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INTERNATIONAL ECONOMIC REVIEW
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STATISTICAL DISCRIMINATION AND DURATION DEPENDENCE IN A
SEMISTRUCTURAL MODEL∗

By Ismail Baydur and Jianhuan Xu

Singapore Management University, Singapore

This article develops a job-search model with unobserved worker heterogeneity and learning about worker
types from unemployment duration. The model features negative duration dependence that stems from unob-
served heterogeneity, skill depreciation, and statistical discrimination. We estimate job-finding rates implied by
our model using microlevel data from the Current Population Survey. We find that removing interview costs
counterfactually, thereby eliminating statistical discrimination, substantially increases the job-finding rates of
the long-term unemployed. The performance of low-skill workers at the interview stage with discriminating
firms plays a key role in explaining our counterfactual result.

1. introduction

The fraction of the unemployed who find a job within a month falls dramatically by unem-
ployment duration. This feature of the U.S. labor market, which is referred to as negative du-
ration dependence, has been studied by a large body of literature. More recently, Kroft et al.
(2013) show in an experimental study with fictitious resumes that the callback rates to an in-
terview decline with unemployment duration. This phenomenon, called statistical discrimina-
tion, could be an important source in explaining the large difference between short- and long-
term job-finding rates.

In this article, our goal is to study statistical discrimination in a job-search model and quan-
tify its contribution to the negative duration dependence for the U.S. economy. To this end, we
develop a job-search model where workers randomly meet with vacancies at an exogenously
given rate. However, matching does not guarantee hiring. Firms matched with a worker de-
cides whether to go through an interview process, and hiring occurs only if the outcome of
the interview is successful. The outcome of the interview is a random event. At the interview
stage, the matched pair randomly draws match-specific productivity and the firm hires the
worker only if this random draw is above a minimum productivity level required for a match
to be viable.

There are two worker types, which we call high-skill and low-skill. A high-skill worker
draws match-specific productivity from a distribution that first-order stochastically dominates
that of a low-skill worker so that he is better at turning interviews into job offers. Worker
types are not constant over time. High-skill workers lose their abilities and become low-skill
at a constant rate as they remain in the unemployment pool; that is, they experience skill
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2 baydur and xu

depreciation. Similarly, low-skill workers become high-skill at a constant rate while employed;
that is, they experience on-the-job learning.

A key feature of our model is hiring firms do not observe a worker’s true type, but they
can infer the probability that the worker is high-skill from his most recent 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-skill workers and
interview applicants only if the prospects are favorable relative to the cost of the interview.
There are two types of firms: discriminating and nondiscriminating. A discriminating firm
draws a random interview cost and selectively interviews the applicants, whereas a nondis-
criminating firm interviews every applicant at zero cost.1 Because more low-skill workers are
present at longer durations, discriminating firms are less likely to interview the long-term
unemployed, which leads to statistical discrimination in our model.

To measure the importance of statistical discrimination, we consider the counterfactual job-
finding rates after removing the interview costs so that every firm indiscriminately interviews
every applicant. We calculate the percentage increase in the long-term job-finding rates rel-
ative to the baseline equilibrium with statistical discrimination and use this metric to assess
the importance of statistical discrimination. We show this metric is the product of two ratios:
(i) the share of discriminating firms relative to that of nondiscriminating firms, and (ii) the
interview success probability of a low-skill worker with a discriminating firm relative to that
with a nondiscriminating firm. Intuitively, discriminating firms very rarely interview the long-
term unemployed workers in the baseline equilibrium, because these workers are mostly low-
skilled. The first ratio determines the percentage increase in the probability of getting an in-
terview for a long-term unemployed worker after removing the interview costs. However, the
overall increase in the long-term job-finding rates also depends on how the low-skill workers
perform at these interviews with the discriminating firms, which is not possible in the baseline
equilibrium due to statistical discrimination. The second ratio captures this second effect. For
statistical discrimination to have a big impact on the long-term job-finding rates, our metric
requires both a large share of discriminating firms and a high success probability for the low-
skill workers with these firms.

Our model delivers a parametric hazard model for job-finding rates. We obtain a reduced-
form representation of these job-finding rates and estimate its parameters via maximum like-
lihood using individual-level data from the Current Population Survey (CPS). An advantage
of our reduced-form approach is that one of the reduced-form parameters corresponds to the
metric we defined in the previous paragraph to measure the importance of statistical discrimi-
nation. This feature allows us to estimate the impact of removing interview costs without hav-
ing to identify the underlying structural model parameters. We provide a formal discussion
about identification of this parameter. Our key insight is that the higher the job-finding rate
of a medium-term unemployed worker relative to that of a long-term unemployed worker, the
higher the value of this parameter.

Intuitively, both the medium- and long-term unemployed workers are predominantly low-
skill workers, and in either case, most of the hired workers are low-skill workers.2 There-
fore, the difference between their job-finding rates is largely driven by the type of the hir-
ing firm. Nondiscriminating firms interview everyone, but a medium-term unemployed worker
has a greater chance of being interviewed by a discriminating firm, because this group has rel-
atively more high-skill workers. If a large difference exists between the medium- and long-
term job-finding rates, a sizable amount of discriminating firms must be present. This require-
ment alone is not sufficient, because the job-finding rates also depend on the outcome of these
interviews. Recalling that medium-term unemployed workers are mostly low-skill workers, a

1 In the data, the job-finding rates approach a value that is significantly greater than zero. We capture this feature of
the data in our model with the nondiscriminating firms.

2 As a point of reference, we consider six months as medium term. Based on our estimates, the share of high-
skill workers at this unemployment duration is only about 10%. The longest reported unemployment duration is
24 months (104 weeks) in our sample.
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statistical discrimination 3

large difference also requires that low-skill workers have a good chance of forming a produc-
tive match with discriminating firms. Noting the reduced-form parameter governing the im-
portance of statistical discrimination also depends on these two criteria, we conclude that the
difference between the medium- and the long-term job-finding rates is informative about the
importance of statistical discrimination in accounting for the declining job-finding rates by un-
employment duration.

The reduced-form parameter estimate for the impact of statistical discrimination is 1.716,
which indicates that the long-term job-finding rates increase by 171.6% in the absence of in-
terview costs. This estimate, which implies almost a threefold increase, is statistically signifi-
cant at conventional levels and robust to various sample restrictions. Consistent with our intu-
ition above, the difference between medium- and long-term job-finding rates is sizable. At the
estimated parameter values and after removing the effects due to observed heterogeneities,
the job-finding rate at six months of unemployment duration is about 40% higher than that of
24 months of unemployment duration.

To understand the model mechanism, we recover the structural model parameters from the
reduced-form parameter estimates. In the baseline equilibrium, the average job-finding rates
monotonically decrease from 0.506 to 0.121 over the course of 24 months, implying about a
40-percentage-point difference between a recently unemployed and a long-term unemployed
worker. When discriminating firms can also freely interview every applicant, we find the job-
finding rate of a long-term unemployed worker increases by about 20 percentage points to
0.326, whereas the job-finding rate of a recently unemployed worker increases marginally to
0.515. We conclude that statistical discrimination alone accounts for half of the original differ-
ence in job-finding rates. The interview success probability of the low-skill workers with the
discriminating firms plays an important role in driving this result. Our estimates imply this
probability is roughly equal to half of the interview success probability of a high-skill worker
with a discriminating firm, but it is still significantly greater than zero.

In a recent paper, Jarosch and Pilossoph (2019) similarly study the effects of statistical dis-
crimination on job-finding rates of long-term unemployed workers. Contrary to our findings,
they argue that eliminating statistical discrimination does not have any significant effect on
the job-finding rates of long-term unemployed workers. Motivated by the findings in Kroft
et al. (2013), they also work with a structural model in which firms make explicit interview
decisions. They assume that firms have minimum hiring requirements and are heterogeneous
with respect to these requirements. Interview probability in their model falls with unemploy-
ment duration because workers at the bottom of the skill set are less likely to satisfy these
requirements. Therefore, these workers remain in the unemployment pool longer. Conse-
quently, only a small fraction of the firms actually find value in interviewing the long-term un-
employed.

The implied interview success probabilities take a stark form in Jarosch and Pilossoph
(2019), particularly for low-skill workers who are more likely to be long-term unemployed.
They fail their interviews with most firms because of their strict minimum skill requirements,
and regardless of their unemployment duration, they are hired predominantly by the firms
that have no skill requirement and indiscriminately interview everyone. When they remove
the interview cost, low-skill workers see a large increase in their interview rates but fail to sat-
isfy the skill requirement for most of these additional interviews. This specification is different
from ours, where low-skill workers can convert these additional interviews to actual job offers
with a probability that is not necessarily equal to 0.

Our model can be viewed as introducing randomness at the interview stage in addition to
the skill requirements imposed by the production function. Our approach is to parameterize
this process in a way that allows for the specification in Jarosch and Pilossoph (2019), and
estimate it directly from the data. We are able to generate their main result by making the
interview success probability of low-skill workers with discriminating firms small, but the data
do not support this parameter restriction. Consequently, we reach a very different conclu-
sion regarding the role of statistical discrimination. We illustrate our point more formally by
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4 baydur and xu

writing the job-finding rates in our model in a more general form which also nests the job-
finding rates in Jarosch and Pilossoph (2019).

Our modeling approach for skill heterogeneity in forming a productive match and learn-
ing from employment histories is based on the theoretical work of Gonzalez and Shi (2010).
Building on their framework, Doppelt (2016) and Fernandez-Blanco and Preugschat (2018)
stress the importance of unobserved heterogeneity and learning in accounting for negative du-
ration dependence in an equilibrium model. Doppelt (2016) infers the role of statistical dis-
crimination by comparing the job-finding rates in a benchmark equilibrium with incomplete
information and learning about worker types to that in an equilibrium with full information.
Fernandez-Blanco and Preugschat (2018) compare job-finding rates in a nonsequential search
framework with the optimal ranking of applicants based on their unemployment duration
with a counterfactual setting in which firms are forced to test every applicant for suitability
for the job. Despite methodological differences, both papers find that statistical discrimination
plays an important role in generating heterogeneity in job-finding rates.3

Alvarez et al. (forthcoming) decompose duration dependence in an optimal stopping time
model. Duration dependence at the individual level is captured by two distinct parameters.
Unlike our model, which contains only two worker types, many distinct worker types can ex-
ist in their model, and these types can be nonparametrically estimated provided that at least
two spells of unemployment of the same individual are observed. Using microlevel data from
Austria, they show unobserved heterogeneity is a critical source in explaining duration depen-
dence. However, their model does not feature statistical discrimination.

Our article is also related to a recent literature that studies the role of heterogeneity in es-
timating an aggregate matching function. Using microlevel CPS data, Barnichon and Figura
(2015) and Hall and Schulhofer-Wohl (2018) find unemployment duration is an important de-
terminant of job-finding rates. However, both papers treat unemployment duration as an ex-
planatory variable. We address a more fundamental question in this article related to sources
of negative duration dependence.

The rest of the article is organized as follows: The next section describes our model. We
then describe our data set and estimation procedure. In Sections 4 and 5, we study the equi-
librium properties of our model and perform our counterfactual analysis, respectively. The
last section concludes.

2. model

2.1. Environment. The economy is populated by infinitely lived risk-neutral workers with
a unit measure and a large number of risk-neutral firms. Time is continuous and the discount
rate is ρ > 0. In what follows, we focus on a stationary equilibrium.

At any instant, a worker can either be employed or unemployed. An employed worker en-
gages in production and becomes unemployed at a constant rate δ > 0. While employed, he
cannot search for a job. An unemployed worker searches for a job in a frictional labor mar-
ket where job opportunities arrive at an exogenously given rate η. To be hired by a firm, an
unemployed worker needs to not only meet a vacancy but also go through an interview pro-
cess with the firm. Hiring occurs only if the outcome of the interview is successful in that the
matched worker–firm pair generates a positive surplus. Output in a match depends on match-
specific productivity, y. This match-specific productivity is randomly drawn at the interview
stage and remains constant thereafter. Firms have a minimum productivity requirement in
that the match-specific productivity draw must be sufficiently large for the worker to be hired.

Workers are heterogeneous with respect to their skills. Each worker can be one of the
two possible types, H and L, which we call high-skill and low-skill workers, respectively. A

3 In a related paper, Kospentaris (2021) finds that unobserved heterogeneity is more important than skill loss
in accounting for duration dependence although he does not provide a separate measure for the role of statistical
discrimination.
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statistical discrimination 5

high-skill worker is not only more productive but also draws match-specific productivity from
a distribution that first-order stochastically dominates that of a low-skill worker. The latter of
these assumptions implies a high-skill worker is more successful at the interview stage than a
low-skill worker. A worker’s skill type may change over time. While unemployed, a high-skill
worker loses his skills at a constant rate γ ≥ 0 (e.g., skill depreciation), and becomes low-skill.
A low-skill worker, on the other hand, becomes high-skill while employed (e.g., on-the-job
learning) at a constant rate σ ≥ 0.

Hiring firms cannot observe the true skill type of an unemployed worker, but only his cur-
rent unemployment duration, τ . Let r(τ ) denote the proportion of high-skill workers at unem-
ployment duration τ . We call r(τ ) the resume of the worker. The resume values change with
unemployment duration because workers are heterogeneous with respect to their skills. Firms
factor this information into their interview decisions, where they compare the expected value
from interviewing a candidate with its cost.

Firms are heterogeneous in terms of their interview technology. There are two types of
firms. α fraction of the firms face interview costs and may decide not to interview the appli-
cant, whereas the remaining (1 − α) fraction of the firms can costlessly interview every ap-
plicant. By construction, only the former type of firms statistically discriminate against un-
employed workers at the interview stage. Therefore, we refer to these firms as discriminating
and nondiscriminating firms and denote them with D and N, respectively. We also allow the
match-specific productivity distributions and the minimum productivity requirements to possi-
bly depend on the firm type.

2.2. Match Surplus. We assume the following “up-to-task” production function for s =
{H,L} and j = {D,N}:

f s
j (y) =

{
xs + y, if y ≥ ȳ j

0, otherwise,
(1)

where ȳ j is an exogenously given firm-specific minimum productivity requirement for a match
to be viable and xH > xL are skill-specific productivity levels. We further assume ȳ j + xs is suf-
ficiently larger than the flow value of unemployment, b, for all the possible combinations of s
and j so that a match is formed as long as y ≥ ȳ j.

We allow the distribution of y to depend on both firm type and worker type. Let ψ s
j (y) de-

note the cumulative density function of the match-specific productivity distribution for worker
s and firm j. First-order stochastic dominance implies that ψH

j (y) ≤ ψL
j (y) with strict inequal-

ity for some y. In particular, we assume ψH
j (ȳ j ) < ψL

j (ȳ j ) for at least one of j = {D,N}, so
that a high-skill worker is relatively more successful at the interview stage with at least one of
the firm types. In what follows, we refer to this conditional probability as the interview success
probability and denote it as ps

j = 1 − ψ s
j (ȳ j ).4

Because labor markets are frictional, a firm–worker match creates a surplus. We assume the
firm gets the entire surplus value (e.g., workers have no bargaining power). Under this as-
sumption, the wage rate is equal to b. We further normalize the value of an open position to
0.5 The value of a filled position at a firm of type j with a high-skill worker, JH

j (y), and with a
low-skill worker, JL

j (y), satisfies the following Bellman equations, respectively:

ρJH
j (y) = y + xH − b − δJH

j (y),(2)

ρJL
j (y) = y + xL − b − δJL

j (y) + σ
(

JH
j (y) − JL

j (y)
)

(3)

4 Our specification for forming a productive match is similar to Gonzalez and Shi (2010) except that the output is
higher in expectation for a high-skill worker conditional on firm type.

5 This assumption is consistent with the free-entry condition in the standard Diamond–Mortensen–Pissarides
matching model.
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6 baydur and xu

for y ≥ ȳ j. Intuitively, a filled position is an asset for the firm, and its discounted value, ρJs
j (y),

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 + xs − b), and the job becomes vacant at rate δ, in which case the
firm loses Js

j (y). In the case of a low-skill worker, an additional term reflects gains from be-
coming a high-skill worker while employed for the same firm. After rearranging Equations (2)
and (3), we obtain:

JH
j (y) =

⎧⎨
⎩

y + xH − b
ρ + δ

, if y ≥ ȳ j

0, otherwise,
(4)

and

JL
j (y) =

⎧⎨
⎩

(ρ + δ)(y + xL − b) + σ (y + xH − b)
(ρ + δ)(ρ + δ + σ )

, if y ≥ ȳ j

0, otherwise.
(5)

The match surplus not only directly depends on the worker’s skill type via his productivity
at a given match, but also indirectly via the distributional assumptions on y. We explain how
the match surplus affects interview decisions of D-type firms in the next section.

2.3. Interview Decisions and Job-Finding Rates. Conditional on matching with a worker,
N-type firms interview every applicant at no cost, whereas D-type firms draw a random in-
terview cost. The interview takes place only if the D-type firm pays the interview cost. For
both types of firms, 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, a D-type firm may opt not to interview the applicant at all.

Specifically, each D-type firm matched with a worker randomly draws a cost for interview-
ing the applicant, κ , from a fixed distribution with a cumulative distribution function C(κ ). At
this stage, the firm observes the resume value of the applicant. Without knowing his true skill
type, the firm decides whether to pay the cost and interview the applicant or continue search-
ing for alternatives. If the firm eventually decides to interview the applicant, the worker–
firm pair learns the productivity of their match. For a given firm type j, a high-skill worker
draws y ≥ ȳ j with probability pH

j , in which case an employment relationship is formed and the
firm–worker pair starts producing. Otherwise, with probability 1 − pH

j , hiring does not occur.
A low-skill worker draws y ≥ ȳ j with probability pL

j . Our assumption regarding first-order
stochastic dominance ensures that pL

j < pH
j for at least one firm type. Furthermore, the skill-

specific average match surplus conditional on hiring, Qs
j, is given by:

Qs
j =

∫
Js

j (y)dψ s
j (y|y ≥ ȳ j ).(6)

When making a decision about interviewing an applicant with a resume value r, a D-type
firm compares the cost of the interview with its expected value, WD(r), which is equal to:

WD(r) = rpH
DQH

D + (1 − r)pL
DQL

D.(7)

We consider productivity distributions that imply QL
j < QH

j < ∞ so that both values are fi-
nite and high-skill workers on average are employed in higher surplus matches. Accordingly,
the expected value of the interview is linear and monotonically increasing in r and the inter-
viewing decision has a cutoff property in that the firm interviews the applicant only if κ <
WD(r). For a worker with resume value r, the probability of being interviewed, conditional
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statistical discrimination 7

on a match, is equal to C(WD(r)), which is also increasing r. In other words, conditional on a
match, workers with high resume values are more likely to be interviewed by D-type firms.6

We further assume the interview cost comes from a uniform distribution between WD(0)
and WD(r̂) for some parameter r̂ ≥ r(0), so the interview probability with a D-type firm is
equal to r(τ )/r̂. Overall, a worker with resume value r(τ ) expects to be interviewed with
probability (1 − α + αr(τ )/r̂). We can write the job-finding rate for an unemployed worker at
duration τ conditional on his true skill type, s = {H,L}, as follows:

λs(τ ) = η[(1 − α)ps
N + αr(τ )ps

D/r̂].(8)

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 of
r, high-skill workers can find jobs faster because they are more likely to form a productive
match at the interview stage.7

2.4. Resume Updating. The resume values correspond to the proportion of high-skill
workers at unemployment duration τ and help firms make an inference about the true skill
type of an unemployed worker from his unemployment duration. Bayesian updating implies
the following updating rule for the resume values at duration τ :

dr(τ )
dτ

= −γ r(τ ) − (1 − r(τ ))r(τ )
(
λH (τ ) − λL(τ )

)
.(9)

We obtain this expression as a limiting case of the Bayes rule in a discrete-time approxima-
tion and defer the details to Online Appendix A.

An important feature of the solution to Equation (9) is that r(τ ) is strictly decreasing in
τ and approaches 0 in the limit. To see this point, note that, by definition, the resume val-
ues cannot be negative or be greater than 1. Suppose further that either r(0) < 1 or γ > 0 (or
both). First-order stochastic dominance implies that (λH (τ ) − λL(τ )) > 0 for any 0 < r(τ ) ≤
r(0). Then, from Equation (9), dr(τ )/dτ is negative for any 0 < r(τ ) ≤ r(0) and it is equal to
0 if r(τ ) = 0. Hence, r(τ ) monotonically decreases from r(0) to 0.8 Intuitively, the high-skill
workers leave the unemployment pool faster, and the unemployment pool is eventually pop-
ulated mostly by low-skill workers. We refer to this fact further below when we analyze coun-
terfactual job-finding rates and discuss identification.

We also show in Online Appendix A that Equation (9) has a solution of the form r = G(τ ),
in which we have a closed-form solution for the inverse of the function G(τ ). This equa-
tion becomes very handy in the estimation part. For example, we are able to address a poten-
tial time-aggregation bias in our estimation without resorting to alternative methods such as
solving a discrete-time approximation of our model.

2.5. Equilibrium. Because the worker types are not observed, it is convenient to define
λr(τ ) as the average job-finding rate at duration τ as follows:

λr(τ ) = r(τ )λH (τ ) + (1 − r(τ ))λL(τ ).(10)

6 As far as the expected value from interviewing a candidate is concerned, one could allow QH
D = QL

D: for exam-
ple, xH = xL and ψ s

D(y)’s are Pareto with the same scale value that is greater than 1 and lower bounds are such that
yL

D
< yH

D
< ȳD. The expected value from interviewing the candidate would still be linear and increasing in r.

7 If we further assume that ψ s
j (y) and ȳ j are the same for j = {D,N}, Equation (8) reduces to a proportional hazard

model with random frailty, which has been extensively studied in the literature.
8 Noting that λs(τ ) in Equation (8) are linear in r(τ ), Equation (9) is a cubic ordinary differential equation, that

is, an Abel equation of the first kind with constant coefficients. Hence, there are two other r(τ ) values that satisfy
dr(τ )/dτ = 0. However, one can show that one of them is greater than 1 and the other one is negative. Therefore,
neither can be a valid resume value.
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8 baydur and xu

Let �(τ ) denote the measure of the unemployed workers at duration τ ≥ 0. We can write
the change in �(τ ) as follows:

d�(τ )
dτ

= −λr(τ )�(τ ).(11)

Equation (11) states that the measure of the unemployed decreases with unemployment du-
ration at a rate given by the average job-finding rate at that duration. This average job-finding
rate depends on the share of the high- and low-skill workers given by the resume value at that
duration. Let us also define the unemployment rate, u, as the integral over all unemployment
durations, that is, u = ∫ ∞

0 �(τ )dτ . We also note the measure of unemployed at τ = 0 is given
by the flow into the unemployment pool: δ(1 − u). With this initial condition, we can solve the
distribution of workers by unemployment duration as

�(τ ) = δ(1 − u) exp
(

−
∫ τ

0
λr(ω)dω

)
.(12)

In the special case in which λr(τ ) is constant, say, λ̄r, Equation (12) and the definition of u
imply λ̄ru = δ(1 − u). Rearranging for u yields an expression for the equilibrium unemploy-
ment rate that is standard in job-search models.

Finally, the calculation of �(τ ) depends on the initial resume value, r(0), which is equal
to the proportion of high-skill workers among employed workers. Its value is determined en-
dogenously in equilibrium and satisfies the following flow equation:

∫ ∞

0
λH (τ )r(τ )�(τ )dτ + σ (1 − r(0))(1 − u) = r(0)δ(1 − u).(13)

The first term on the left-hand side is the flow of high-skill workers from the unemployment
pool, and the second term corresponds to the low-skill employed workers who become high-
skill through on-the-job learning. The right-hand side is the flow of the high-skill workers who
exogenously separate into the unemployment pool.

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

Definition: A stationary equilibrium is a set of job-finding rates, λs(τ ), resume values, r(τ )
and r(0), and a duration distribution of unemployed workers �(τ ) such that:

1. λs(τ ) are given in Equation (8);
2. r(τ ) is updated according to Equation (9), where r(0) satisfies Equation (13); and
3. �(τ ) satisfies Equation (12), where u = ∫ ∞

0 �(τ )dτ .

2.6. Long-Term Job-Finding Rates. We are eventually interested in calculating counterfac-
tual job-finding rates after removing the interview costs for all firms to gauge the effect of sta-
tistical discrimination on long-term job-finding rates. We close this section by deriving an ex-
pression for the increase in long-term job-finding rates after removing the interview costs and
discussing the role of some of the structural parameters.

Recall that the proportion of high-skill workers declines with unemployment duration and
approaches 0 in the limit. Therefore, a long-term unemployed worker with a resume value
close to 0 is very rarely interviewed by D-type firms. Consequently, the job-finding rates
monotonically decrease by unemployment duration to η(1 − α)pL

N as the resume values ap-
proach 0. By contrast, when the interview cost is removed, the job-finding rate approaches
η((1 − α)pL

N + αpL
D), because D-type firms also interview every applicant regardless of their

resume value.
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statistical discrimination 9

We can express the percentage increase in the job-finding rates of the long-term unem-
ployed workers after removing the interview cost as follows:

ζ = α

1 − α

pL
D

pL
N

.(14)

This quantity, denoted by ζ , is a direct measure of the impact of statistical discrimination on
long-term unemployed workers. The first term, α/(1 − α), captures the increase in the number
of interviews for long-term unemployed workers. Holding everything else constant, a larger
share of discriminating firms would be associated with a larger increase in the number of in-
terviews after removing the interview cost.

However, the overall increase in the long-term job-finding rates also depends on how the
low-skill workers perform in these interviews. This effect is captured by the second term,
pL

D/pL
N . In the next section, we directly estimate ζ and test whether it is significantly different

from 0.
We also note our model can reproduce the main finding in Jarosch and Pilossoph (2019).

Setting α to a value that is significantly greater than zero and pL
D to a value that is close to

zero yields a large increase in the number of interviews but virtually no change in long-term
job-finding rates after removing the interview costs. We compare and contrast the two models
in greater detail in Section 5.

3. estimation

In this section, we discuss how we estimate our model using the observed job-finding rates
in the data. We first describe the data set. Then, we derive a reduced-form representation of
the job-finding rates in our model and discuss the identification of its parameters. A key re-
sult is that one of the reduced-form parameters corresponds to ζ in Equation (14), and we are
able to directly estimate the increase in long-term job-finding rates after removing the inter-
view costs.

One of the important aspects of the equilibrium in our model is that calculating the equi-
librium requires the job-finding rates, λs(τ ), which, from Equation (8), depend on interview
success probabilities, ps

j. These probabilities ultimately reflect our assumptions on the produc-
tion function and the productivity distributions. However, one can still calculate the equilib-
rium in our model for a given set of values for ps

j without the full information on these un-
derlying assumptions. Therefore, we use these interview success probabilities in deriving the
reduced-form representation of the job-finding rates in our model. One advantage of this ap-
proach is that we avoid making specific functional-form assumptions about the productivity
distributions.9

3.1. Data Description and Sample Restrictions. We use microlevel data from the CPS ob-
tained from the Integrated Public Use Microdata Series (IPUMS-CPS) database (Flood et al.,
2020). CPS uses rotation groups in which each individual is interviewed for four consecutive
months, not interviewed for eight months, and then reinterviewed for another four months be-
fore leaving the sample. The rotating panel design of CPS allows us to observe the employ-
ment status of each individual next month. In addition, unemployed individuals are asked to
report their duration of unemployment, which allows us to calculate resume values through-
out their current unemployment spell.

We perform a thorough consistency check for the reported unemployment duration in con-
secutive months and removed inconsistent observations, for example, more than a five-week

9 We only maintain that high-skill workers draw from first-order stochastically dominant productivity distributions
so that they are more successful at the interview stage for at least one type of firm, that is, either pH

N > pL
N or pH

D >

pL
D or both.
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10 baydur and xu

increase in the unemployment duration in the next month. Moreover, some unemployed in-
dividuals in our sample move out of the labor force for a month before coming back to the
unemployment pool in the next month. For most of these unemployed individuals, this period
out of the labor force is added in the original data to the unemployment duration reported in
the previous month. We treat the middle month as a classification error and change the indi-
vidual’s employment status in this month to unemployed. We drop the remaining individuals
for whom the unemployment spell is reset to a smaller value.10 We also remove individuals
who move from the out-of-labor force to the unemployment pool for a month and then move
out of the labor force again. By doing so, we focus on individuals who are attached to the la-
bor force.11

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 con-
tain some inconsistent information. Therefore, we drop the individuals 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.

A worker’s age changes while unemployed, but the reference month for the reported age is
the age during the interview and not the age of the worker when he entered the unemploy-
ment pool. For example, if the worker remains in the unemployment pool for two years, his
age is substantially different from 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 in-
dicate 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. Con-
sequently, 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 unemployment spell. We also
dropped individuals whose adjusted age is greater than 384 months, or 55 years, because inter-
view 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) personal ser-
vices, (c) sales and office, and (d) production. The industry variable indicates whether the in-
dividual 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 four-year college degree.
The marital-status variable indicates whether the respondent is married, divorced or widowed,
or never married and single. We excluded family workers and self-employed individuals from
our sample.

IPUMS-CPS provides six categories for the reason for unemployment: (a) job loser or on
layoff, (b) other job losers, (c) end of temporary job, (d) job leaver, (e) new entrant, and (f)
reentrant. Fujita and Moscarini (2017) report that many temporary-layoff workers are called
back by their previous employer, and their duration dependence is different from that of
other workers. Therefore, we exclude the first category from our main analysis.12 Moreover,
new entrants do not report an occupation or industry. Consequently, we do not have any ob-
servations in this category.

Apart from the microlevel CPS data, we obtained state-level vacancy data from the Con-
ference Board’s Help Wanted Online (HWOL) database. These data are only available from
May 2005 to October 2018. Therefore, our main analysis focuses on this time period. We

10 For these individuals, whether they take a short-term job that is not recorded or their employment status has a
classification error and their subsequent unemployment duration has a measurement error is unclear.

11 See Elsby et al. (2015) for their “deNUNification” methodology to adjust for classification error to measure gross
labor market flows.

12 In Online Appendix C, we perform two robustness analyses for this variable. In the first one, we add the tem-
porary layoff category back to our sample. In the second one, we further drop job leavers from the sample, which
may include individuals who have quit into unemployment and think they will be able to quickly find a job. Neither
of these sample restrictions affects our main conclusion.
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statistical discrimination 11

combined these series with the state-level unemployment rate from the Bureau of Labor
Statistics to create time series for market tightness.

We note market tightness enters the estimation as a time-varying regressor. 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 in the IPUMS-CPS database. Even though
we link individuals across different samples, their contribution to the likelihood function is
through this sampling weight.

3.2. Estimation and Identification. We estimate the model parameters by maximizing a
likelihood function based on the job-finding rates in Equations (8) and (9), and observed in-
dividual characteristics. In this subsection, we describe our estimation framework and provide
a detailed discussion about identification.

Parameters assigned via prior information: Although r(0) is determined endogenously in
equilibrium, we take its value as given when we estimate our model. Later, we calibrate the
value of σ , which does not directly affect the job-finding rates, to match the value of r(0) from
Equation (13). As in Jarosch and Pilossoph (2019), we also assume that r(0) = r̂ so that a re-
cently unemployed worker is always interviewed. We directly assign the value of r(0) to be
0.75. Gregory et al. (2021) identify three types of workers based on employment transition
rates in the United States. Of these types, the “gamma” type, which refers to the group of
workers with the lowest job-finding rate, makes up 25% of the recently unemployed workers.
Our benchmark value for r(0) is consistent with their calculations. To ensure that the specific
value of r(0) does not affect our results, we estimate the job-finding rates in our model for a
wide range of values for r(0) in Online Appendix C and confirm that our main conclusion is
robust to the choice of r(0).

Job-finding rates in reduced form: Let us collect the remaining structural parameters into a
few reduced-form parameters and rewrite the job-finding rates for s = {H,L} as follows:

λH (τ ) = η̃[1 + φ + (ζ + ξ )r(τ )/r̂],(15)

λL(τ ) = η̃[1 + ζ r(τ )/r̂],(16)

where we define four reduced-form parameters: η̃, φ, ξ , and ζ . They are related to the struc-
tural parameters as follows:

η̃ = η(1 − α)pL
N,(17)

φ = pH
N

pL
N

− 1,(18)

ξ = α

1 − α

pH
D − pL

D

pL
N

,(19)

and ζ is given in Equation (14). Similarly, we can rewrite the resume-updating rule as follows:

dr(τ )
dτ

= −γ r(τ ) − η̃(1 − r(τ ))r(τ )(φ + ξr(τ )/r̂).(20)
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12 baydur and xu

Because worker types are unobserved in the data, we construct the likelihood function us-
ing the average job-finding rates defined as follows:

λr(τ ) = r(τ )λH (τ ) + (1 − r(τ ))λL(τ )

= η̃{1 + (φ + ζ/r̂)r(τ ) + ξ [r(τ )]2
/r̂}.(21)

Finally, job-finding rates vastly vary by observed individual characteristics. To account for
these differences, we assume that labor markets are segmented as in Barnichon and Figura
(2015), and search efficiency in a market segment depends on observable characteristics that
make the worker more or less likely to make a contact with a firm. Formally, let xi denote a
vector of explanatory variables for individual i. We adopt a standard assumption in the litera-
ture and assume that job opportunities arrival rate is log-linear in xi. Because η and η̃ are pro-
portional to each other in Equation (17), we have the following specification:

η̃i = exp (xiβ),(22)

where β is a vector of coefficients including a constant.13

Equations (20), (21), and (22) form the basis for our estimation which depend on the coeffi-
cient vector β, the reduced-form parameters φ, ξ , and ζ , as well as the structural parameter γ .
The resume values are complex functions of observable characteristics and these parameters.
Their complexity poses a challenge especially for score-vector calculations. We implement
a chain-rule based method in the vein of automatic differentiation techniques, which are
relatively new in the literature. The details of our estimation procedure are available in
Online Appendix B.

Our main parameter of interest is ζ , which measures the increase in long-term job-finding
rates after removing the interview cost. An attractive feature of our estimation is that we are
able to obtain a direct estimate for this measure without pinning down all the structural pa-
rameters and directly test for the significance of statistical discrimination. Therefore, we de-
fer the discussion on how we recover the remaining structural parameters from the reduced-
form parameter estimates until Section 4 and focus on the parameter estimates based on the
reduced-form representation of the job-finding rates in this section.

Identification: One major drawback of relying on numerical methods to estimate our
model is that we are silent on the identification of the model parameters. Given the lack of an
explicit closed-form solution for r(τ ), we are unable to formally prove that the observed data
at our disposal uniquely pins down the model parameters. Furthermore, even if the model
is identified, it is not clear what feature of the data identifies a certain model parameter. To
shed light on these identification issues, our strategy is to obtain an approximation to the re-
sume values which captures the job-finding rates reasonably well for a subset of individuals in
our sample.

The complexity of r(τ ) function is due to the presence of higher-order terms in
Equation (20). However, recall that the resume values are strictly decreasing in unemploy-
ment duration and approach 0 as τ goes to infinity. Hence, for a sufficiently large value of τ ,
we can approximate Equations (20) and (21) by ignoring the second- and third-order terms
in r(τ ). Let τ ∗ denote such an unemployment duration. To simplify our discussion further,
assume that we can group the observations based on a set of dummy variables. Then, for any
τ > τ ∗, we have the following approximation for the job-finding rates:

λr
i (τ ) ≈ η̃i[1 + ri(τ ∗)(φ + ζ/r̂) exp{−(γ + η̃iφ)(τ − τ ∗)}] for τ > τ ∗,(23)

13 There are also time-varying regressors, such as market tightness, in our estimation. To account for their presence,
we slightly change our notation and rewrite Equation (22) in Online Appendix B, where we detail our estimation pro-
cedure.
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statistical discrimination 13

where ri(τ ∗) is the resume value at τ ∗ for observations with xi.14 Equation (23) describes a
fully parametric model of the job-finding rates for τ > τ ∗ and can be used to construct a like-
lihood function. In particular, using the observations with a sufficiently long duration, one can
obtain estimates for β, γ , φ, and ri(τ ∗)(φ + ζ/r̂) following the standard procedures in maxi-
mum likelihood estimation.

Equation (23) is very helpful, because we can now directly observe how the reduced-form
parameters interact with the observed data, which are not possible with Equations (20) and
(21). Given the explicit form in Equation (23), we can explain what data feature identifies
each parameter as follows: First, the job-finding rates of the long-term unemployed work-
ers conditional on individual characteristics identify the coefficient vector β, because λr

i (τ ) in
Equation (23) approaches to η̃i as τ → ∞. Second, γ appears as the coefficient in front of
unemployment duration, whereas φ appears as the coefficient in front of the interaction of
unemployment duration with η̃i. Noting that η̃i depends on observable characteristics from
Equation (22), we conclude that γ is identified by data on unemployment duration, and the
interaction of unemployment duration with the observable characteristics identifies φ.15 This
result is intuitive, because skill depreciation is common to everyone, whereas φ reflects dy-
namic selection and depends on individual characteristics.16

Finally, from Equation (23), the job-finding rates of the unemployed workers with duration
τ ∗ yield an estimate for ri(τ ∗)(φ + ζ/r̂) for each group i. We can write this relationship as fol-
lows:

λr
i (τ

∗)
η̃i

− 1 ≈ ri(τ ∗)(φ + ζ r̂).(24)

At this point, there are two more reduced-form parameters left, ζ and ξ . Note also that
ri(τ ∗) is an endogenous outcome and we cannot separate it from (φ + ζ/r̂) in Equation (24).
However, ri(τ ∗) negatively depends on ξ but does not depend on ζ , because the latter does
not enter into the resume-updating Equation (20). Therefore, given all the other parameter
estimates, Equation (24) represents a positively sloped curve when plotted on a (ξ − ζ ) plane.

To separate ζ and ξ , we can utilize the job-finding rates of workers with τ ≤ τ ∗. In partic-
ular, the job-finding rate of a recently unemployed worker (τ = 0) relative to the job-finding
rate of long-term unemployed workers is given by:

λr
i (0)
η̃i

− 1 = φr̂ + ζ + ξ r̂,(25)

where we use ri(0) = r̂. Contrary to Equation (24), Equation (25) represents a negatively
sloped curve when plotted on a (ξ − ζ ) plane. Consequently, Equations (24) and (25)
uniquely identify ζ and ξ .

Statistical discrimination: With the help of Equations (24) and (25), we can analyze what
data feature identifies ζ , our parameter of interest. Holding everything else constant, a higher

14 Note that the resume values for τ > τ ∗ for group i are approximated by:

ri(τ ) ≈ ri(τ
∗) exp{−(γ + η̃iφ)(τ − τ ∗)}.

15 We need at least one variable that affects the contact rate but not skill depreciation and interview success prob-
abilities. If η̃i were common across the groups, say η̃, then data on unemployment duration would yield a single esti-
mate for the term (γ + η̃φ). Although the long-term job-finding rates still identify η̃, we would not be able to separate
γ and φ from a single estimate for (γ + η̃φ).

16 From Equation (20), dynamic selection is stronger in high η̃i markets and this feature is reminiscent of the pro-
portionality of job-finding rates to the contact rate in Equation (8). The mixed proportional hazard model, which has
been extensively studied in the literature, has a similar feature. See subsection 5.3 in Van den Berg (2001) for an in-
sightful and detailed discussion on the role of interaction between duration and explanatory variables in the observed
hazard in identification of the mixed proportional hazard model.
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14 baydur and xu

value of λr
i (τ

∗) yields a higher the value of ζ (and a lower value for ξ) from Equations (24)
and (25). In other words, ceteris paribus, the higher the job-finding rate of medium-term un-
employed workers relative to the long-term unemployed workers, the larger the effect of sta-
tistical discrimination.17

To understand this result, note that statistical discrimination is driven by the interview deci-
sions of D-type firms. If statistical discrimination is an important source of negative duration
dependence, the share of D-type firm, α, must be large in the first place. Moreover, both the
medium- and long-term unemployed workers are mostly low-skill workers, and their respec-
tive job-finding rates are driven by these workers. However, relatively more high-skill workers
are among the medium-term unemployed workers and a D-type firm is more likely to inter-
view a worker in this group. If the difference between the job-finding rates of medium- and
long-term unemployed workers is large, low-skill workers must have a good chance to con-
vert an interview with a D-type firm to an actual job offer. That is, pL

D must be large. From
Equation (14), the reduced-form parameter ζ is large when both α and pL

D are large.

3.3. Estimation Results. The structural parameters in our model may differ for different
demographic groups. To alleviate this concern, we keep our sample relatively homogeneous
by restricting it to white males only, which is the largest group based on gender and race. We
treat this group as our main sample and perform two robustness analysis by further restricting
our sample.

First, we exclude unemployment spells falling into the Great Recession period, which cor-
responds to the months between December 2007 and June 2009 (both inclusive). Our moti-
vation for excluding this time period stems from the fact that we restrict r(0) to be constant
in our regressions and a dramatic change in the flows into the unemployment pool could have
occurred during this recessionary period. A constant r(0) is compatible with a steady-state as-
sumption, and we think our restricted sample is better suited for this assumption.

Second, in Equation (22), we assume that observable characteristics matter only for the
matching process but not for the interview stage and the skill depreciation process. However,
education, occupation, and industry of the worker may potentially matter for the subsequent
stages after the matching process. As another robustness check, we further restrict our sample
to white males who have no college education and were previously employed in a goods pro-
ducing sector with a production related occupation. This group corresponds roughly to one-
third of our main sample and it is the largest group within white males.

We present our estimation results in Tables 1 and 2. In each table, the first column uses
our main sample with white males only; the second column excludes the Great Recession pe-
riod; and the third column uses our sample with further restrictions on education, occupation,
and industry.

Table 1 shows our estimates for the reduced-form parameters of our model governing the
negative duration dependence together with the skill depreciation rate. In each row, we re-
port three numbers. The first number is our point estimate. The second and the third num-
bers are the likelihood ratio (LR) test statistic and the p-value associated with this statistic. In
each case, the parameter of interest is set equal to 0 under the null hypothesis. The p-values
are not retrieved from the χ2 distribution. Because we are testing at the boundary of the pa-
rameter space, the asymptotic properties of the maximum likelihood estimator are not valid.18

To address this issue, we simulated the LR test statistic under the null hypothesis using our
sample. More specifically, for each observation in our sample, we randomly simulated employ-
ment status based on the job-finding rates under the null hypothesis. Then, we estimated the
LR test statistic for this random sample. We repeated this process for 1,000 random samples

17 To give the readers a sense of how big τ ∗ is, the resume values based on our estimation are near or below 0.1
beyond six months of unemployment.

18 See Andrews (2001) for a detailed discussion.
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statistical discrimination 15

Table 1
maximum likelihood estimation results for the reduced-form parameters governing duration dependence and

skill depreciation

Parameter I II III

ζ : 1.716 1.855 1.444
22.561 23.793 9.549
<0.001 <0.001 0.001

φ: 0.083 0.000 0.511
0.034 0.000 0.357
0.320 1.000 0.247

ξ : 1.907 2.028 2.367
7.028 6.421 3.008
0.006 0.003 0.025

γ : 0.204 0.192 0.126
28.671 29.873 13.692
<0.001 <0.001 <0.001

# of observations: 59,340 45,131 20,157
# of unemployment spells: 35,338 27,677 12,264

Note: Column I uses our main sample with white males. Column II excludes the Great Recession period. Column III
uses white males with no college education who were previously employed in a goods producing industry with an oc-
cupation in the production category.

Table 2
maximum likelihood estimation results for explanatory variables

Variable I II III

Market tightness: 0.354 0.299 0.423
(0.047) (0.057) (0.104)

Age in months (×10−3): −1.041 −0.942 −1.034
(0.183) (0.214) (0.372)

Education
Some college: −0.050 −0.055 –

(0.037) (0.042) –
At least college: 0.008 −0.003 –

(0.047) (0.053) –
Occupation

Personal services: 0.088 0.060 –
(0.058) (0.064) –

Sales and office: −0.066 −0.097 –
(0.051) (0.058) –

Production: 0.078 0.048 –
(0.049) (0.055) –

Industry (services): 0.007 −0.009 –
(0.040) (0.040) –

Reason for unemployment
End of temporary job: 0.325 0.298 0.350

(0.056) (0.065) (0.106)
Job leaver: 0.343 0.349 0.290

(0.065) (0.078) (0.133)
Reentrant: 0.162 0.163 0.184

(0.044) (0.051) (0.095)
Marital status

Widowed/divorced: −0.163 −0.138 −0.211
(0.045) (0.052) (0.091)

Never married/single: −0.221 −0.213 −0.271
(0.043) (0.051) (0.093)

# of observations: 59,340 45,131 20,157
# of unemployment spells: 35,338 27,677 12,264

Note: Standard deviations are indicated in parentheses. Column I uses our main sample with white males. Column
II excludes the Great Recession period. Column III uses white males with no college education who were previously
employed in a goods producing industry with an occupation in the production category.
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16 baydur and xu

to obtain an approximation for the distribution of the LR test statistic associated with that
particular null hypothesis.19

Our main parameter of interest is ζ , which is a direct estimate of percentage increase in
long-term job-finding rates after counterfactually removing the interview costs. Our point es-
timate is equal to 1.716, implying almost a threefold increase in long-term job-finding rates,
and it is statistically different than 0. Our estimates under columns II and III are also large
and statistically significant despite a significant drop in sample sizes due to additional sample
restrictions. Recall from Equation (14) that ζ captures the combined effect of the share of dis-
criminating firms, α, and the interview success probability of low-skill workers, pL

j ’s. We able
to assess the importance of statistical discrimination for the long-term unemployed without
further restrictions on these parameters. In the next section, we impose identification restric-
tions on some of the structural model parameters to pin down α and pL

j ’s separately, and cal-
culate counterfactual job-finding rates at all unemployment durations.

Our point estimate for skill depreciation, γ , indicates that every month, about 20% of un-
employed workers lose their skills. This number is consistent with Doppelt (2016), who finds
that it takes an average time of six months for someone to experience a drop in skills. Our es-
timate for ξ is large and statistically significant, which implies that the response of high-skill
job-finding rates to the resume values is stronger. Finally, the point estimate for φ using our
full sample is small and not significantly different from 0, and it is equal to 0 with our sample
excluding the Great Recession. From Equation (18), this estimate suggests that interview suc-
cess probabilities with N-type firms are similar for high- and low-skill workers.

Table 2 gives a breakdown of coefficient estimates for a selected set of explanatory vari-
ables that enter the expression in Equation (22). The standard errors are indicated in paren-
theses. Overall, our estimates for the remaining parameters are consistent with the findings in
Barnichon and Figura (2015), which estimate a generalized matching function. In particular,
we used the natural logarithm of market tightness in our estimation, which is consistent with
the Cobb–Douglas matching function specification used in their paper.20 Therefore, our esti-
mate for the coefficient in front of the market tightness is directly comparable to theirs. We
also find the job-finding rate increases with market tightness, and our point estimate is similar
in magnitude to the estimate in Barnichon and Figura (2015).

To conduct an overall assessment of the fit of our model, we compare the monthly job-
finding probabilities predicted by the parameter estimates from our model with those non-
parametrically estimated from the data. As in the literature, we use the Kaplan–Meier for-
mula, which estimates the job-finding probability at a given unemployment duration as the
share of the unemployed who find a job within a month. To obtain the predicted monthly
job-finding probabilities from our model, we first calculate the predicted job-finding probabil-
ity for each observation in our sample using the parameter estimates along with the explana-
tory variables. Then, we group individuals based on their reported unemployment duration
and calculate the weighted average of these monthly job-finding probabilities. Constructed
this way, the predicted job-finding probabilities retain the impact of explanatory variables and
are comparable to the Kaplan–Meier estimates. In Figure 1, we plot both of these measures by
unemployment duration using our full sample. The circles are proportional to the sample sizes
in each bin. Overall, our parametric model tracks the job-finding probabilities calculated us-
ing the Kaplan–Meier formula very closely even at longer durations for which we have fewer
observations.

19 In our case, because we restrict the parameter space, the log-likelihood of the unrestricted model often coincides
with that of the restricted model.

20 Although the job-finding rates derived from our model are consistent with a Cobb–Douglas matching func-
tion, we did not model the equilibrium determination of the market tightness. In the standard Diamond–Mortensen–
Pissarides matching model, the market tightness is pinned down via a free-entry condition in equilibrium. In our
setup, the uniqueness of a steady-state equilibrium is not guaranteed, due to skill deprecation. See Pissarides (1992)
for a detailed analysis.
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statistical discrimination 17

Figure 1

monthly job-finding probabilities by unemployment duration: model fit using cps data versus kaplan–meier
estimates

In Figure 1, the job-finding probabilities at 6 and 24 months are 0.154 and 0.097, respec-
tively. The fact that there is about a 60% difference accords with our analysis that relates ζ
to the medium- and long-term job-finding rates. However, one should be mindful of dynamic
selection due to observed heterogeneities in Figure 1. In the next section, we verify that the
difference remains large even after removing the effects due to observed heterogeneities.

4. characterization of the equilibrium

Our analysis has so far focused on estimating the job-finding rates, using the reduced-form
representation described in Equations (20) and (21). Although our estimation strategy allows
us to directly estimate the change in counterfactual long-term job-finding rates after remov-
ing the interview costs, we cannot shed light on the model mechanism without the structural
parameter estimates. In this section, we first describe how we recover the structural parame-
ters of our model. Then, we use the values of the structural parameters to describe the quanti-
tative features of our model. We study the counterfactual job-finding rates by unemployment
duration in the next section.

4.1. Baseline Calibration. We have a direct estimate for the skill depreciation rate, γ , and
we set its value to 0.204 from column I of Table 1. We also set the interview cost parameter r̂
equal to 0.75 as in the estimation part.

We have six structural parameters remaining that directly appear in the job-finding rates:
four ps

j’s, α, and η. Four Equations ((14), (17), (18), and (19)) describe their relationship with
the reduced-form parameters. We use our reduced-form parameter estimates for ζ , φ, and ξ
from column I of Table 1 in these equations. Moreover, the data contain observed individ-
ual heterogeneities, captured by Equation (22), but we assumed them away in the theoretical
model. We calculate the sample average of the fitted values to obtain a single value for η̃ to
be used in Equation (17). Taken together, we have four equations in six unknown structural
parameters. To obtain a point estimate for these structural parameters, we need to impose (at
least) two more restrictions.

The first restriction we impose is that the interview success probability of a high-skill
worker is independent of the type of the firm: pH

D = pH
N = pH . We have two motivations for

this restriction. First, Equation (14) suggests that the long-term job-finding rates largely de-
pend on the interview success probabilities of the low-skill workers with different types of
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18 baydur and xu

Table 3
structural model parameters

Parameter Value

r̂: Interview cost parameter 0.750
γ : Skill depreciation rate 0.204
η: Job-opportunity arrival rate 1.012
α: Share of D-type firms 0.770
Interview success probabilities:

pH
D = pH

N = pH : (high-skill) 0.559
pL

D: (low-skill/D-type) 0.265
pL

N : (low-skill/N-type) 0.515
δ: Separation rate 0.016
σ : On-the-job-learning 0.016

firms. Therefore, we focus on obtaining separate estimates for pL
D and pL

N . Second, our restric-
tion is also in line with Jarosch and Pilossoph (2019), which imposes that the highest skill type
can form a viable match with any firm.

The second restriction we impose is a normalization assumption on the interview success
probabilities. η in Equation (8) multiplies through ps

j’s and we can normalize the value of one
of these parameters without changing the job-finding rates. We choose to normalize the aver-
age interview success probability of the recently unemployed to 0.5:

r(0)pH + (1 − r(0))
(
(1 − α)pL

N + αpL
D

) = 0.5.(26)

Using these restrictions together with Equations (14), (17), (18), and (19), we are able to
obtain separate estimates for pL

D and pL
N , which are crucial for the long-term job-finding rates.

Our choice for the normalization value is innocuous for the counterfactual analysis in the
next section. That is, we obtain identical counterfactual results if we use a value other than 0.5
even though we obtain different values for η and ps

j’s. To see this point, note that we obtain
a value for α using the reduced-form parameter estimates by relying only on the first restric-
tion and its value is independent of the other structural parameter values. Moreover, the inter-
view success probabilities in the reduced-form Equations (14), (18), and (19) are all propor-
tional to pL

N and independent of η. Therefore, we can obtain pL
N from Equation (26), and then

η from Equation (17). Note that pL
D is proportional to the normalizing constant and chang-

ing the normalization value changes ps
j’s and η in opposite directions by the same proportion

without changing the skill-specific job-finding rates in Equation (8). The counterfactual job-
finding rates also depend on the specific value of α, because discriminating firms also inter-
view everyone. However, the value of α does not depend on the normalization value. Thus,
the counterfactual job-finding rates are the same regardless of the normalization value.21

Two more parameters in the model do not enter the job-finding rate equations directly but
are required to calculate equilibrium: the separation rate, δ, and the on-the-job-learning pa-
rameter, σ . Of these two parameters, we set δ = 0.016 so that the steady-state unemployment
is 6%. For σ , we note that r(0) is determined in equilibrium, and we set its value equal to r̂ in
the estimation part. Accordingly, we set σ so that r(0) = r̂ in equilibrium from the flow equa-
tion in (13). The calibrated value of σ is equal to 0.016. A summary of the structural model
parameter values is presented in Table 3.

Using the calibrated parameter values in Table 3, we calculate the average monthly job-
finding rate as 0.254, but it shows great variation by unemployment duration. The solid red
line in Figure 2 displays the equilibrium job-finding rates by unemployment duration in our

21 In Online Appendix B, we show that the first restriction guarantees that all the interview success probabilities
are less than 1 for normalization to an arbitrary value less than or equal to r̂. We also show that the counterfactual
job-finding rates do not depend on the normalizing constant.
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statistical discrimination 19

Figure 2

monthly job-finding rates by unemployment duration: model under baseline calibration versus model fit using
cps data

model. On entry into the unemployment pool, the job-finding rate is slightly above 0.5, but it
sharply drops to 0.2 within only four months. After this point, the job-finding rate continues
to drop, albeit at a slower pace, reaching 0.12 by 15 months of unemployment and it remains
constant thereafter.

In the remainder of this section, we describe some of the features of the baseline equilib-
rium and discuss their implications for the job-finding rates by unemployment duration.

4.2. Observed Heterogeneity. The calibrated value of η implies that workers receive on av-
erage about one job opportunity in a month. We use a constant value for η in calculating
the equilibrium above, but our estimates in Table 2 suggest considerable variation in job-
opportunity arrival rates. Such differences in observed individual characteristics would imply
an even steeper decline in job-finding rates by unemployment duration due to a composi-
tion effect. For example, young individuals find a job much faster than the population aver-
age and they tend to be short-term unemployed; therefore, they disproportionately contribute
more(less) to the calculation of short(long)-term job-finding rates.

To assess the role of observed heterogeneity in job-finding rates, we calculate predicted job-
finding rates for our sample using our parameter estimates in Tables 1 and 2 and the full set
of explanatory variables. We follow a procedure that is identical to calculating the monthly
job-finding probabilities in Figure 1 except that we now calculate job-finding rates, as opposed
to probabilities, at the beginning of a given month. The dashed blue line in Figure 2 shows
the predicted monthly job-finding rates from our CPS data, which display variation in job-
opportunity arrival rate by construction.

A comparison between the job-finding rates from our model with constant η and the pre-
dicted job-finding rates with the full CPS data gives us an idea about the contribution of
observed individual heterogeneity to unemployment duration dependence. An inspection of
Figure 2 reveals that observed individual heterogeneity plays a nontrivial role in explaining
the negative duration dependence, especially at short durations. As we move from the short-
est duration to the longest duration in the CPS data, the job-finding rate declines from about
0.6 to around 0.1. In our model with constant η, the job-finding rate for the recently unem-
ployed is only about 0.5 and declines down to 0.12. These numbers suggest about one-fifth of
the duration dependence is attributable to observed differences in job-finding rates. Our fol-
lowing analysis focuses on the remaining part.
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20 baydur and xu

Figure 3

(a) resume values under baseline calibration and (b) interview probabilities under baseline calibration versus
relative callback rates in kroft et al. (2016)

Note that the job-finding rate at six months of unemployment duration in Figure 2 is about
40% higher than the long-term job-finding rates even after removing the effects due to ob-
served heterogeneities (0.169 vs. 0.121).22 This sizable difference suggests an important role of
statistical discrimination, which we verify in the next section.

4.3. Resume Values and Interview Probabilities. The decline in job-finding rates in Figure 2
is driven by the changes in the share of high-skill workers and the interview decisions of the
firms in response to these changes. In Figure 3(a), we plot the resume values by unemploy-
ment duration, r(τ ), which reflects the share of high-skill workers. The interview probabili-
ties, conditional on a match, depend on the resume values and the share of D-type firms, and
it is equal to (1 − α + αr(τ )/r̂). Figure 3(b) displays interview probabilities by unemployment
duration.

The resume values start at 0.75, which we target in the baseline equilibrium, and smoothly
decline to 0 over time. The interview probability for a recently unemployed is equal to 1,
which we also target in the baseline equilibrium, and it tracks the pattern in resume val-
ues. Because the resume values approach 0 with unemployment duration, the long-term
unemployed workers are largely interviewed with N-type firms, the share of which is equal
to (1 − α). The value of α in Table 3 implies that the interview probability approaches
1 − 0.770 = 0.230.

22 Kroft et al. (2016) fit a “double” exponential model to the job-finding rates observed in the monthly CPS data
from 2002 to 2013. In their figure 7, panel A, the medium-term job-finding rates are larger than the long-term job-
finding rates and this difference is similar to ours.
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statistical discrimination 21

In Figure 3(b), we also plot the relative callback rates for an interview (red dashed line) by
unemployment duration from Kroft et al. (2016). They fit a negative exponential model us-
ing the experimental data with fictitious resumes from Kroft et al. (2013). Specifically, their
fitted model is A(τ ) = 0.425 + (1 − 0.425) exp(−0.199τ ), where τ is unemployment duration
and A(τ ) is the measured relative callback rates. Given this specification, the long-term call-
back rate is 0.425. Through the lens of our model, their estimate suggests that the share of N-
type firms should be larger so that the interview probability for the long-term unemployed ap-
proaches 0.425 as opposed to 0.230.

We interpret our estimate as an alternative to Kroft et al. (2016) because our sample differs
from theirs in important ways. The fictitious resumes in Kroft et al. (2013) are identical by de-
sign, and they may not match well with our CPS sample. Their sample is also relatively young
and inexperienced.23 Roughly two-thirds of their sample is female, whereas our sample is re-
stricted to white males. Moreover, their experiment is conducted from August 2011 and July
2012 when the job-finding rates were still below their historical average. Given the slow recov-
ery after the Great Recession and the sensitivity of job-finding rates to aggregate conditions, it
is likely that their sample displays a flatter profile than normal times.24

The share of discriminating firms, α, directly affects the interview probabilities by unem-
ployment duration, but the prevailing job-finding rates also depend on the ability of the work-
ers to turn these interviews into actual job offers. The latter depends on the interview success
probabilities, ps

j, which we study extensively in the next section.

5. counterfactual analysis

Our main focus in this section is quantifying the importance of statistical discrimination on
long-term job-finding rates. We find statistical discrimination has a large effect on long-term
job-finding rates. Because our main finding regarding the role of statistical discrimination is in
stark contrast to Jarosch and Pilossoph (2019), who argue that removing the interview cost has
a negligible effect on the job-finding rates of long-term unemployed workers, we provide a de-
tailed discussion comparing two papers in a separate subsection.

5.1. Removing Interview Costs. Firms discriminate against long-term unemployed workers
in our model, due to the presence of the costly interview stage in the hiring process. The first
counterfactual exercise we perform is to remove the interview costs so that every firm inter-
views every worker in the new equilibrium. Because this exercise follows Jarosch and Pilos-
soph (2019), our results in this section are directly comparable to theirs.

Figure 4 shows the equilibrium monthly job-finding rates by unemployment duration under
baseline calibration together with the counterfactual job-finding rates in the new equilibrium
after removing the interview costs. At the estimated parameter values (the blue solid line in
the figure), the average job-finding rate of a recently unemployed worker is about 0.506, and
it decreases by about 40 percentage points to 0.120 after 24 months. After removing the inter-
view cost (the dashed red line in the figure), the job-finding rate of a worker with 24 months
of unemployment duration jumps by about 20 percentage points from 0.120 to 0.326. There-
fore, the statistical discrimination due to the presence of interview costs accounts for about
half of the decline in the job-finding rates moving from short-term to long-term unemploy-
ment duration (20 of 40 percentage points difference). The remaining half is attributable to
the skill depreciation and the composition effect due to differential job-finding rates.

23 Kroft et al. (2013) report that the sample average of age is 27.903.
24 As an alternative, we have considered replacing the identification assumption pH

D = pH
N in Subsection 4.1 with

1 − α = 0.425. However, ps
j ’s are not guaranteed to be between 0 and 1 in this case for an arbitrary normalization

that is less than or equal to r̂. Furthermore, we reestimate our model in Online Appendix C under a restriction on
the reduced-form parameters that implies 1 − α = 0.425. Our point estimate for the reduced-form parameter ζ under
this restriction is still large.
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22 baydur and xu

Notes: Counterfactual job-finding rates are calculated in the new equilibrium after removing the interview costs.

Figure 4

monthly job-finding rates by unemployment duration under baseline calibration: model versus counterfactual

Equivalently, the increase from 0.120 to 0.326 implies that the job-finding rates of long-term
workers increase by 171.6% after removing the interview costs. This number coincides with
our estimate for the reduced-form parameter ζ (times 100) in column I of Table 1. Recall that
ζ corresponds to a direct measure of the impact of removing the interview costs on the long-
term job-finding rates. The similarity between the two numbers verifies our interpretation of
this reduced-form parameter.

The expression for ζ in Equation (14) suggests that our counterfactual result can be ex-
plained by the interview success probability of low-skill workers with D-type firms. Intuitively,
long-term unemployed workers are mostly low-skill, and their resume values are close to 0.
Hence, these workers are interviewed and hired in equilibrium mostly by N-type firms. When
one removes the interview cost, D-type firms also interview every applicant regardless of their
unemployment duration, and we would see an increase in the interview probability, particu-
larly for long-term unemployed workers. At a very long unemployment duration, the inter-
view probability goes up from (1 − α) to 1. However, these long-term unemployed workers
would still mostly be low-skill workers and the prevailing change in the long-term job-finding
rates would depend on how low-skill workers perform in these free interviews.

This analysis suggests that if the value of pL
D is small, removing the interview cost would

not have any effect on the long-term job-finding rates. To verify this claim, we repeated
the counterfactual exercise above under pL

D = 0.25 In Figure 5, the solid blue line corre-
sponds to the equilibrium job-finding rates under pL

D = 0. The dashed red line, on the other
hand, shows the counterfactual job-finding rates under pL

D = 0 after removing the interview
costs. The figure shows the long-term job-finding rates are unchanged under this parameter
restriction.

5.2. Comparison to Jarosch and Pilossoph (2019). In this section, we compare and con-
trast our counterfactual result with that in Jarosch and Pilossoph (2019) in great detail. Our
main point is that the interview success probability of low-skill workers with D-type firms is
key to understanding the differences between our article and theirs. We stress that our model

25 To maintain comparability to the baseline equilibrium, we also set η = 1.329 and σ = 0.014 so that the job-
finding rates and the initial resume values are equal to those in the baseline equilibrium. The rest of the parameters
are set equal to their values in Table 3.
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statistical discrimination 23

Notes: Counterfactual job-finding rates are calculated in the new equilibrium after removing the interview costs.

Figure 5

monthly job-finding rates by unemployment duration under pL
D = 0: model versus counterfactual

delivers their main result under a certain parameter restriction, pL
D = 0, but when confronted

with data, we reject this parameter restriction.

5.2.1. A generalization of the job-finding rates. We begin with a brief description of the
model in Jarosch and Pilossoph (2019). Workers and firms are heterogeneous with respect to
their skill and productivity levels, respectively, and meet randomly in the labor market. Firms
observe the worker’s unemployment duration but not their true skill level when deciding on
whether to interview the applicant. Although firms face the same interview cost, they still sta-
tistically discriminate against long-term unemployed workers when calling for an interview,
because their skill levels tend to be lower, thus generating a lower surplus. A more distinc-
tive feature of their model is the assumption on the production function: a worker–firm pair
produces a positive output only if the worker’s skill is at least as good as the firm’s productiv-
ity. This specification places a rather strong assumption on the interview success probabilities:
given the worker’s skill level, the interview success probability is either 0 or 1, depending on
the interviewing firm’s productivity. For the long-term unemployed workers, who tend to be
relatively low-skill, this probability is 0 for most firms, and they are exclusively hired by the
firms at the bottom of the firm distribution, which have low or no minimum hiring require-
ments. When the interview cost is counterfactually removed, these workers see a large in-
crease in the number of interviews received but systematically fail to get hired. Consequently,
the job-finding rates of long-term unemployed workers remain largely unchanged after re-
moving the interview cost.

To facilitate a formal comparison between the two models, we rewrite the job-finding rates
more generally as follows:

λs(τ ) = η((1 − α)ps
N + αι(τ )ps

D(τ )),(27)

where ι(τ ) is the interview probability with a worker at unemployment duration τ , and ps
D(τ )

is the skill-specific probability of getting hired after an interview with a D-type firm at un-
employment duration τ . It is straightforward to verify our model follows this specification.
Specifically, our model implies dι(τ )/dτ < 0, ι(τ ) → 0 as τ → ∞, and ps

j are constants.
The interview probabilities, ι(τ ), and the outcome of these interviews, ps

D(τ ), are more
complex in Jarosch and Pilossoph (2019), because they depend on the endogenously de-
termined distribution of workers by unemployment duration as well as the productivity
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24 baydur and xu

distribution of interviewing firms. We write both quantities as functions of τ to emphasize this
dependence. In the remainder of this section, we establish that the job-finding rates in Jarosch
and Pilossoph (2019) follow the same specification.26

Worker and firm heterogeneity: In Jarosch and Pilossoph (2019), a continuum of worker
and firm types exists, both of which lie in the unit interval. Let s ∈ [0, 1] and y ∈ [0, 1] de-
note worker skill (denoted by x in the original paper) and firm productivity, respectively. By
assumption, a match produces s + y only if s ≥ y, so that hiring requires that the worker’s
skill exceeds the interviewing firm’s productivity. Moreover, firm productivity is uniformly dis-
tributed with a positive mass at the bottom of the distribution. This mass of firms, denoted by
F (0) in their paper, is akin to N-type firms in our model, because they have no minimum skill
requirement: that is, s ≥ 0 for all s, and hence, they interview every applicant. The remain-
ing firms make nontrivial interview decisions depending on their productivity level. Therefore,
they are similar to D-type firms in our model. Accordingly, we can associate α directly with (1-
F (0)) in Jarosch and Pilossoph (2019).

Interview decisions: Considering the interview decisions of D-type firms, ι(τ ), they are not
driven by random interview costs but instead by the interviewing firm’s productivity level and
the distribution of workers at duration τ . Although Jarosch and Pilossoph (2019) have no
simple expression for this interview probability, it also declines with unemployment duration
and approaches 0 at long durations as in our model, that is, dι(τ )/dτ < 0 and ι(τ ) → 0 as
τ becomes arbitrarily large.27 Intuitively, D-type firms are willing to interview a worker with
unemployment duration τ as long as enough high-skill workers exist at that unemployment
duration.28

Hiring decisions: In Jarosch and Pilossoph (2019), the firms at the bottom of the distribu-
tion hire every worker that they interview. Therefore, ps

N = 1 for any worker type. Our esti-
mates for ps

N ’s and pH
N in Table 3 are consistent with their assumption, in that both skill types

in our model have similar interview success probabilities with N-type firms, although they are
not strictly equal to unity.

ps
D(τ ) in Equation (27) has a different interpretation in Jarosch and Pilossoph (2019), in

that it corresponds to the share of firms for which the worker is eligible within the set of in-
terviewing D-type firms. Although the set of these interviewing firms is determined in equilib-
rium, ps

D(τ ) takes rather a simple form for two skill types. First, the highest skill type, s = 1,
turns every interview into an offer. Our equality restriction on the interview success probabil-
ity of a high-skill worker with either type of firm is also consistent with this assumption, al-
though we do not set them strictly equal to unity. Second, the lowest skill type, s = 0, is not
eligible for a job with any D-type firm by assumption. Moreover, the estimated worker skill
distribution is bimodal in Jarosch and Pilossoph (2019), and the job-finding rates are largely
driven by the workers near these two extreme points in the skill distribution.29

Counterfactual job-finding rates: The counterfactual job-finding rates are easier to charac-
terize in Jarosch and Pilossoph (2019). Once they remove the interview cost, every firm inter-
views every worker as in our model. Through the lenses of Equation (27), we can think of this
exercise as setting ι(τ ) = 1 for all τ . Moreover, a worker is hired by a D-type firm only if his

26 Jarosch and Pilossoph (2019) set up their model in discrete time, but this distinction is immaterial for our
comparison.

27 We also note that both papers assume ι(0) = 1, although this assumption does not have a direct impact on long-
term job-finding rates.

28 In their baseline equilibrium, interview probabilities are equal to 1 for an extended period (up until five months)
before dropping sharply in a few months and remain relatively constant thereafter.

29 Specifically, they assume a Beta distribution for worker types. About 90% of the workers at the population level
have a skill level that is either less than 0.1 or greater than 0.9.
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statistical discrimination 25

skill is greater than the firm productivity. Given that the firm productivity is distributed uni-
formly, the probability of getting hired by a D-type firm conditional on an interview is equal
to the worker’s skill type, s. Accordingly, we can write the counterfactual job-finding rate for
a given skill type s ∈ [0, 1] as η((1 − α) + αs).30 Moreover, when τ becomes arbitrarily large,
the job-finding rates in the baseline equilibrium with statistical discrimination are equal to
η(1 − α) for every skill type, because only N-type firms interview and hire workers. Using
these two expressions, one can write the percentage increase in the long-term job-finding rate
for a given skill type after removing the interview costs as sα/(1 − α), which is a special case
of Equation (14).

For a given value of α, the gains are smaller for low-skill workers, and it is equal to 0 for the
lowest skill type. Hence, the overall increase in the long-term job-finding rates after remov-
ing the interview costs is limited by the average skill of the long-term unemployed workers.
Quantitatively, the low-skill workers near zero disproportionately make up a large fraction of
the long-term unemployed workers in their baseline equilibrium.31 Consequently, the counter-
factual long-term job-finding rates in Jarosch and Pilossoph (2019) are not very different from
those in their baseline equilibrium.

Intuitively, the job-finding rates of low-skill workers are not really affected by statistical dis-
crimination in their baseline equilibrium. A worker with small s ≥ 0 randomly receives inter-
views and the callback rate falls with duration due to statistical discrimination. However, by
assumption, a low-skill worker is not eligible for most of the firms with y > 0. Hence, his job-
finding rates decline with unemployment duration but only slightly. Thus, eliminating statisti-
cal discrimination by giving free interviews cannot have a big impact on their job-finding rates,
because they are not affected much by it in the first place.

This analysis suggests that the restrictions on the eligibility of the low-skill workers in
Jarosch and Pilossoph (2019) imposed by their assumptions on the production function matter
for the counterfactual job-finding rates.32 One interpretation of strict skill requirements is that
skill stands for easily verifiable qualifications of the applicant, such as education and work ex-
perience, and hiring decisions are based on these qualifications. For example, someone with a
high-school degree would immediately be disqualified for a physician position at a local hospi-
tal. However, in the field experiment of Kroft et al. (2013), the resumes are identical and such
information would be readily available on the resume. Therefore, thinking of skills as qualifi-
cations that are not so easily verifiable from the worker’s resume but are correlated with his
unemployment duration, such as soft skills, would be more suitable. Evaluation of the appli-
cant’s skills, in this case, would be noisy in a way that affects the outcome of the interview.33

One can view our model as a generalization of the production function in Jarosch and Pi-
lossoph (2019), albeit with two distinct worker types, which allows for the possibility that
a low-skill worker has a chance to be hired by a D-type firm. Our production function in
Equation (1) does not preclude the case in which a low-skill worker is ineligible for a job
with any D-type firm, for example, a degenerate distribution for ψL

D(y). Instead of taking a

30 This relationship holds regardless of the prevailing variation in output in viable matches. In this counterfactual
setting, interviews are also freely available for D-type firms and all that matters for hiring decisions is the viability of
matches, which is simply equal to the skill of the worker.

31 In equilibrium, about 85% of the unemployed workers who are unemployed for at least six months have a skill
level that is less than 0.1.

32 We note that Jarosch and Pilossoph (2019) also estimate their model using the job-finding rates from the CPS
data, instead of some other output or wage data, despite some methodological differences. More specifically, they em-
ploy a simulated method-of-moments approach to estimate the structural model parameters governing the job-finding
rates and interview callback rates in their model. They target empirical moments of the (relative) job-finding rates
from the CPS data along with the (relative) interview callback rates in Kroft et al. (2016). The implied variation in
output levels is quantitatively negligible, and worker heterogeneity is largely about the viability of matches. See their
footnote 29.

33 Even more generally, some other factors could be independent of the worker’s skill and the firm’s productivity.
For example, fatigue during the interview may negatively affect the outcome of an interview even if the worker is
qualified for the job.
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26 baydur and xu

stand on their chances with a D-type firm, we parameterize the probability of forming a viable
match with the parameter pL

D, and estimate it with the job-finding rates from the CPS data.34

Finally, given the bimodal distribution of worker types in Jarosch and Pilossoph (2019),
our model with two discrete worker types provides a good approximation to the overall
job-finding rates in their paper.35 In Figure 5, we are able to reproduce their main finding
regarding the counterfactual job-finding rates after setting pL

D = 0 in our model.36 This finding
confirms that the eligibility of the workers at the lower end of the skill distribution plays an
important role in explaining the different counterfactual results. We also note job-finding rates
at 6 and 24 months are indistinguishable from each other in Figure 5. Recalling that their
difference is informative about the impact of statistical discrimination and is sizable in the
CPS data, Figure 5 illustrates why the data do not support assumption pL

D = 0.

5.2.2. Interview costs. Jarosch and Pilossoph (2019) argue the effect of statistical discrim-
ination on job-finding rates increases with the interview cost. Therefore, verifying the inter-
view costs in our model are comparable to theirs is crucial. Jarosch and Pilossoph (2019) cali-
brate the cost of interviewing an applicant as 10% of the average monthly output based on the
direct measures of man-hours spent by company personnel to screen, evaluate, and interview
the applicants. The average match surplus value is about 65% of the average monthly output
in their equilibrium. Accordingly, the interview cost in their model is about 15.4% of the aver-
age match surplus.

In our model, the interview cost is random and the average cost incurred per interview is
calculated as follows: ∫ ∞

0
α

r(τ )
r0

[
WD(r(τ )) + WD(0)

2

]
�(τ )dτ∫ ∞

0

(
1 − α + α

r(τ )
r0

)
�(τ )dτ

.

Our estimation left the match surplus values unspecified. To calculate the average interview
cost, we need to set values for the (expected) match surplus with a D-type firm. For compara-
bility to Jarosch and Pilossoph (2019), we set its value with a high-skill and low-skill worker to
a value that corresponds to the maximum and minimum surplus values reported in their equi-
librium, respectively. The match-surplus value in their equilibrium ranges from 56.9% for a
match between the lowest-skill worker and the lowest-productivity firm to 73.0% for a match
between the highest-skill worker and the highest-productivity firm. Using these numbers, we
calculate the average incurred interview cost relative to the average match surplus value as
19.0%, which is close to the interview cost in Jarosch and Pilossoph (2019).37 Therefore, we
argue the difference between the two papers is not due to the difference in the measured in-
terview costs.

Revisiting our counterfactual analysis from a policy standpoint, we can now calculate the
cost of eliminating statistical discrimination. Assume firms still face interview costs but are
fully subsidized so that they indiscriminately interview every applicant. In this case, the

34 Analogously, one could extend the production function in Jarosch and Pilossoph (2019) by allowing for random-
ness at the interview stage.

35 In particular, the workers with the lowest skill type makes up about 25% of the recently unemployed workers
(after discretization). See figure 2 in their paper. Targeting r(0) = 0.75 in our model is consistent with this number.

36 Jarosch and Pilossoph (2019) estimate the fraction of the firms that have no skill requirement and interview ev-
ery applicant as 0.398 so that α = 0.602, which is smaller than our estimate α in Table 3. From Equation (14), a larger
α implies a larger increase in the interview probabilities after removing the interview costs. Despite an increase in
the interview probabilities that is larger than those in Jarosch and Pilossoph (2019), the long-term counterfactual job-
finding rates in Figure 5 when pL

D = 0 are still virtually unchanged relative to the benchmark equilibrium.
37 Jarosch and Pilossoph (2019) calibrate the interview cost parameter using the numbers reported in Silva and

Toledo (2009) and Barron and Bishop (1985), which are based on hiring costs actually incurred by the firms. For com-
parability with these data sets, we report the interview costs conditional on an interview actually taking place.
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statistical discrimination 27

average interview cost is equal to 28.8% of the average match surplus, which is up from 19.0%
under the benchmark case in the absence of any subsidy.38 The gain from such a policy is a re-
duction in the unemployment rate. After the subsidy, the unemployment rate goes down from
6% to 3.61%.

5.3. Job-Finding Rates and Average Resume Value. In this subsection, we forbid firms from
looking at the workers’ unemployment duration when making a decision to interview the
worker. Compared with subsidizing interview costs of the firms, making it illegal for firms
to ask about the applicant’s unemployment duration is more feasible and policy-relevant.
We also note that the results from this section are not directly comparable to Jarosch and
Pilossoph (2019).

Suppose firms cannot observe their applicants’ resume values, but they are fully informed
about the average of the resume value in the unemployment pool, r̄. Under this restriction,
the job-finding rate conditional on the true type, s, becomes

λs(r̄) = η((1 − α)ps
N + αr̄/r0 ps

D).(28)

Note the average resume value is determined in equilibrium. Therefore, we write the job-
finding rate explicitly as a function of r̄. Although the interview probability is the same for
every worker, skill depreciation and unobserved heterogeneity still lead to declining job-
finding rates by unemployment duration because the unemployment pool is mixed with high-
and low-skill workers and they have different job-finding rates. The proportion of high-skill
workers changes by unemployment duration according to the following resume-updating rule,
which is now given by the following equation:

dr(τ ; r̄)
dτ

= −γ r(τ ; r̄) − (1 − r(τ ; r̄))r(τ ; r̄))(λH (r̄) − λL(r̄)),(29)

given r(0; r̄).39 By definition of the average resume value, we also have the following relation-
ship:

r̄ =
∫ ∞

0 r(τ ; r̄)�(τ ; r̄)dτ∫ ∞
0 �(τ ; r̄)dτ

,(30)

where �(τ ; r̄) is the measure of the unemployed workers at duration τ ≥ 0 as before. Both
r(0; r̄) and r̄ are determined in equilibrium.

In Figure 6, we plot the job-finding rates by unemployment duration when firms cannot ob-
serve the individual resume values together with our baseline results from the previous sec-
tion. The job-finding rate for the long-term unemployed clearly increases at the expense of
the short-term unemployed, and the negative duration dependence becomes much weaker.
Therefore, forbidding firms from asking about their applicant’s unemployment duration is
an effective policy for eliminating statistical discrimination. However, the average job-finding
rate decreases from 0.254 in the baseline case to 0.241 under this policy restriction because the
resume value of recently unemployed workers declines from 0.75 to 0.70 (not shown). Conse-
quently, the unemployment rate increases from 6% to 6.32%. We conclude that this policy is
not an effective tool for reducing the overall unemployment rate.

38 A policymaker would be more interested in the number of new jobs created after the subsidy. The interview cost
per hire is equal to 41.3% of the average match surplus under the benchmark, and it increases to 47.6% with the
subsidy.

39 The differential equation in (29) has a closed-form solution. See Online Appendix A for details.
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28 baydur and xu

Notes: Counterfactual job-finding rates are calculated in the new equilibrium where firms observe only the average
resume value in the unemployment pool.

Figure 6

monthly job-finding rates by unemployment duration under baseline calibration: model versus counterfactual

6. conclusion

We study unemployment duration dependence in a job-search model with unobserved
worker heterogeneity and learning about their types from their most recent unemployment
duration. Firms facing interview costs discriminate against long-term unemployed workers be-
cause they tend to be low-skill. Our model delivers a parametric hazard model for job-finding
rates, which we estimate using microlevel data from CPS via maximum likelihood. The long-
term job-finding rates increase substantially after removing the interview costs relative to
those in the baseline equilibrium with statistical discrimination. We argue that the difference
between the medium- and long-term job-finding rates observed in the data are informative
about the role of statistical discrimination in accounting for the steep decline in job-finding
rates by unemployment duration.

Our conclusion with respect to the role of statistical discrimination in explaining the nega-
tive duration dependence is in stark contrast to the findings in Jarosch and Pilossoph (2019).
We provide a formal comparison between the two models in an extension to our baseline
model. Although these two models have several features in common, they have different as-
sumptions about the interview success probability of low-skill workers with discriminating
firms and deliver contrasting counterfactual outcomes. We are able to generate their counter-
factual result in our model under a certain parameter restriction, but we did not find empirical
support for this specification.

Examining the interview performance of long-term unemployed workers is crucial for un-
derstanding the role of statistical discrimination. From an empirical standpoint, interview suc-
cess probabilities are hiring probabilities conditional on an interview. A more direct approach
to estimating these probabilities would require a richer data set, for example, information on
interviews and their outcomes. Such estimation is not possible with the CPS data, because we
observe only the overall hiring rate without any information about interviews. We leave this
task for future research when a richer data set becomes available.

DATA AVAILABILITY STATEMENT The basic monthly CPS data were derived from
IPUMS-CPS available in the public domain: https://cps.ipums.org/cps/. The state-level unem-
ployment data were derived from the U.S. Bureau of Labor Statistics available in the public
domain: https://data.bls.gov/cgi-bin/srgate. The state-level vacancy data are available from the
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Conference Board. Restrictions apply to the availability of the vacancy data, which were used
under license from Haver Analytics for this study.

SUPPORTING INFORMATION

Additional supporting information may be found online in the Supporting Information sec-
tion at the end of the article.

Table A1: True parameter values assumed for the data generating process.
Table A2: Distribution of parameter estimates from simulated data.
Table A3: 95 percent confidence intervals for the reduced-form parameters governing dura-
tion dependence and skill depreciation.
Table A4: Maximum likelihood estimation results for the reduced-form parameters governing
duration dependence and skill depreciation.
Table A5: Maximum likelihood estimation results for the reduced-form parameters governing
duration dependence and skill depreciation.
Figure A1: Interview probabilities under alternative parameterization based on Table A5 vs.
relative callback rates in Kroft et al. (2016).
Figure A2: Log-likelihood function and ζ for various values of r(0).
Data S1
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