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Introduction
Black workers earn lower wages, stay unemployed longer and lose their jobs more

rapidly. Though a substantial part of such disparities can be attributed to heterogeneity, residual differences seem to be large and persist over time. In their survey
on discrimination theories, Lang and Lehmann (2012) summarize the evidence as
follows: the residual wage gap is about 10 percentage points and the duration of
unemployment is about 25% longer for Blacks. These features have motivated a body
of research devoted to the estimation of structural models of search unemployment
with discrimination. Such models put additional structure to the relationships between discrimination motives, worker heterogeneity and economic outcomes for the
different demographic groups. This allows discrimination to be identified from worker
unobserved heterogeneity.
All the efforts have been made on taste-based models of discrimination: Black
(1995), Eckstein and Wolpin (1999), Bowlus and Eckstein (2002), Borowczyk-Martins
et al. (2014), for racial discrimination, but also Flabbi (2010a,b) for gender discrimination. Following Becker (1971), these papers assume that some employers have a
distaste for minority workers. Identification relies on the fact that not all employers
discriminate. Thus the wage distribution for discriminated workers is a mix of two
partial distributions, for workers in discriminating and non-discriminating jobs. This
combined with parametric assumptions on the wage distributions ensure identification. The general result is that discrimination can account for a very substantial
share of racial wage and employment gaps.
Taste-based search discrimination models are not entirely convincing. Lang and
Lehmann (2012) note these models estimate that the proportion of prejudiced employers is very large, typically around 50%, and that these employers are very strongly
prejudiced. To quote them: “We take the evidence from the surveys and the Implicit
Association Tests as suggesting that credible models of discrimination based on prejudice may rely on the presence of strong prejudice among a relatively small portion
of the population and/or weak prejudice among a significant fraction of the population, but not on widespread strong prejudice. It does not seem likely that a large
proportion of employers, for example, are willing to forego significant profits in order
to avoid hiring blacks.” Moreover, discrimination attitudes have dramatically fallen
over time in the US, whereas employment gaps have remained stable, and wage gaps
have slightly decreased.
In this paper, we follow a different route. We develop and estimate the struc1

tural parameters of an equilibrium search model of statistical discrimination. This
type of discrimination arises in the labor market when employers believe that minority workers are less productive (Arrow, 1973) or when employers have greater
difficulty assessing their productivity despite they have similar observable characteristics (Phelps, 1972). Conditional on employers’ beliefs, statistical discrimination
is a rational response to nonidentical distributions of unobserved characteristics or
to nonidentical output observability among different groups of workers. Thus it is
consistent with profit maximization and likely to persist in equilibrium.
Our model of statistical discrimination (Section 2) is an adaptation of Moscarini
(2005). He introduces job turnover à la Jovanovic (1984) in the standard equilibrium
search unemployment framework. Workers and firms are ex-ante identical. However,
there is an unobserved match-specific shock that the worker and the firm gradually
learn. Learning is complicated by Gaussian output noise. The model predicts there is
endogenous separation. Job loss occurs when the belief on match-specific component
becomes lower than a threshold specific to each group. Wage bargaining over the
match surplus implies there is a mapping from the ergodic distribution of beliefs to
the stationary wage distribution. Under additional restrictions, the wage distribution
is single-peaked with a Pareto tail.
We introduce two types of workers in the model, Blacks and Whites. The distribution of ability differs between these groups. Thus employers have different beliefs
regarding them. In Moscarini (2005), the initial draw has a unique possible value.
Conditional on meeting, the worker is always hired. To account for hiring discrimination, we allow for a continuous support of the initial draw. Then, beliefs evolve like in
the initial model. The model predicts job finding, job loss and the wage distribution
for both groups of workers.
The model has three sources of differences between Blacks and Whites: observed
worker heterogeneity, unobserved heterogeneity, and precision of the output signal vehicled by match duration. Each component has a specific impact on model outcomes.
This allows us to disentangle the effects of employers’ beliefs from the direct effects
of heterogeneity. In particular, observed heterogeneity only affects wages, whereas
ex-ante differences in the distribution of employers’ beliefs imply that the racial differential in wage quantile tends to decrease with quantile. Moreover, differences in
output signal precision imply that black wages tend to be more concentrated at the
bottom of the wage scale than white wages. By combining these three sources of ethnic differentials, we can match very heterogenous patterns in the wage distributions.
We estimate the parameters of the model on a cross-section of CPS data (Section
2

3). We focus on prime-aged low-skilled male workers and compute their job-finding
and job-separation rates as well as the residual wage distribution by mean of a Mincer
wage regression. We then use indirect inference and target 14 moments that characterize labor market outcomes for both groups: mean job-finding probability, mean job
loss probability, five deciles of the unconditional wage distribution, and five deciles of
the initial wage distribution. The parameter estimates are such that output observability and the initial belief distribution are both better for Whites than for Blacks.
The estimated model reproduces reasonably well differences in job-finding rates, as
well as racial differences in initial and unconditional wage distributions. By contrast,
it fails to reproduce the job-separation rate differential.
In our data, the overall return to tenure is roughly the same between Blacks and
Whites. This is also what our estimates predict. This results from two opposite forces.
On the one hand, ex-ante differences in belief distributions imply that the predicted
match quality is initially lower for Blacks than for Whites. As jobs last, low quality
matches gradually disappear. Belief updating accounts for this fact, and the extent
of statistical discrimination decreases. This force tends to raise the black return to
tenure above the white one. On the other hand, differences in output observability
imply that the black wage is less sensitive to tenure than the white one. This force
tends to reduce the black return to tenure. These two forces offset each other and the
returns to tenure are roughly the same. Finally, the return to experience is larger for
Whites because they enjoy longer tenures.
Some of the key ideas of this paper have been inspired by Fryer Jr et al. (2013).
They develop a stylized three-period micro model of statistical discrimination where
the employer and the employee learn the value of the match. They emphasize that
the return to tenure should be larger for Blacks than for Whites. We make two
contributions with respect to theirs. First, we complete their approach by sketching
a full model and estimating its parameters. This allows us to quantify the different
mechanisms leading to discrimination. Second, in their sample, Mincer regressions
imply that the return to tenure is 1.1% larger for Blacks than for Whites. In our
data, the return to tenure does not differ across racial groups. This is explained by
the lower quality of the output signal for Blacks.
We are not the first to estimate a structural model of statistical discrimination
for the labor market. Moro (2003) estimates a model for racial discrimination. The
model has complementarities between skilled and unskilled workers and may feature
multiple equilibria. Moro discusses identification and equilibrium selection. Gayle and
Golan (2011) focus on gender gaps. Statistical discrimination arises because women
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are less attached to the labor force, which creates turnover costs. Both papers tell
important lessons on wage inequality. However, they abstract from search frictions
and, therefore, cannot account for racial differences in unemployment duration and
job separation.
Beyond their ability to describe unemployment disparities between Blacks and
Whites, search and matching models provide an interesting framework to study discrimination. A couple of papers make the intriguing point whereby discrimination
can arise in equilibrium despite employers have no taste for discrimination and Blacks
and Whites have similar characteristics. In Rosén (1997), match-specific productivity
is random and workers have private information about it. If employers discriminate
against Blacks, then these workers tend to apply for low-quality matches, thereby creating the type of belief that leads employers to discriminate them. In Mailath et al.
(2000), employers can direct their search towards Blacks or Whites, whereas workers
make a pre-market investment in skills. If employers do not send offers to Blacks,
these workers invest less in human capital, justifying employers’ behavior. In Holden
and Rosén (2014), match quality is random and workers in a bad match search on the
job. As dismissal is costly, employers trapped in a bad match hope that the worker
finds another job very rapidly. Now, if employers discriminate against Blacks, these
workers find alternative jobs less rapidly, and thus become less attractive to employers. We do not explore the rich possibilities offered by such models. Instead, we stick
to the seminal contribution of Phelps (1972) where skills exogenously differ between
Blacks and Whites, and where the output signal precision varies across ethnic groups.
The remainder of this paper is organized as follows. Section 2 presents the theoretical model and examines its predictions in terms of employment and wage discrimination. The proofs of the different results lie in the Appendix. Section 3 is devoted
to the estimation of the theoretical model. We introduce the data, the estimation
method, and comment our estimates. Section 4 concludes.

2

Theory
The model we develop in this section builds on Moscarini (2005) who nests a job

matching model à la Jovanovic (1984) into a Mortensen and Pissarides (1994)-type
equilibrium search environment. We add three things: there are two (ethnic) groups
of workers, they differ in productive type within groups, and the initial signal on
match quality is nontrivial.
The economy is populated by a continuum of risk-neutral workers of measure
4

one and a continuum of firms that post vacancies in a labor market with search
frictions. Firms are identical. Workers differ in type α and in (ethnic) group i = B, W ,
where B stands for Black and W for White. The measure of each group is mi , with
mB + mW = 1. The distribution of type in the whole population is group-specific.
The probability function and density of such distributions are, respectively, Ψi (α)
and ψi (α).
Unemployed workers receive job offers at rate λ irrespective of their type. Then
the firm and the worker decide if they form a match. Employed workers may lose
their job: the match is terminated if the match surplus falls to zero or for exogenous
reasons at rate δ. The endogenous measure of group-i unemployed is ui . There is no
on-the-job search.
The output of a firm-worker pair is yαµ = αµ, where µ is match-specific quality.
It is imperfectly observed at hiring, and gradually learnt over tenure. When a firm
and a worker meet, they draw a common signal p0 about the average productivity
of the match. In Moscarini (2005), this signal takes a single deterministic value. To
account for hiring discrimination, we assume the signal is drawn from the nontrivial
group-specific distribution G0i with density gi0 . If they decide to form a match, then
they draw the actual match-specific parameter, µ, which can take two values, µH >
µL , whereas the initial signal determines the probability of being in a good match,
p0 = Pr(µ = µH ) = 1 − Pr(µ = µL ) ∈ (0, 1).
Match productivity is subject to an additional source of idiosyncratic noise. The
cumulative output of a match of tenure t follows a Brownian motion with drift αµ
2
:
and type-specific variance α2 σXi
2
Xαit = α (µt + σXi Zt ) ∼ N (αµt, α2 σXi
t),

(1)

where Zt is a Wiener process that keeps µ hidden. The variance is log-linear in type.
As output is also log-linear in α, the variance-to-output ratio does not depend on α.
After observing flow match output, dXαit , firms and workers update their belief
with regard to match quality using Bayes’ rule. Let pαit be the probability that
the match is good. The standard Wonham (1964) result implies that pαit follows a
diffusion process:
dpαit = σpi (pαit )dZ αit ,
where
σpi (p) = p(1 − p)

5

µH − µL
σXi

(2)

(3)

is the diffusion parameter and
dZ αit =

dXαit − pαit αµH dt − (1 − pαit )αµL dt
ασXi

(4)

is the innovation process, the normalized difference between realized and unconditionally expected flow output. The variable Z αit follows a standard Wiener process.
Equations (2)-(4) imply that beliefs depend on worker group and job tenure, but
not on worker type. Hereafter we simply neglect index α and denote pit .

2.1

Value functions

Because p determines the future prospects of a match, it serves as a state variable for the value functions. Let Wαi (p) denote the discounted total payoffs that
an employed worker expects to receive. Also, let Uαi denote the worker’s value of
unemployment and Jαi (p) be the value of a firm employing this worker.
The worker’s values solve the Hamilton-Jacobi-Bellman (HJB)1 equations:
Z
rUαi = bα + λ

max {Wαi (p) − Uαi , 0} gi0 (p)dp,

1 2
00
rWαi (p) = wαi (p) + σpi
(p)Wαi
(p) + δ[Uαi − Wαi (p)],
2
where bα is unemployment income and wαi (p) is the wage.

(5)
(6)

The value of opening a vacancy is set to zero. In the Appendix, we deduce this
condition from an enriched model where there is a standard constant return to scale
matching function, entry is costly, and firms are free to enter. The value of a filled
job with belief p solves the following HJB equation:
1 2
00
rJαi (p) = αµ(p) − wαi (p) + σpi
(p)Jαi
(p) − δJαi (p),
2

(7)

where µ(p) ≡ pµH + (1 − p)µL is the expected flow output.

2.2

Equilibrium wages and reservation values

The equilibrium wage is pinned down by a generalized Nash bargaining solution,
giving the worker a fraction β ∈ [0, 1] of total match surplus:
Wαi (p) − Uαi = βSαi (p),
where Sαi (p) ≡ Wαi (p) − Uαi + Jαi (p) is the total match surplus.
1

See Appendix B for more details on the derivation of the HJB equations.
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(8)

Using (6) and (7), we can rewrite the total surplus as the following differential
equation:
2
00
(p)Sαi
(p) − rUαi
αµ(p) + 21 σpi
Sαi (p) =
,
(9)
r+δ
0
(pαi ) = 0. Following
subject to value matching, Sαi (pαi ) = 0, and smooth pasting, Sαi

Moscarini (2005) , we solve this differential equation and obtain:
1
−
2

r

1
+2 r+δ
4
s2
i

r

1
+
2

1
+2 r+δ
4
s2
i

αµ(p) − rUαi
(10)
r+δ
where si ≡ (µH −µL )/σXi is the signal/noise ratio. The coefficient cαi and the optimal
Sαi (p) = cαi p

(1 − p)

+

stopping point pαi solve the system of value matching and smooth pasting equations.
The total surplus function is an increasing function of belief p ∈ [pαi , 1].
00
00
The Nash bargaining solution implies βJαi
(p) = (1 − β)Wαi
(p). Using these facts

yield a simple expression for the equilibrium wage:
wαi (p) = βαµ(p) + (1 − β)rUαi ,

(11)

which is increasing in belief p.
Having solved for the equilibrium total surplus, we can plug the general solution
(10) into the value of unemployment (5) using the Nash bargaining solution (8) to
obtain the following return to search:
"
#
r
r
1
1
− 14 +2 r+δ
+ 14 +2 r+δ
R
2
2
2
2
s
s
i (1 − p)
i + αµ(p)
gi0 (p)dp
(r + δ)bα + βλ p (r + δ)cαi p
αi

rUαi =

.

r + δ + βλ(1 − G0i (pαi ))
(12)

Lemma (Worker type heterogeneity) The following statements hold for all
p ∈ [0, 1] and all i = B, W :
(i) the functions Uαi , Wαi , Jαi and wαi are proportional to α, i.e. Uαi = αUi ,
Wαi (p) = αWi (p), Jαi (p) = αJi (p), wαi (p) = αwi (p);
(ii) the belief threshold pαi does not depend on worker type, i.e. pαi = pi .
The Lemma shows that worker type heterogeneity has very simple effects on model
outcomes. In particular, α has a log-linear impact on the wage, it does not affect the
threshold belief below which workers stay unemployed or lose their job, and the
distribution of worker type conditional on worker group is the same in employment
and in unemployment. Three assumptions are key for this result. First, output is loglinear in worker type and match quality. Second, the standard deviation of observed
cumulative output is proportional to worker type. Finally, unemployment income is
also proportional to worker type.
7

2.3

Belief distribution

Let gi (p) be the unnormalized density function of the ergodic belief distribution
among employed workers of group i. For beliefs below the threshold pi , this pdf is
zero, i.e. gi (p) = 0 for all p ∈ [0, pi ). For beliefs above the threshold, the Kolmogorov
forward equation describes the dynamics of this measure. Imposing stationarity we
obtain:
0=
where ui = mi −

R

dgi (p)
d2 1 2
(p)gi (p) + λui gi0 (p) − δgi (p),
= 2 σpi
dt
dp 2

(13)

gi (p)dp. The first term balances all flows that are due to learning.

The second term describes flows of workers to gi (p) from unemployment. The last
term captures the attrition due to exogenous separations.
The forward equation is subject to two boundary conditions. Moscarini (2005)
names the first condition no time spending at pi :
1 2
σ (p )gi (pi ) = 0.
2 pi i

(14)

2
(pi ) 6= 0, this condition implies that gi (pi ) = 0. Hence, the flow number of
As σpi

workers at the bottom of the belief distribution must be 0. By continuity of the
function gi , this number must also be very small just above the threshold pi .
As for the second boundary condition, we integrate equation (13) over the interval
[pi , 1] using the condition gi (pi ) = 0. This leads to the following equation that balances
total flows out of and into unemployment:
Z
Z
1 2
0
λui
gi (p)dp = δ gi (p)dp + σpi
(pi )gi0 (pi ).
2
p

(15)

i

The first and the second terms of the right-hand side measure the total flow into
unemployment due to exogenous and endogenous separation, respectively. Additional
algebra allows us to express the measures of unemployed workers of both types as a
function of exogenous fundamentals and pi :
Z
ui = mi −

2
δmi + 21 σpi
(pi )gi0 (pi )
R
gi (p)dp =
.
δ + λ p gi0 (p)dp

(16)

i

Equation (16) defines gi0 (pi ). This condition is used in the numerical implementation
of the model.
Let g̃i be the density of the ergodic distribution among employed workers. We
R
R
have g̃i (p) = gi (p)/ p≥p gi (p)dp. Similarly, G̃i (p) = Gi (p)/ p≥p gi (p)dp.
i

i
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2.4

Negative stereotyping

The underpinning assumption here is that employers hold negative (rational) beliefs about the quality of black workers. This assumption can be incorporated by
making the group-W distribution of initial signal G0W (p) stochastically dominate the
group-B distribution.
Assumption 1 (Restricted Stochastic Dominance): The distribution G0W (p)
stochastically dominates the distribution G0B (p) at first order
G0B (p) ≥ G0W (p), ∀p ∈ [0, 1]
and
∃p ∈ [pW , 1] s.t. G0B (p) > G0W (p).
Moreover, σXB = σXW = σX .
It implies that the variance of the belief updating process is the same across
2
2
(p) = σp2 (p). The direct consequence of
(p) = σpB
groups, which we simplify to σpW

Assumption 1 is the following proposition.
Proposition 1 (Outside Option Differential I). Under Assumption 1, the
per-type value of unemployement of group-W workers is higher than that of group-B
workers, that is, UW > UB .
The proof of Proposition 1 is stated in the Appendix. This result is entirely due
to between-group heterogeneity. As matches with Black workers are less productive
on average, wage and employment expectations are poorer for Blacks. This translates
into lower returns to search.
We first examine employment discrimination. The model predicts the ethnicspecific job-finding rate jf ri , and the ethnic-specific job loss rate jlri , i = B, W .
Their combination affects unemployment odds for both groups.
Proposition 2 (Employment Discrimination I). Under Assumption 1, the following statements hold:
(i) pW > pB ,
(ii) the job-finding rate differential is
h
i
jf rW − jf rB = λ G0B (pB ) − G0W (pW ) ,
(iii) the job-loss rate differential is
"
#
2
0
2
0
1 σp (pB )gB (pB ) σp (pW )gW (pW )
R
jlrB − jlrW =
− R
.
2
gB (p)dp
gW (p)dp
9

(17)

(18)

The model yields ambiguous employment outcomes. Part (i) thus shows that
White workers are submitted to hiring discrimination. The cause is given by Proposition 1. As the return to search is lower for Blacks, the match surplus conditional on
belief p is always larger for Blacks than for Whites. Thus a belief threshold sustaining
a positive surplus will be lower for Blacks, i.e. pW > pB . It follows that Blacks will be
negatively selected with respect to Whites, and the expected match quality is higher
for Whites.
Taste-based models of discrimination do not necessarily predict that the selection
into employment of one type is necessarily stronger than the other. In such models,
a fixed share of employers have a distaste for Black workers. They only hire Blacks
when the match productivity is very large. This implies that Blacks lose a number
of job opportunities, which negatively affects their outside options. Blacks, therefore,
are cheaper, and unprejudiced employers take advantage of that. They tend to hire
Blacks in low productivity matches as a result. Thus it implies positive selection with
prejudiced employers and negative selection with unprejudiced ones: the overall effect
is ambiguous.
Part (ii) displays the job-finding rate differential.

It is equal to the ethnic-

independent job offer rate λ multiplied by the difference in probability mass at the
hiring threshold. As initial belief distributions and hiring thresholds differ across
types, job-finding rates differ across types and the differential is generally nonzero.
Intuition suggests this differential is positive. However, part (i) implies this is actually ambiguous. On the one hand, first-order stochastic dominance implies that
G0B (p) > G0W (p) at given p. On the other hand, Blacks are negatively selected than
Whites and the threshold pW > pB .
Part (iii) features a similar result. The job loss differential is non-trivial because
there is endogenous separation. On the one hand, blacks are less selected, which
implies they are more often employed in low quality matches. As these jobs must
be destroyed at some finite time, Blacks tend to lose their jobs faster. On the other
hand, the match surplus with such workers is larger. This lengthens expected job
duration at any belief. The learning process implies that at any time there is a flow
of employees who cross the belief threshold pi and lose their job. The actual measure
of this flow depends on (half of) the variance of the learning process σp2 and on the
slope of the density of the ergodic belief distribution, both evaluated at the belief
threshold. Both components can differ across groups, and so the model can predict
heterogenous job loss rates.

10

We now turn to wage discrimination. We distinguish two wage differentials.
Let ωi = wαi /α be the efficient wage, i.e.

the wage by type unit.

We define

∆ω(p) ≡ ωW (p) − ωB (p) as the ethnic efficient wage differential conditional on belief
p. Let also Fi denote the group-i-specific efficient wage distribution, whereas Gi is
the distribution of beliefs. We have
Pr[ωi ≤ ω | i] = Fi (ω).

(19)

Finally, let ωiq = Fi−1 (q) be the q-th quantile of this distribution, whereas z(q) ≡
ωW q − ωBq is the difference in quantile between Whites and Blacks.
Proposition 3 (Wage Discrimination I). Under Assumption 1, the following
statements hold:
(i) for all p ∈ [0, 1],
ωW (p) − ωB (p) = (1 − β)r(UW − UB ) > 0,

(20)

(ii) for all q ∈ [0, 1],


−1
z(q) = β(µH − µL ) G−1
W (q) − GB (q) + (1 − β)r (UW − UB ) ,

(21)

is such that z(0) > z(1) > 0.
Part (i) refers to the theoretical definition of discrimination. In our environment,
two workers with the same type are similar if they hold a job with the same probability
of being of good quality. Thus the (unobserved) p must be the same. Given Blacks
and Whites only differ in G0 , the wage differential at given belief p simply reveals
the outside option differential. Proposition 1 shows that the return to unemployment
is higher for Whites than for Blacks. Thus, all things equal (i.e. at given type and
belief), Whites are better paid than Blacks.
Part (ii) compares the two wage distributions by focusing on their different quantiles. The difference in quantile is composed of two terms. The first term is the
difference in belief quantiles. It captures the difference in belief distributions. The
second term is the difference in outside options. The first term tends to decrease
with q. High quantiles of the distribution correspond to high-quality matches. Thus
p is close to one in both groups, and the wage differential simply reflects the outside
option differential. At low quantiles, we find workers who were just hired with an
initial belief close to the hiring threshold, and more generally workers who are about
to be dimissed. As the threshold is lower for Blacks, the difference in belief quantiles
must be positive. Thus z(0) > z(1).
11

The results of Proposition 3 hold for the efficient wage distribution. These wage
differences are compatible with additional between-group heterogeneity due to different distributions of type in each group.
Overall ex-ante differences in prior distributions can predict that Blacks spend
more time in unemployment, less time in employment, and that they earn lower
wages. They also predict that the racial wage differential is larger at the bottom of
the wage distribution than at its top.

2.5

Screening discrimination

Beyond type heterogeneity, we now suppose the only difference between Blacks and
Whites is due output signals are more noisy for Blacks than for Whites. Meanwhile
prior distributions coincide.
Assumption 2 (Restricted output volatility): The standard deviation of
output is larger for Blacks than for Whites, i.e. σXB > σXW , and G0B = G0W = G0 .
Proposition 4 (Outside Option Differential II). Under Assumption 2, the
per-type value of unemployement of group-W workers is higher than that of group-B
workers, that is, UW > UB .
As information on match quality is poorer for Blacks than for Whites, the match
surplus is lower for Blacks at given belief on match quality. Consequently, and like
the previous case, Blacks have a lower return to search.
Proposition 5 (Employment Discrimination II). Under Assumption 2, the following statements hold:
(i) pW < pB ,
(ii) the job-finding rate differential is
h
i
jf rW − jf rB = λ G0 (pB ) − G0 (pW ) > 0,
(iii) the job-loss rate differential is
"
#
2
0
2
0
1 σpB (pB )gB (pB ) σpW (pW )gW (pW )
R
R
jlrB − jlrW =
−
.
2
gB (p)dp
gW (p)dp

(22)

(23)

Part (i) shows that, unlike the previous case, in the presence of screening discrimination Blacks are positively selected with respect to the Whites. The job tenure does
not provide much information on the match quality when the job is occupied by a
12

black worker. Thus employers rely more on the initial signal. This result also implies
part (ii): as Blacks are more selected, they are less likely to form matches.
As for part (iii), the resulting job-loss rate differential has an ambiguous sign. Like
the previous case, this sign depends on the variance of the learning process σp2 and
on the slope of the density of the ergodic belief distribution at the belief threshold.
Note, however, that Assumption 2 implies that the former is larger for Whites at any
2
2
given p, σpB
(p) < σpW
(p). This tends to increase ceteris paribus the separation rate

of Whites. The overall sign of the differential is ambiguous.
Proposition 6 (Wage Discrimination II). Under Assumption 2, the following
statements hold:
(i) for all p ∈ [0, 1],
ωW (p) − ωB (p) = (1 − β)r(UW − UB ) > 0,

(24)

(ii) for all q ∈ [0, 1],


−1
z(q) = β(µH − µL ) G−1
W (q) − GB (q) + (1 − β)r (UW − UB )

(25)

is such that z(1) > 0 and z(0) < z(1).
Part (i) shows that the wage differential conditional on belief p is positive again.
It reflects the outside option differential, which is positive by Part (i) of Proposition
4. At all match quality, black workers pay the price of lower output observability.
Part (ii) reproduces the formula of the wage quantile differential. Unlike the previous
case, it tends to increase with quantile. The difference in wage quantile is positive at
the top, whereas its sign is ambiguous at the bottom. Blacks are more selected than
Whites. The min probability of having a good match is thus higher for Blacks. This
is reflected by the min of the two wage distributions.
To summarize, differences in output observability can explain racial wage and
employment disparities. They also predict that wage differentials are higher at the
top than at the bottom of the wage distribution.
Illustration.—We suppose that σXB = ∞ and job tenure does not provide any
information. Meanwhile, σXW = 0, and match quality is revealed right after hiring.
When σXB = ∞, the diffusion parameter sB = 0. Thus the standard deviation
σpB (p) = 0 for all p ∈ [0, 1]. It follows that the belief on match quality does not
change over tenure. The initial wage does not change with tenure and job separation
only occurs for exogenous reasons.
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The match surplus is equal to
µ̄(p) − rUB
,
r+δ

SB (p) =

(26)

whereas the return to search is
Z

1


max

rUB = b + βλ
0


µ̄(p) − rUB
, 0 g 0 (p)dp.
r+δ

(27)

When σXW = 0, match quality is immediately revealed. Thus the belief jumps to
p = 1 if µ = µH or p = 0 if µ = µL . In the former case, the worker keeps the job
until exogenous separation occurs. In the latter case, the worker immediately quits
the job and searches for another one.
As information acquisition is instantaneous, all contacts lead to matches. Thus
pW = 0 < pB . The return to search is
Z

1

rUW = b + βλ

pSW (1)g 0 (p)dp.

(28)

0

For a given rU , we have µ̄(p) − rU < pµH − rU . It follows that rUW > rUB .
The transition rates are
jf rW = λ > jf rB = λ[1 − G0 (pB )],
Z 1
jlrW = λ
(1 − p)g 0 (p)dp + δ > jlrB = δ.

(29)
(30)

0

In this particular case, jobs last longer for Blacks.
Wages are constant for Blacks. Thus the wage distribution coincides with the
initial wage distribution. As for Whites, the initial wage distribution covers the
unconditional prior distribution. However, such wages do not last: right after hiring
only good matches survive and pay βµH + (1 − β)rUW .

3

Estimation
We use worker-level data from the 2010 Current Population Survey (CPS). We

merge the Monthly Outgoing Rotation Groups (MORG) with the Basic Monthly
(BM) extracts, thus obtaining information on individual wages and transition rates
across employment and unemployment. Our sample consists of individuals between
18 and 65 who declare themselves to be either black or white only. We restrict our
sample to males without a college education.
We use simulation methods to estimate the structural parameters of the model.
Following Gourieroux et al. (1993), we estimate the model by indirect inference. It
14

consists of a simulated minimum distance estimator, in which some of the moments
the estimator seeks to match are parameters from reduced-form auxiliary models that
capture important aspects of the data-generating process. In the following paragraph
we describe the mechanics of the estimator.
Let θ denote the vector of structural parameters (to be specified in the next
subsection), m̂S (θ) denotes the model-generated vector of parameters of the auxiliary
models and m̂ its empirical counterpart. The estimation procedure finds θ such that
the distance between the model-generated moments and their empirical counterparts
is as small as possible, according to the following criterion function:
0−1

1
m̂ − m̂S (θ)
m̂ − m̂S (θ) .
(31)
2
Theoretical moments are obtained by simulating the model. In this procedure, we
LN (θ) =

give equal weight to all moments.

3.1

Econometric specification

To estimate the model developed in Section 2, we make parametric assumptions
and calibrate a number of parameters. The population shares of worker types, mW
and mB , are observed (92% and 8%, respectively). The monthly discount rate, ρ, is
set at 0.0043 (equivalent to 5% per annum). Workers’ bargaining power, β, is set to
1/2.
We assume that G0B (p) and G0W (p) have a truncated log-normal distribution with
bounds [0, 1]. For all p ∈ [0, 1] and i = B, W ,
G0i (p) =

pηi

1
√

−

(ln p−γi )2

2η 2
e
2π
 
i
Φ −γ
ηi

,

(32)

where γi and ηi are, respectively, the log-scale and shape parameters of the distribution, and φ and Φ are, respectively, the pdf and the cdf of the standard normal
distribution.
We are left with the following vector of eleven parameters to estimate:
θ = {γW , γB , ηW , ηB , µH , µL , σXW , σXB , b, λ, δ} .

3.2

(33)

Auxiliary models

Our model predicts ethnic-specific labor market transition probabilities and wage
distributions. We use these different predictions as auxiliary models in our estimation
procedure.
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There are four different monthly probabilities of transition across labor market
states: the average probability of transitions from job to unemployment, JT Ui (θ),
and the average rates of transition from unemployment to job, U T Ji (θ), i = B, W .
As the job-finding and job destruction rates do not depend on worker type, we have:
!
1 2
0
(p
(p
σ
)g
)
pi
i i
JT Ui (θ) = 1 − exp −δ − 2 R i
(34)
gi (p)dp


0
U T Ji (θ) = 1 − exp −λ[1 − Gi (pi )]
(35)
The average probability that an employed worker becomes unemployed, JT Ui (θ),
has an exogenous component, δ, which is assumed to be common to both races. It also
has an endogenous component depending on the flow number of employed workers
who reach the belief threshold pi and subsequently lose their job. When the product of
the variance of the belief process at belief threshold σp2 (pi ) by the normalized density
gi0 (pi )/(1 − ui ) is larger for Blacks than for Whites, this flow number is larger for
Blacks and they are more likely to lose their jobs.
Similarly, the average probability that unemployed workers find jobs, U T Ji (θ), is
governed by the product of the exogenous job meeting rate λ common to both groups
and the probability of drawing a prior associated with positive surplus, 1 − G0i (pi ).
The difference in initial belief distributions is the only source of racial gap in the
job-finding rate.
To measure these probabilities, we follow Shimer (2012). The details are explained
in Appendix A. To make sure that the estimated differences in the job-finding and
the employment exit probabilities are not due to the particular phase of the business
cycle, we calculate them from January 2007 to December 2013.
The results, shown in Figure 1, portray striking racial gaps in both probabilities.
The probability that an unemployed black worker finds a job is on average 30%
lower compared to his white counterpart over the observed period. Similarly, black
employees are 1.5 times more likely to lose their job. The magnitude of ethnic gaps in
transition probabilities are consistent with longer unemployment duration and higher
unemployment rates for blacks as reported in Lang and Lehmann (2012).
Figure 1 also show that racial gaps in transition probabilities are relatively stable
over the business cycle. The only exception is the job-finding probability of black
workers, which takes slightly longer to react to a change in business cycle conditions
at the beginning of the Great Recession.
As for wages, equation (11) implies that there is a one-to-one mapping of posterior
beliefs to equilibrium wages by type. Thus, the observed distribution of wages by
16

Figure 1: The ins and outs of unemployment, prime-age men with no college.
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Notes: Prime-age men with no college, 2007m1-2013m12, 12 months moving average of monthly data.
Source: Current Population Survey and authors' calculations.

type reveals the equilibrium distribution of beliefs. In particular, the initial wage
distribution reveals the prior distribution.
Following Lemma 1, we need to purge wage data from worker type heterogeneity
α. We estimate Mincer wage regressions for the two groups. CPS data do not allow
us to estimate worker fixed effects. Thus we estimate the following cross-sectional
regression:
ln wj = A0j d + a0 + a1 Blackj + a2 τj + a3 Blackj .τj + ej ,

(36)

where Aj is a vector of individual characteristics, Black is a dummy variable equal to
one when the individual is black, τj is tenure, and ej is the error term. The parameters
a2 and a3 measure the apparent race-specific returns to tenure.
We then compute efficient wages as follows:
ln ωj = â0 + â1 Blackj + â2 ln τj + â3 Blackj .τj + êj .

(37)

Thus we remove observed characteristics and their return from log wage observations. Figure 2 depict the resulting initial and unconditional wage distributions,
whereas Table 1 provides their main moments.
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Figure 2: Residual uncoditional and initial log wage distributions.
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Table 1: Summary Statistics of Residual Log Wages

Unconditional
Whites
Blacks
Total
Initial
Whites
Blacks
Total

Mean

S.D.

Min

Max

Obs.

1.835
1.753
1.828

0.319 1.164 2.635 6155
0.309 1.112 2.503 571
0.319 1.112 2.635 6726

1.734
1.642
1.727

0.296 1.164 2.635 1325
0.293 1.117 2.487 121
0.297 1.117 2.635 1446

The mean wage differential is 8 log points for the unconditional wage distribution, and 7 log points for the initial wage distribution. The standard deviation is
roughly the same for all wage distributions and amounts to 3 log points. The shape
of unconditional wage distributions calls for a combination of differences in initial
prior distributions and in output observability. The difference in unconditional wage
quantile is indeed nonmonotonic in quantile.
In line with Propositions 3 and 6, we target fives quantiles of the unconditional
wage distribution, and similar quantiles of the initial wage distribution. This leaves
us with 14 moments for 9 parameters.
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3.3

Model fit

Table 2 gives the parameter estimates. We only provide their means. In the
future version of this paper, we will also provide their standard deviation obtained
by bootstrap.
Table 2: Parameter Estimates
γ̂W
0.462

γ̂B
0.427

η̂W
0.124

η̂B
0.163

µH
µL
22.54 -7.01

σXW
395.30

σXB
554.67

b
-5.733

λ
0.199

δ
0.025

The means of the two initial belief distributions are 46.2% and 42.7% for Whites
and Blacks respectively.2 They differ by 3.5 percentage points. Their standard deviations are 12.4% and 16.3% respectively. The volatility of initial beliefs is thus large,
meaning that we are far from Moscarini (2005) who assumes there is a single prior
common to all new matches. The reason is that wage dispersion at the moment of
hiring is as large as the unconditional wage dispersion as shown in Table 1.
The productivity of a good match is about 23, against -7 for the productivity
of a bad match. This difference is quite large. To be compatible with non-trivial
endogenous separation (i.e. people in a bad match are not immediately fired), output
must be noisy. This is why the standard deviation of the output signal is 395 and
555 for Whites and Blacks respectively. Unemployment utility flow is −5.7 < 0. It
is small compared with the highest wage. What this means is that unemployment
income does not affect workers’ and firms’ hiring and separation decisions. The jobmeeting rate common to both groups is close to 0.2, whereas exogenous separation
occurs at rate 0.025.
Table 3 compares the model outcomes with the empirical moments chosen for the
estimation. Given the small set of potential differences between Blacks and Whites,
the model reproduces quite well the characteristics of empirical wage distributions. It
is less successful in matching empirical transition rates that we document in Section
3. The job-finding rate differential is underestimated, and there is no difference in
estimated race-specific job-separation rates.
Figure 3 depicts the initial and ergodic distributions of beliefs about match quality.
The ergodic distributions are slightly more dispersed than the initial distributions.
They feature a fat right tail. The threshold belief above which workers are hired and
below which they quit the job, pW = 0.315 and pB = 0.314, are also shown. The two
2

The mean, γ̂j , and standard deviation, η̂j of the lognormal distribution
q with log-scale and shape

parameters γj and ηj are obtained using γ̂j = exp(γj +ηj2 /2) and η̂j =
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exp(2γj + ηj2 )(exp(η 2 ) − 1).

Table 3: Goodness of Fit
Model
(1)
Transition Rates
Unemployment to Job

Data
Mean Sd
(2)
(3)

White
0.165 0.190
Black
0.138 0.125
Job to Unemployment
White
0.033 0.029
Black
0.031 0.039
Unconditional Wage Distribution
Min
White
3.335 3.202
Black
2.995 3.040
25th percentile
White
5.068 4.944
Black
4.506 4.614
Median
White
6.250 6.195
Black
5.673 5.594
75th percentile
White
7.770 7.835
Black
7.286 7.092
95th percentile
White
10.311 10.957
Black
10.125 10.008
Initial Wage Distribution
Min
White
3.335 3.203
Black
2.995 3.054
25th percentile
White
4.509 4.581
Black
3.943 4.301
Median
White
5.482 5.460
Black
4.993 5.070
75th percentile
White
6.716 6.840
Black
6.503 6.129
95th percentile
White
8.964 9.818
Black
9.451 8.855

–
–
–
–
–
–
–
–
–
–
–
–
–
–
–
–
–
–
–
–
–
–
–
–

thresholds are almost identical. The two forces driving the differential in opposite
directions compensate. On the one hand, negative stereotypes reduce selection for
Blacks (Proposition 2 implies pW > pB ). On the other hand, differential output
observability, σXB > σXW , increases such selection (Proposition 3 implies pW < pB ).
Meanwhile, the probability mass located at the right side of the threshold is larger
for Whites than for Blacks (90.6% versus 74.1%), which explains why the former find
jobs faster.
The job loss rate differential is very small and of the opposite sign than in the data.
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Figure 3: Prior and Ergodic distributions of beliefs
The reason why Blacks have a smaller job-loss rate than Whites in the estimated
model can be inferred from Proposition 2. Part (ii) states that the type-i specific
endogenous component of the job destruction rate is 0.5σp2 (pi )gi0 (pi )/(1 − ui ). On
the one hand, the initial belief distribution is quite concentrated and its mean is
close to the threshold belief. Thus many Black workers are initially closed to the
threshold belief, which implies that the normalized density of the ergodic distribution
is very steep at this threshold, i.e. gB0 (pB )/(1 − uB ) is large. On the other hand, a
higher output observability noise for Blacks lowers the volatility of the belief updating
process. Given that the limit thresholds are almost identical to pB = pW , equation
(3) implies that σp2 (pB ) < σp2 (pW ). The latter effect appears to be quantitatively more
important.
There are two ways to alter this property. First, we can try to modify the different
parameters until the endogenous slope g 0 (p)/(1 − u) becomes much larger for Blacks
than for Whites. Second, we can consider race-specific µH and µL . This would allow
us to increase the volatility σp2 (pB ), so that more Blacks would cross the threshold pB
and job separation would be larger for them.
Figure 4 shows the predicted and empirical wage quantiles of the different distributions. The figure displays the two cumulative functions for Black and White
workers. Beyond the general shape of the different curves, the main comment to
make is about the wage differential by wage level. In the raw data that we use, the
wage differential is relatively small at the top and at the bottom of wage scale, and it
is relatively large in the middle of the distribution. Our model is able to accommodate
such regularity using both mechanisms, differences in prior belief distributions and
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differences in output observability. In the following section we provide more intuition
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Figure 4: Fit of the Wages

3.4

Counterfactuals

We examine two counterfactual scenarios. In the first one, output noise is the same
for Blacks and Whites. Thus we keep all parameter estimates but one: σXW = σ̂XB .
In the second one, the initial prior distribution is the same for Blacks and Whites.
Thus we impose γW = γB and ηW = ηB . In both cases we neglect equilibrium effects
that transit through a change in market tightness and associated job contact rate (see
Appendix D).
Table 4 shows the results of the simulations. Columns 1 and 2 display key moments
of endogenous objects in the unrestricted estimation. Column 3 displays similar
moments when we allow for differences in prior beliefs only. In column 4, differences
in output observability is the only source of differences between the two groups.
Changing black-specific deep parameters does not affect Whites’ outcomes because
of the assumption of constant exogenous contact rates. Finally, Figure 5 depicts the
simulated unconditional log wage distributions for the unrestricted case and both
counterfactual scenarios.
Same output observability. The results in column 3 of Table 4 show that differences
in output observability contribute to generating low job-finding rates of Blacks. This
is due to the selection effect established in Proposition 5. Also, higher output noise
for Blacks result in a lower variance of belief updating process, which dampens the
amount of endogenous separations. Shutting it down increases the Black-specific
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Whites

Blacks
Unrestricted σXW = σXB

ηW = ηB
γW = γB

(1)

(2)

(3)

(4)

Unemployment to Job

0.165

0.138

0.145

0.160

Job to Unemployment

0.033

0.031

0.034

0.031

Mean

6.575

6.088

6.284

6.373

S.D.

1.941

2.026

2.202

1.764

Mean

5.667

5.350

5.261

5.706

S.D.

1.562

1.850

1.885

1.529

Transition Rates

Wage Distribution
Unconditional

Initial

Table 4: Counterfactual Scenarios
separation rate from 0.31 to 0.34.
The bottom panel of Table 4 shows that differences in output observability explains
40% of the total average racial wage gap. This result is in line with Proposition 6.
Figure 5a reveals more details of the contribution of this channel to wage differentials.
Shutting down the difference in output observability increases differences in quantiles
between Whites and Blacks at the bottom of the distribution.
Same initial prior distribution. The upper panel of column 4 of Table 4 reveals
that differences in job-finding rates are almost entirely driven by the differences in
initial prior distribution. Switching off this channel almost equalizes the two rates.
Also, stereotypes explain about 60% of the unconditional average racial wage gap.
Figure 5a portrays the impact of differential output observability on the unconditional wage distribution. In essence, higher output noise for Blacks results in employers valuing significantly less individual signals. This translates into anti-clockwise
rotation of the unconditional wage distribution. As a consequence, the difference
in quantiles between Whites and Blacks at the bottom of the distribution becomes
slightly negative, wheras the gap tends to increase with quantile.
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Figure 5: Simulated Log Wages

3.5

Returns to tenure

We conclude this Section by discussing the predicted returns to tenure for both
ethnic groups. Our discussion follows Fryer Jr et al. (2013). They develop a stylized
three-period model of statistical discrimination. The model predicts that Black and
White wages converge with tenure. They also provide evidence in favour of this thesis.
They use a recent dataset from the Princeton University Survey Research Center and
estimate that the return to tenure is larger for Blacks by 1.1 log points.
Figure 6 reports the predicted log mean wage differential by tenure. It is built
from the simulation of 10,000 individual trajectories, with a 50-50 Black-White divide.
The curve is smoothed to avoid artificial fluctuations due to sample attrition. The
horizontal line is the minimum log wage differential between the two groups. It reflects
the racial differential in the return to search.
The mean wage differential is nonmonotonic with tenure. It initiallly amounts to
4 log points, 1.5 log points above the minimum log wage differential. It then increases
over tenure, reaches 7 log points slightly before 15 years, and then falls. As in Fryer Jr
et al. (2013), Black and White wages do converge, but the process is nonmonotonic
and excessively slow.
Our model with initial prior differences broadly capture Fryer Jr et al. (2013)
argument. Proposition 3 shows that the wage quantile decreases with quantile, which
is mostly due to the fact that Blacks have larger returns to tenure through selection.
However, CPS data do not feature such a monotonic decline in wage quantiles. This
is why we estimate that output observability differs across groups. Blacks become as
selected as Whites, learning on match quality is very slow when the job is occupied
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Figure 6: Racial Gap - Tenure profile
by a Black worker. Both properties imply that the wage gap is initially positive and
increasing over tenure. After 15 years, most of the possible gains have been achieved
for Whites and wages do not increase much more after this date. The learning process
being slower for Blacks, such workers still gain more with tenure and the wage gap
declines.

4

Conclusion
This paper is the first one to estimate the structural parameters of an equilib-

rium search model of statistical discrimination. We consider a variant of Moscarini
(2005) who embeds a learning model à la Jovanovic (1984) into the canonical DMP
model of equilibrium search unemployment. In this model firms have a priori beliefs
on match quality, and output observability is complicated by a noise that follows a
Brownian motion. The model generates a stationary distribution of beliefs on match
quality. This distribution translates into a stationary distribution of wages with empirically appealing properties. We extend this model to two sub-populations, Blacks
and Whites, and we add more initial belief heterogeneity to account for hiring discrimination. We show how the model can predict wage and employment outcomes
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for both groups. We then estimate it on CPS data by indirect inference.
We see several avenues for research. A first extension would introduce on-the-job
search. Such a model would enrich our discussion of the returns to tenure and experience. In the same vein, a second extension would focus on human capital investments.
Finally, different employers might have different abilities in signal extraction. For instance, Black employers could be more able than Whites to detect good matches when
the employee is black.
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A

Measuring the ins and outs of unemployment
To measure the probability that an employed worker becomes unemployed, JT Ut ,

and the probability that an unemployed worker finds a job, U T Jt , we follow Shimer
(2012). Let ut denote the number of unemployed workers at the end of month t and
ust the number of workers who at time t have been unemployed for less then a month,
the so-called short-term unemployed; then U T Jt can be backed out from the data
using:
ut+1 = (1 − U T Jt )ut + ust+1 ,

(38)

which implies

ut+1 − ust+1
.
(39)
ut
To calculate the employment exit probabilities, we assume that there is no possiU T Jt = 1 −

bility of both finding and losing a job within one month, which yields the following
expression:

ust+1
,
(40)
lt
where lt is the stock employed persons. We are aware that time aggregation may cause
JT Ut =

a bias in our employment exit probabilities, however there is no reason to believe that
the bias may differ across races.

B

Hamilton-Jacobi-Bellman equations
The derivation is based on Stokey (2008).
Let w(p) a return function and r is the interest rate. Ignore the exogenous job

destruction shock, δ, and consider an infinite stream of returns, w(p), where p is
a diffusion with infinitesimal parameters µ(p) and σ(p). Define W (p0 ) to be the
expected discounted value of the stream of returns given the initial state p(0) = p0 :
Z ∞

−rt
W (p0 ) ≡ E
e w(p(t, ω))dt | p(0) = p0 , ∀p0 .
(41)
0

For any small interval of time ∆t, (41) has the Bellman-type property:
W (p0 ) ≈ w(p0 )∆t +

1
E [W (p(0 + ∆t)) | p(0) = p0 ] .
1 + r∆t

(42)

Multiply this equation by (1 + r∆t), subtract W (p0 ) and divide by ∆t to get
rW (p0 ) ≈ w(p0 )(1 + r∆t) +

1
E [W (p(0 + ∆t)) − W (p0 ) | p(0) = p0 ] .
∆t
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(43)

Let ∆t → 0 to find that
rW (p0 ) ≈ w(p0 ) +

1
E [dW | p(0) = p0 ] .
dt

(44)

Next, we approximate the total differential of W (t, p), called dW , with a Taylor
series expansion. Let Wt ≡ ∂W/∂t, Wp ≡ ∂W/∂p, and so on, to denote the partial
derivatives of W . We have
1
dW = Wt dt + Wp dp + Wpp (dp)2 + . . .
2

(45)

Equation (2) established that p is a diffusion with initial value p(0) = p0 , zero
L
drift µp (p) = 0 and a diffusion parameter σp (p) = p(1 − p) µHσ−µ
. Plug it into (45) to
X

find
1
dW = Wt dt + Wp σp (p)dZ + Wpp σp (p)2 (dZ)2 .
2
Since Z is a standard Wiener process, E[dZ] = 0 and E[(dZ)2 ] = dt. Hence,
1
E[dW ] = [Wt + σp (p)2 Wpp ]dt.
2

(46)

The function W does not directly depend on time, so using (46) in (44) and
dropping the subscript on the initial condition produces the HJB equation:
1
rW (p) = w(p) + σp (t)2 W 00 (p).
2

C

(47)

The solution of the HJB equation

The solution is a slight amendment to Moscarini (2005). It can be verified directly.
p
Define n = 1/4 + 2(r + δ)/s2i . Thus,
Si0 (p) = ci (1/2 − n)p−1/2−n (1 − p)1/2+n
− ci (1/2 + n)p1/2−n (1 − p)−1/2+n
µ0 (p)
+
r+δ
= ci p−1/2−n (1 − p)−1/2+n (1/2 − n − p) +

µH − µL
.
r+δ

(48)

and
Si00 (p) = ci (1/2 − n)(−1/2 − n)p−3/2−n (1 − p)1/2+n
− ci (1/2 − n)(1/2 + n)p−1/2−n (1 − p)−1/2+n
− ci (1/2 + n)(1/2 − n)p−1/2−n (1 − p)−1/2+n
+ ci (1/2 + n)(−1/2 + n)p1/2−n (1 − p)−3/2+n
= −ci (1/4 − n2 )p−3/2−n (1 − p)−3/2+n .
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(49)

Finally, plugging (49) into (9) verifies the solution (10).
Also, note that ci and pi solve the following system of equations:
(1 − pi )−1/2+n (1/2 − n − pi ) +
Si0 (pi ) = ci p−1/2−n
i
1
−
2

Si (pi ) = ci pi

D

r

1
+2 r+δ
4
s2
i

(1 − pi )

1
+
2

r

1
+2 r+δ
4
s2
i

+

µH − µL
= 0,
r+δ

µ(pi ) − rUi
r+δ

= 0.

Endogenous contact rate
In the model the value of a vacancy is arbitrarily set to 0, whereas the contact rate

λ is exogenous. As in Papageorgiou (2014), this assumption is innocuous. Suppose
there is a constant-return to scale Cobb-Douglas matching function that sets the
number of meets. Then the contact rate is λ(θ) = Aθα , where θ is the vacancy-tounemployed ratio. Moreover, suppose that holding a vacancy involves paying the flow
cost κ. The value of a vacancy V solves
λ(θ) X
rV = −κ +
mi
θ
i

Z

1

[Ji (p) − V ]gi0 (p)dp.

(50)

pi

Assuming free entry of new firms leads to V = 0 and so
Z 1
λ(θ) X
mi
κ=
Ji (p)gi0 (p)dp.
θ
p
i

(51)

i

Thus for a given set of parameter estimates and a given θ, we compute
we set A = λθ−α and we finally choose κ as in equation (51).

E

λ
θ

P

i mi

R1
pi

Ji (p)gi0 (p)dp,

Proofs
Proof of Proposition 1. Outside Option Effects
Proof by contradiction. Assume UW ≤ UB . Using (5) and (8), the value of

unemployment can be rewritten as
1

Z

0
(p)dp.
max{SW (p), 0}gW

rUW = b + βλ

(52)

0
00
The surplus equation (9) implies that SW
(p) = SB00 (p) and thus SW (p) ≥ SB (p),

for all p ∈ [0, 1]. Using this fact
Z
rUW ≥ b + βλ

1
0
max{SB (p), 0}gW
(p)dp.

0
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(53)

Since Si (p) is strictly increasing in p ∈ [pi , 1], Assumption 1 also implies
Z
b + βλ

1
0
(p)dp
max{SB (p), 0}gW

Z
> b + βλ

1

max{SB (p), 0}gB0 (p)dp = rUB . (54)

0

0

And so we have proved UW > UB . This contradicts the assumption that UW ≤ UB .
Thus, UW > UB .
Proof of Proposition 2. Employment discrimination I.
Part (i). Forthcoming.
Part(ii). The group-i specific job-finding rate is jf ri = λ[1 − G0i (pi )], i = B, W .
The result follows from part (i) and Assumption 1.
Part (iii). At any time, the flow number of group-i workers who lose their job
is δ(1 − ui ) + .5σ 2 (pi )gi0 (pi ). Thus the group-i specific job-loss rate is jlri = δ +
.5σ 2 (pi )gi0 (pi )/(1 − ui ), i = B, W . The result follows.
Proof of Proposition 3. Wage discrimination I.
Part (i). We have ωi (p) = β µ̄(p) + (1 − β)rUi for i = B, W and p ∈ [pi , 1]. This
proves the result.
Part (ii). We have
Pr[ωi ≤ ω | i] = Pr[β µ̄(p) + (1 − β)rUi ≤ ω | i]
= Pr[p ≤ β −1 (ω − (1 − β)rUi − βµL )/(µH − µL ) | i]
= G̃i [β −1 (ω − (1 − β)rUi − βµL )/(µH − µL )]
= Fi (ω).

(55)

Thus
ωiq = Fi−1 (q)
= β(µH − µL )G̃−1
i (q) + (1 − β)rUi + βµL .
The result follows.
Proof of Proposition 4. Outside option differential II.
Forthcoming.
Proof of Proposition 5. Employment discrimination II
Part (i). Forthcoming.
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(56)

Part (ii). The group-i specific job-finding rate is jf ri = λ[1 − G0 (pi )], i = B, W .
The result follows from part (i).
Part (iii). See part (iii) of Proposition 2.
Proof of Proposition 6. Wage discrimination II.
Part (i). The result follows from Proposition
4. i
h
Part (ii). We have z(0) = β(µH − µL ) pW − pB + (1 − β)r (UW − UB ) < (1 −
β)r (UW − UB ) = z(1).
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