (5), then we obtain from
equation (9):

κ(t) = η [θ(t)]−σ W (t). (12)

Note thatW (t) can be calculated independent of θ(t) from equation (10). Given
its value, κ(t) then pins down the equilibrium value of θ(t) from the free entry
condition in equation (12).

Finally, due to Bayesian updating, the resume values truly reflect the proportion
of high-skilled workers among those who has the same resume value. Accordingly,
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we can write the evolution of Γ(τ, t0) over time as follows:

Γ̇(τ, t0)

Γ(τ, t0)
= − (r(τ, t0)h(τ, t0|H) + (1− r(τ, t0))h(τ, t0|L)) , (13)

given Γ(0, t0) = λ(1 − u(t0)). Equation (13) states that the measure of the unem-
ployed at a given duration decreases over time at a rate equal to the average job
finding rate at that duration, which depends on the share of the high and low-skilled
workers. This share is equal to the resume value at that duration.

Given these equations, we can define a dynamic equilibrium as follows:

Definition 1. Adynamic equilibrium is a sequence of {θ(t), q(t),W (t),Γ(τ, t0), r(τ, t0)}
such that:

1. q(t) and θ(t) are related according to equation (5).

2. W (t) is given in equation (11).

3. r(τ, t0) is updated according to equation (8) given that r(0, t0) = r0.

4. Γ(τ, t0) satisfies equation (13) given Γ(0, t0) = λ(1 − u(t0)) and the hazard
rates by skill type, h(τ, t0|s), in equation (7).

5. Given κ(t), a free entry condition, V (t) = 0, determines equilibrium θ(t)

from equation (12).

As we discuss further below, time variation in θ(t) is necessary for estimating
α and we can achieve this in the model through changes in κ(t) over time.6 In prin-
ciple, we could specify a stochastic process for κ(t), generate a long time series on
small time intervals, simulate the distribution of workers, and calculate equilibrium
θ(t) over time. Nonetheless, we are ultimately interested in how unemployment
duration dependence changes when we restrict α and δ. We performed this compar-
ison at the steady-state where we target the average market tightness in the data. To
show the effects of changes in θ(t) on duration dependence, we change the value of
κ(t) to a new value associated with that steady state equilibrium value of θ(t).

6Alternatively, from equations (11) and (12), we could generate cyclical variation in θ(t) by
assuming a time variation in J̄ .
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2.6 Decomposing duration dependence

Equation (8) implies that resume values decrease with unemployment duration and,
from equation (7), it generates a negative duration dependence in job finding rates.
In this section, we illustrate the various channels causing negative unemployment
duration dependence under specific parameter restrictions for a group of workers
who have become unemployed at time t0. Consider the following special cases.

First, assume that δ = α = 0. In this case, the job finding rates in equation
(7) are independent of the resume value of a worker. Moreover, because there is
no skill depreciation, the job finding rates are constant conditional on θ(t) and the
true skill type at the beginning of the unemployment spell. In other words, there is
no true duration dependence. However, the job finding rates are still declining with
unemployment duration at the population level, because high-skilled workers leave
the unemployment pool faster than the low-skilled workers. To see this point, let us
write the average job finding rate for this group over time as follows:

hp(τ, t0) = η [θ(t0 + τ)]1−σ (r(τ, t0)p
H + (1− r(τ, t0)p

L)),

where r(τ, t0) is the common resume value at duration τ . According to (8), r(τ, t0)
is declining with unemployment duration, and because pH > pL, the job finding
rate at the population level is also declining. We call this channel the “composi-
tion effect”. We note that this channel is weaker when θ(t) is lower (e.g., during
recessions) because even high-skilled workers are unemployed for a longer period
of time during a recession.

Next, consider the case when δ = 0 but α > 0. In this case, firms care about
the resume value of the worker and the resume values explicitly enter the job find-
ing rates described in equation (7). The existence of interview costs generates the
“statistical discrimination” channel. Because resume values decline with unem-
ployment duration, workers find it harder to receive interviews because they remain
longer in the unemployment pool. This channel is different than the composition
effect in that even a truly high-skilled worker faces declining job finding rates by
duration. Nonetheless, both the statistical discrimination channel and the compo-
sition effect imply that resume updating is slower when θ(t) is lower (e.g., during
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recessions).
Finally, consider the case when δ > 0 but α = 0. The job finding rates are

independent of the resume value of the worker, but a high-skilled worker may be-
come low-skilled while unemployed. Therefore, in addition to the composition ef-
fect above, we have an additional source of duration dependence, which we call
“skill depreciation” channel. Note that this channel generates a true duration de-
pendence in that the job finding rate for a high-skilled worker, conditional on θ(t),
drops from pH to pL at the instant when he exogenously loses his skills. The aver-
age job finding rate of the unemployed workers who enter the unemployment pool
as high-skilled is related to τ as follows:

h̄H(τ, t0) = η [θ(t0 + τ)]1−σ (exp{−δτ}pH + (1− exp{−δτ})pL).

Because skill depreciation is an exogenous process, it is independent of the aggre-
gate market tightness once we control for the true skill type at the beginning of the
job spell and θ(t). This feature of the skill depreciation channel is different than
both the composition effect and the statistical discrimination channels. We exploit
the business cycle variation in market tightness to identify these channels in the
data.

3 Estimation

3.1 Data Description and Sample Restrictions

We use micro-level data from the CPS obtained from the Integrated Public Use
Microdata Series (IPUMS-CPS) database (Flood et al. (2020)). CPS uses rotation
groups where each individual is interviewed for four consecutive months, not in-
terviewed for eight months, and then reinterviewed for another four months before
leaving the sample. The rotating panel design of CPS allows us to observe the em-
ployment status of each individual next month. In addition, the unemployed individ-
uals are asked to report their duration of unemployment, which allows us to create
a market tightness history during their current unemployment spell.
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We also collect information about age, gender, education, region, occupation,
industry, class of worker, race, marital status, and reason for unemployment. The
CPS monthly files contain inconsistent information, therefore we drop the individu-
als whose gender or race changes across different surveys. We also drop individuals
when their age decreases, or when their age increases by two or more years. We per-
form our analysis with white males only.

A worker’s age changes while unemployed, but the reference month for the re-
ported age is the age during the interview and not the age of the worker when he
entered the unemployment pool. For example, if the worker remains in the unem-
ployment pool two years, then his age is substantially different than his age on entry
to the unemployment pool. To address this concern, we randomly assigned a month
component to the reported age in years and we indicate each individual’s age at the
time of the interview in months. We restrict our sample to those individuals who
were at least 24 years old when their unemployment spell started. Consequently,
we first normalized the age variable so that an individual who is 24 years old and is
randomly assigned to January is one month old. Then, we excluded unemployment
spells if an individual’s adjusted age is negative when he started his current unem-
ployment spell. We also dropped individuals whose adjusted age is greater than 384
months, or 55 years, because interview and hiring decisions might be substantially
different for those near retirement (e.g., due to short expected tenure at the time of
the hiring).

We create four occupation categories: (a) professional and managerial, (b) per-
sonal services,(c) sales and office, and (d) production. Industry variable indicates
whether the individual is in the goods or services producing sector. We define three
education categories: high school and less than high school, some college, and at
least a 4-year college degree. The marital status variable indicates whether the re-
spondent is married. We excluded family workers and self-employed individuals
from our sample. We indicate government jobs by the class of worker variable.

IPUMS-CPS provides six categories for reason of unemployment: (a) job loser
or on layoff (b) other job loser, (c) end of temporary job, (d) job leaver, (e) new-
entrant, and (f) re-entrant. Fujita and Moscarini (2017) report that many temporary
lay off workers are called back by their previous employer and their duration de-
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pendence is different than other workers. Therefore, we exclude temporary layoff
or end of temporary jobs. Moreover, new-entrants do not report an occupation or
industry. Consequently, we do not have any observation in this category.

Apart from the micro-level CPS data, we obtained market tightness data from
Barnichon (2010) available monthly and updated until December 2016. This dataset
is constructed using vacancies data HWOL andHWI after correcting for the bias due
to the secular decline in paper based job ads.

Our final sample consists of 106,493 observations covering the period from
September 1995 to December 2016. Because the market tightness data is season-
ally adjusted, we also include monthly seasonal dummies in our regression. Finally,
CPS uses a highly stratified sampling scheme. To have a representative sample of
the population, we use the longitudinal sampling weights for the two consecutive
months available at IPUMS-CPS database.

3.2 Maximum Likelihood Framework

Let xit be a vector of regressors including a constant in month t for individual i
who is recorded as unemployed in the same month. This vector includes individual
characteristics that are constant throughout the unemployment spell, such as educa-
tion, and also market tightness as a time-varying regressor. Let yit be equal to 1 if
an individual is recorded as employed in the following month.7 In addition to the
regressors and employment status data, we utilized other information, such as cal-
endar time indicators for t0 and unemployment duration τ , to calculate individual
resume values denoted by ri(τ, t0).8

We define the hazard function for individual i at duration τ conditional on ob-
servables and his skill as follows:

hi(τ, t0|xit, L) = exp (xitβ) (1− α + αri(τ, t0)/r0)
1−∆p

2
(14)

hi(τ, t0|xit, H) = exp (xitβ) (1− α + αri(τ, t0)/r0)
1 + ∆p

2
, (15)

7We treat switching to not-in-the-labor force status as an unsuccessful search.
8In the original dataset, unemployment duration is recorded in weeks. To facilitate the calculation

of resume values, we convert these quantities to months assuming that the interview takes place in
the middle of the month.
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where α and∆p are defined as in the model and to be estimated from the data. Note
that we implicitly normalize the hiring probability for high and low-skilled workers,
which we discuss in the identification section later on. Moreover, xit includes a
constant and natural log of market tightness and this specification is consistent with
the Cobb-Douglas form that we employed in the model section for the matching
function. The coefficient estimates for the constant and the market tightness refer
to log(η) and (1 − σ) in the model, respectively. Moreover, we introduced other
regressors proportionally to the job finding rate, similar to the market tightness,
and this specification can be rationalized under some mild assumptions about the
matching function.

Our data is monthly and we assume that time-varying regressors are constant
throughout the month. Similarly, we assume that ri(τ, t0) is constant during the
month and use the following discrete version of the resume updating rule:

ri(τ, t0) =
ri(τ, t0) exp(−δ − hi(τ, t0|xit, H))

ri(τ, t0) exp(−hi(τ, t0|xit, H)) + (1− ri(τ, t0)) exp(−hi(τ, t0|xit, L))
(16)

Given the initial resume value r0, we can think of ri(τ, t0) as function of data and the
model parameters. Let us define Ωit as the set of all the information for individual i
and ξ as the set of all the model parameters and write ri(τ, t0) compactly as rit(ξ).
Then, the likelihood contribution of individual i can be written as:

Li(ξ, rit(ξ)|Ωit) = yit
(
rit(ξ)(1− exp(−hH

it )) + (1− rit(ξ))(1− exp(−hL
it))

)
+(1− yit)

(
rit(ξ) exp(−hH

it ) + (1− rit(ξ)) exp(−hL
it)
)
. (17)

where we use hL
it and hH

it as a short-hand notation for the expressions in equations
(14) and (15), respectively. The log-likelihood function can be written as:

L(ξ) =
N∑
i=1

ωi log (Li(ξ, rit(ξ)|Ωit)) , (18)

where ωi is the sampling weight for individual i. Because we calculate the resume
values conditional on the data and the model parameters, the resume value of indi-
vidual i at time t is a function of the model parameters, individual characteristics at
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time t, and the entire market tightness history for his current unemployment spell.
When wemaximize the log-likelihood function with respect to ξ, we take the depen-
dence of the resume values on other model parameters into account and we employ
the chain rule to calculate the gradient of the likelihood.

3.3 Identification

Consider our hazard rate specification in equations (15) and (14) and, for illustration
purposes, suppose that ri(τ, t0) is a function of unemployment duration alone. In
that case, we can write the hazard rate at duration τ for a given skill type as follows:

h(τ |xit, s) = exp(xitβ)h0(τ)p
s. (19)

This specification is a proportional hazard model with random frailty.9 In this speci-
fication, h0(τ) is called the baseline hazard function and it can be estimated paramet-
rically or non-parametrically. ps is called the random frailty, which is unobserved
but is known to come from a known distribution. We discuss the identification of
our model parameters by comparing our model to the proportional hazard model
given above. Unlike the estimation of the hazard models, we construct our likeli-
hood function in equation (17) as a complementary log-log function. We employ
this specification because our sample does not come from a duration data but we
rather observe a binary outcome that is conditional on unemployment duration.

When estimating the frailty terms, ps, typical choices in the literature are (log)normal
and gamma distributions, both of which have two parameters. If the estimation in-
cludes a constant or a set of dummy variables for each (discrete) duration, the mean
of the frailty distribution is not identified and is therefore normalized, typically to
1. The variance is then estimated from the data. In our case, the distribution of the
frailty terms, ps, have a particular meaning and a distributional specification. They
can take only two values and must lie between 0 and 1. Based on parallel arguments
to estimate a proportional hazard model, we normalize the weighted average of pH

and pL of the recently unemployed to 0.5. Note that this value not only depends on
9For detailed discussion about the non-parametric identification of this model, see Van den Berg

(2001).
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pH and pL but also on the proportion of the true high-skill types among the recently
unemployed workers. We further impose that r0 = 0.5 so that pH and pL are sym-
metric around 0.5 and estimate their difference, ∆p. Given the normalization and
symmetry assumptions, the job finding rate of the long-term unemployed identifies
∆p, whereas the overall job finding rate identifies η.

Next, suppose that α = 0. Then, following on our arguments in Section 2.6, the
true duration dependence stems only from skill depreciation. Through the lenses
of the proportional hazard model in equation (19), the baseline hazard would be a
(parametric) function of δ. Hence, any portion of the duration dependence that is
not captured by the compositional effect due to unobserved heterogeneity identify
δ.

Finally, even if α is positive but the market tightness is constant for individuals
with identical xit, then, by equation (16), they would all have the same resume
value. In the hazard equations (14) and (15), the interviewing probability would be
a constant for a given xit. In that case, α would not be identified. When individuals
with the same individual characteristics at same unemployment duration experience
a different market tightness history, they also have different resume values. The
variation in the resume values then identifies α. Roughly speaking, we can think of
the effect of α as reflecting the interaction of market tightness with unemployment
duration. In a model similar to that in equation (19), such an effect could be captured
by an interaction term for market tightness and unemployment duration.

3.4 Estimation Results

We present our estimation results in Tables 1 and 2. In Table 1, we report our es-
timation results for the parameters mainly governing the duration dependence: δ,
α, and ∆p. The first column of Table 1 shows our point estimate. Because the pa-
rameters have certain bound restrictions, we performed a Lagrange multiplier test
to assess the statistical significance of our estimates. We report the χ2 test statistics
when the parameter of interest is set to zero in column 2. Column 3 reports the p-
values associated with the χ2 test statistic. Note that when we restrict the model so
that∆p = 0, neither δ nor α is identified. Therefore, in the third row where we test

19



Variable Estimate χ2 p-value

δ: Skill Depreciation 0.168 15.513 0.000
α: Statistical Discrimination 0.535 149.444 0.000
∆p: Interview success probability (difference) 0.265 2113.105 0.000

Table 1: Maximum Likelihood Estimation Results for the parameters governing duration depen-
dence.

Variable Estimate Standard Error p-value

log(η): Scale 0.100 0.052 0.056
1− σ: Elasticity 0.366 0.014 0.000

Table 2: Maximum Likelihood Estimation Results for Matching Function.

for significance of ∆p, we restrict both of the other parameters to be equal to zero.
Under these restrictions all of the duration dependence is attributed to variation in
observed characteristics. We report the estimates of the matching function in Ta-
ble 2. In this Table, the second and the third columns report the standard error and
the p-value, respectively, which are evaluated at the point estimate of the structural
parameters in Table 1. An exhaustive list for the remaining parameter estimates is
available on our Online Appendix.10

Our point estimates indicate that a high-skilled worker turns about 63% inter-
view opportunities into hiring while the success probability of a low-skilled worker
is only 37%. Every month about 17% of the unemployed workers lose skills and
their success probability at the interview stage drops by 26.5 percentage points.
Roughly half of the firms interviews all of the applicants for their vacancy, while
the remaining half decides after observing the interview cost. We estimate the log
of the matching efficiency as 0.100. At our sample mean, this number implies that
each worker contacts a vacancy at a monthly rate of 0.914. Moreover, the elastic-
ity of the contact rate with respect to market tightness, (1 − σ), is 0.366. In our
sample, the standard deviation of the log of market tightness is 0.456. Putting these
two numbers together, we conclude that one standard deviation increase in the log

10We note that our estimates for individual characteristics mimic the findings in Barnichon and
Figura (2017).
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of market tightness from its sample mean increases vacancy contact rate by 16.7%.
Overall, our estimates are statistically significant at conventional levels.

To conduct an overall assessment of the fit our model, we compare the monthly
job finding probabilities fitted from our model against those directly measured from
the data. As in the literature, we calculate a direct measure of job finding rate as the
share of the unemployed who find a job within a month. In Figure 1, we plot the
both of these measures by unemployment duration on. Overall, our model tracks the
job finding rates by duration very closely even at longer durations where we have
fewer observations.
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Figure 1: Model Fit by Unemployment Duration

Motivated by the randommatching assumption, we used aggregate market tight-
ness in our regression. However, in practice the search could be directed and mar-
ket tightness could differ across different labor market segments. As a robustness
check, we ran our regression using market tightness by region and occupation using
disaggregated HWOL data and we then used this series in place of the aggregate
market tightness.11 We obtain very similar estimates with one exception when we
use disaggregated market tightness data: our estimate for matching function elas-
ticity with respect to market tightness decreases from 0.366 to 0.205. The decline
in this parameter estimate echoes the result in Barnichon and Figura (2015) and our

11We follow Barnichon and Figura (2015) to define occupation classes and regions.
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point estimates are remarkably similar. We present the other parameter estimates in
the Appendix.

4 Counterfactual Analysis

In this section, we analyze the role of each channel that causes duration dependence
comparing the job finding rates by unemployment duration under certain parameter
restrictions. Because we are ultimately interested in job finding rates by unemploy-
ment duration, we perform these comparison at a steady state equilibrium by fixing
the value of the cost of vacancy posting: that is, κ(t) = κ̄. However, we also ana-
lyze the effect of changes in market tightness on job finding rates by changing the
value of κ̄.

4.1 Calibrated Parameters

We do not have an estimate for three parameters of our model: λ, κ̄, and J̄ . First,
the job separation rate, λ, does not enter into our likelihood function. For the coun-
terfactual analysis in this section, we set its value to 0.017 so that the steady state
unemployment is 6%. Second, the steady state equilibrium value of the market
tightness, θ̄, depends on the ratio of κ̄ to J̄ from equations (11) and (12) given the
distribution of the resume values over the unemployed workers. In the following,
we normalize the value of J̄ to 1 and set κ̄ to 0.346. This value implies that the log
of the equilibrium market tightness is equal to −0.663, which corresponds to the
mean value we observe in the data.

There are observed individual heterogeneities in the data, which we assumed
away in the theoretical model. Our estimate for the scale parameter of the matching
function, η, is precisely for an individual with observed characteristics represented
with a zero vector. Therefore, we adjusted the value of η so that the average monthly
job finding probability matches its corresponding value in the data, f̄ , which is equal
to 0.231.12 The implied value of log(η) is 0.115. Table 3 summarizes our calibration.

12In the data, the maximum unemployment duration is top-coded at 104 weeks, or 24 months.
In our simulation, we allowed for unemployment duration longer than this to calculate equilibrium
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Parameter Value Target

λ: Separation rate 0.017 u = 0.060

κ̄: Cost of vacancy posting 0.346 log(θ̄) = −0.663

J̄ : Match surplus value 1.000 Normalization
log(η): Matching function Scale 0.115 f̄ = 0.231

Table 3: Calibrated Parameters.

For the other parameters, we used our point estimates from the previous section.
In Figure 2, we plot the job finding probability within a month by unemploy-

ment duration from our simulated model against our fitted job finding rates from
the CPS data. This comparison gives us an idea about the contribution of observed
individual heterogeneity to unemployment duration dependence. From the simu-
lated data, we have calculated the job finding rates at short time intervals whereas
the unemployment duration measured in CPS represents a bracket. For example,
the first bracket includes the individuals who have been unemployed for less than
a month. For comparability, we plot job finding probabilities from our simulated
model starting from unemployment duration at the middle of the first month.

An inspection of Figure 2 reveals that observed individual heterogeneity plays a
significant role in explaining the negative duration dependence. As we move from
the shortest duration to the longest duration in the CPS data, the job finding proba-
bility within a month is four times lower. In our simulated data, it only goes down
by half. These numbers suggest that about half of the duration dependence is at-
tributable to observed differences in job finding rates. Our following analysis fo-
cuses on the remaining part.

4.2 Skill Decay, Statistical Discrimination, andUnobservedHet-
erogeneity

In this section, we calculate job finding rates by duration by setting the values of
δ and α to zero in turn to evaluate their impact on duration dependence together

market tightness more precisely. For comparability, we match the average job finding rate among
those who are unemployed less than 24 months.
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Figure 2: Monthly Job Finding Probabilities by Unemployment Duration: Simu-
lated vs. Fitted

with unobserved heterogeneity. Changing the model parameters has two effects.
First, there is direct effect on individual job finding rates through changes in resume
values. Second, changes in the distribution of resume values affects the equilibrium
market tightness. To better understand the role of direct and equilibrium effects, we
perform two different analysis. In the first, we change the cost of vacancy posting
in a way in which the equilibrium market tightness remains the same and we assess
only the direct effect on duration dependence. In the second analysis, we keep the
cost of posting a vacancy constant and we calculate the new equilibrium market
tightness.

Figure 3 shows the decomposition of duration dependence under the assump-
tion that market tightness remains the same. Our results suggest that the statistical
discrimination channel is the dominant factor in explaining the negative duration
dependence. When we eliminate statistical discrimination by setting α to zero, the
black solid line in the figure, the job finding probability for the long-term unem-
ployed jumps from 0.15 to 0.30 compared to 0.35 for the recently unemployed. On
the other hand, eliminating skill depreciation, the dashed red line, improves job
finding rates at short term duration while leaving that of long-term unemployed
marginally changed. When both parameters are set equal to zero, the dotted green
line, we have only the composition effect due to unobserved heterogeneity gener-
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Figure 3: Counterfactual Monthly Job Finding Probabilities by Unemployment Du-
ration with Constant θ̄.

ating negative duration dependence. Taken altogether, the statistical discrimination
channel explains 75% of the decline in job finding probability moving from short
term to long term unemployment duration while the remaining is mainly attributable
to composition effect.
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Figure 4: Counterfactual Monthly Job Finding Probabilities by Unemployment Du-
ration with Constant κ̄.

25



Outcome Calibrated
Interview
Subsidy

ū: Unemployment rate 0.060 0.027
log(θ̄): Market tightness −0.663 0.580
f̄ : Average monthly job finding probability 0.231 0.454
Cost of vacancy posting per hire 0.688 1.000
Average interview cost per hire 0.312 0.521

Table 4: Subsidizing Interview Costs.

When we allow the market tightness to change, we obtain similar results. Figure
4 shows our results. In panel A, we draw the actual job finding probability under
each parameter restriction and in panel B we plot job finding probability relative
to the recently unemployed. Shutting down statistical discrimination channel alone
causes a larger increase in equilibriummarket tightness than eliminating skill depre-
ciation. Nonetheless, the relative changes in job finding probabilities by duration
mimic our findings in Figure 3 with constant market tightness.

From a policy standpoint, our decomposition analysis suggests that eliminating
statistical discrimination would improve job finding rates significantly. To get an
idea about the cost of such a policy, assume that firms still face interview costs but
are fully subsidized so that they indiscriminately interview every applicant. Table
4 shows the effect of such an interview subsidy on the equilibrium. In the first
column we report the selected equilibrium outcomes at the calibrated parameter
values. The cost of vacancy posting and interviewing are equal to 0.688 and 0.312
per hire, respectively.13 Note that they add up to 1, the match surplus value J̄ , from
the free entry condition. In the second column, we report equilibrium outcomes
with hiring subsidy. In this case, the unemployment rate, ū, falls from 6% to 2.7%,
the log of market tightness, log(θ̄) increases from −0.663 to 0.580 and average job
finding rate, f̄ , increases from 0.231 to 0.454. Because firms effectively only pay
for posting a vacancy, the free entry condition implies that its value per hire is equal

13Jarosch and Pilossoph (2019) choose their interview cost parameter as 10% of the flow value of
output, y. Moreover, the surplus value, J̄ , is 65% of y in their equilibrium. If we also assume that
same ratio between J̄ and y, then the average interview costs incurred in our model is about 20% of
y, which is twice as much compared to Jarosch and Pilossoph (2019).
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to J̄ = 1. However, interview cost per hire, which are now subsidized, increases by
about 67% to 0.521. Overall, the interview costs that firms face are large and deter
many of them from interviewing long term unemployed workers.

4.3 Duration Dependence and Market Tightness

We have not yet discussed how duration dependence changes with market tightness.
In Figure 5, we plot job finding probabilities relative to the recently unemployed for
low and high market tightness values under various parametrizations. Low and high
market tightness values correspond to two standard deviation from the mean value
of log market tightness in the data. For each calculation, the underlying assumption
is that κ changes in a way that the prevailing steady state market tightness is equal
to either low or high market tightness.
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Figure 5: Relative Monthly Job Finding Probabilities by Unemployment Duration
for Different θ̄.

Panel A in Figure 5 depicts unemployment duration dependence for low and
high θ̄ when δ, α, and ∆p are set to their calibrated values. We see that duration
dependence is stronger when market tightness is higher for short durations, but the
relationship reverses after the seventhmonth. Abbring, VanDen Berg, andVanOurs
(2001) find a similar result in their study where they analyze the contribution of inci-
dence of unemployment and unemployment duration to the fluctuations in aggregate
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unemployment rate.14 In their analysis, they employ a flexibly parametrized reduced
form model to estimate job finding rates from the monthly CPS data covering the
period from 1968 to 1992. They capture the response of the job finding rates at dif-
ferent durations to business cycle fluctuations by a full set of interaction variables of
duration and calendar time variables along with Help Wanted Index (HWI), which
was an earlier version of HWOL that was in use before the Internet. They propose
that a model with unobserved heterogeneity, or sorting in their terminology, and
ranking of unemployed workers by duration as in Blanchard and Diamond (1994)
can explain this asymmetry in duration dependence.

Our model provides an alternative explanation. To understand the dynamics
behind the asymmetric response of duration dependence to market tightness, we
set both δ and α to zero and we plotted the relative job finding probabilities only
in the presence of unobserved heterogeneity in panel D of Figure 5. Compared to
panel A, the difference in duration dependence under low and high θ is now starker
and the relationship reverses at a longer duration. When market tightness is high,
the overall job finding rate is also high and high-skilled workers leave the pool
relatively quickly compared to the market equilibrium with low-market tightness.
Because the unemployment pool deteriorates relatively quickly, the duration depen-
dence is steeper at short durations. However, after some point, the unemployment
pool becomes relatively more homogeneous and heavily populated with low-skilled
workers. The crossing of the curves in panel D of Figure 5 implies that job finding
probability increases proportionally more for the low-skilled workers.

Statistical discrimination makes the difference between duration dependence at
high- and low-market tightness even bigger. We show this in panel B of Figure 5,
where we set α to its estimated value while keeping δ = 0. There are two forces
behind this result. First, when market tightness is low, resume values decline more
slowly with unemployment duration and probability of receiving an interview does
not fall too quickly with unemployment duration. Second, when α > 0, even high-
skilled workers face declining job finding rates and hence they remain longer in the

14Our plots in Figure 5 corresponds to Figure 10 in their working paper version, Abbring, Van
Den Berg, and Van Ours (1999), with the exception that they plot relative job finding probabilities
on a log scale.
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unemployment pool. Compared to the case when α = 0, the unemployment pool
has relatively more skilled workers at longer durations. Consequently, the propor-
tionally stronger response of low-skilled workers at long duration does not show up
in panel B of Figure 5. To illustrate our point, we plot the resume values, which also
show the proportion of high-skilled workers, by duration in Figure 6 for each case
in Figure 5.
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Figure 6: Resume Values by Unemployment Duration for Different θ̄.

Panel A of Figure 5 suggests that the duration dependence does not changemuch
over the business cycle. Both the composition effect and the statistical discrimina-
tion channels imply a stronger response to the business cycle fluctuations. We ob-
tain muted response of duration dependence to changes in market tightness in panel
C of Figure 5, where we set δ to its calibrated value and α to zero. In this case,
the duration dependence at short durations is indistinguishably similar at low- and
high-market tightness equilibria. We can explain the underlying mechanism with
the resume values in panel C of Figure 6. When there is skill depreciation, regard-
less of the market tightness, the resume values and the share of high-skilled workers
decline relatively quickly. By five months of unemployment duration, the share of
high-skilled workers is below 10% even when the market tightness is low. Conse-
quently, duration dependence flattens out in either case. We still see the asymmetry
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of duration dependence at short and long durations because the job finding probabil-
ity of low-skilled workers increases proportionally more when the market tightness
increases.

We conclude that shutting down statistical discrimination has a greater impact
on job finding probability of long-term unemployed workers, but skill depreciation
channel is more important to capture the cyclical behavior of duration dependence.

5 Conclusion

We study unemployment duration dependence in a random matching model with
worker heterogeneity in terms of their skill to turn interviews into hires. Apart from
the composition effect, the model displays negative duration dependence due to skill
depreciation and statistical depreciation. We estimate our model using micro-level
data from CPS via maximum likelihood. Our identification relies on the fact that the
statistical discrimination is weaker when the market tightness is low whereas skill
depreciation is independent of the aggregate labor market conditions.

We find that shutting down statistical discrimination alone improves the job find-
ing rates of the long-term unemployed relative to a recently unemployed by 75%.
The corresponding number for skill depreciation is negligible. We also find that the
duration dependence relationship changes only slightly in response to a change in
the market tightness. Our counter-factual exercise suggests that this result is mainly
driven by skill depreciation in that average resume values and the share of high-
skilled workers quickly become relatively small, regardless of the market tightness.

Our results also suggest that the interview costs that firms face are large and this
deters many of them from interviewing long-term unemployed workers in equilib-
rium. If firms are fully subsidized for their interview costs, then the unemployment
rate declines from 6% to 2.7% as a result of increased job finding rates but this out-
come comes at a large cost. The total interview costs the economy incurs increases
by 67%.

Our conclusion with respect to the role of statistical discrimination in explaining
the negative duration dependence is in contrast to the findings in Jarosch and Pilos-
soph (2019). Although these two models have several features in common and they
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closely capture the duration dependence relationship in the data, they have different
mechanisms to generate statistical discrimination. Wemotivate the idea of statistical
discrimination by the variation in interview costs, whereas statistical discrimination
is due to the variation in minimum hiring requirements in Jarosch and Pilossoph
(2019). Examining the quantitative role of each type of variation in accounting for
statistical discrimination is an important future research topic.
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6 Appendix

6.1 Derivation of Resume Updating Rule

Consider the Bayesian updating rule in discrete time for an unemployed worker in a
short time interval [τ, τ+dτ ]. To simplify the notation, let us suppress the dependence
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of the hazard rates on calendar time and write the Bayesian updating rule as:

r(τ+dτ) =
r(τ) exp(−γdτ − h(τ |H)dτ)

r(τ) exp(−h(τ |H)dτ) + (1− r(τ)) exp(−h(τ |L)dτ)
.

For small dτ , we can write this equation approximately as:

r(τ+dτ) =
r(τ)(1− γdτ)(1− h(τ |H)dτ)

r(τ)(1− h(τ |H)dτ) + (1− r(τ))(1− h(τ |L)dτ)
.

Subtracting r(τ) from both sides and after re-arranging, we obtain:

r(τ+dτ)− r(τ) =
r(τ)dτ(−γ − (1− r(τ))(h(τ |H)− h(τ |L))− γh(τ |H)dτ)

r(τ)(1− h(τ |H)dτ) + (1− r(τ))(1− h(τ |L)dτ)
.

Dividing both sides by dτ and taking the limit as dτ → 0, we obtain:

dr(τ)

dτ
= −r(τ)(γ + (1− r(τ))(h(τ |H)− h(τ |L))).

Using the expression for job finding rates in equation (7), we obtain the resume
updating rule in equation (8).

6.2 Market Tightness by Occupation and Region

Tables 5 and 6 show our estimation results using market tightness data calculated
separately for occupation classes and regions. Following Barnichon and Figura
(2015), we define four occupation classes and nine regions. The occupation classes
are SOC 2010 high-level occupation groups: professional and managerial, personal
services, sales and office support, and production. For regions, we use nine census
divisions. Vacancy data comes from HWOL database and is seasonally adjusted.
We calculated monthly series for the total number of unemployed for each occupa-
tion and region group from basic monthly CPS files. We use Census X-ARIMA suit
to seasonally adjust these series. Then, we calculate market tightness as the ratio of
total vacancies to total unemployed.

Our estimation results are quite similar to main text except for the elasticity of
matching function, (1 − σ). Because the mean value of market tightness is not
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Variable Estimate χ2 p-value

δ: Skill Depreciation 0.183 12.083 0.000
α: Statistical Discrimination 0.593 111.147 0.000
∆p: Interview success probability (difference) 0.255 1468.952 0.000

Table 5: Maximum Likelihood Estimation Results for the parameters governing duration depen-
dence. Market tightness is calculated separately for occupation and region groups.

Variable Estimate Standard Error p-value

log(η): Scale −0.135 0.078 0.083
1− σ: Elasticity 0.205 0.027 0.000

Table 6: Maximum Likelihood Estimation Results for Matching Function. Market tightness is
calculated separately for occupation and region groups.

zero, the estimate of the scale parameter, log(η), is also different. Barnichon and
Figura (2015) argues that the decline in elasticity of matching function implies that
heterogeneities in the labor market is pro-cyclical.

Variable Estimate χ2 p-value

δ: Skill Depreciation 0.232 11.321 0.000
α: Statistical Discrimination 0.587 98.419 0.000
∆p: Interview success probability (difference) 0.189 1234.916 0.000

Table 7: Maximum Likelihood Estimation Results for the parameters governing duration depen-
dence. We use aggregate market tightness, but our sample covers the period from May 2005 to
December 2016 for comparability.

Variable Estimate Standard Error p-value

log(η): Scale −0.050 0.052 0.056
1− σ: Elasticity 0.304 0.014 0.000

Table 8: Maximum Likelihood Estimation Results for Matching Function.

Note also that our disaggregated data for HWOL starts in May 2005. For com-
parability, we also provide estimation results using aggregate market tightness for
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the same period in Tables 7 and 8. The estimate is of (1− σ) is similar to the main
text, which implies that the change in the estimate of this parameter is not due to the
time frame we study. We also find that α is closer to our main estimate in Table 5,
although δ and ∆p are slightly different.
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