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1. Introduction

Differences in labor market outcomes between blacks and
whites have long been a focus of the labor economics literature.1
While much of the literature has focused on the black–white
wage gap, increasing attention is being paid to differences in
employment rates. In particular, the channel through which
discrimination plays a role may have less to do with wages paid
but more to do with whether or not the individual is hired in
the first place. Indeed, results from Bertrand and Mullainathan
(2004) suggest that even having an African–American name on
your resume can result in a lower probability of being called in for
an interview.
In this study we examine differences in labor market outcomes

between black and white teenagers living in southern states.
Data from the Current Population Survey (CPS) show that white
teenagers in southern states earn wages that are 6.5% higher than
their black counterparts. However, this gap is small relative to the
gap in unemployment rates: black teenagers face unemployment
rates that are 72% higher than their white counterparts.

∗ Corresponding address: Department of Economics, DukeUniversity, Box 90097,
Durham, NC 27708, United States. Tel.: +1 919 660 1816.
E-mail address: Psarcidi@econ.duke.edu (P. Arcidiacono).

1 See Altonji and Blank (1999) for a review.
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Productivity differences would seem to be unable to account
for this employment gap when we break down the data by age.
Nineteen-year-old black teenagers receivewages identical to those
of eighteen-year-old whites yet their unemployment rate is 62%
higher. Further, nineteen-year-old blacks have unemployment
rates virtually identical to those of sixteen-year-oldwhites, despite
having wages that are 16% (over 90 cents an hour) higher. While
the within-race pattern of higher wages being coupled with
lower unemployment rates holds across ages, older blacks may
have higher wages and higher unemployment rates than younger
whites.
These cross-race differences in the probabilities of finding

work have a compounding effect, as teenagers take into account
labor market conditions when deciding to participate in the labor
market. White teenagers have labor force participation rates that
are over 40% higher than those of their black counterparts. This
holds despite the fact that blacks come from more disadvantaged
backgrounds—a feature that is generally associated with higher
labor force participation rates for teenagers.2
To explain these trends, we formulate a two-sided matching

model that incorporates search discrimination. Individuals and
firms match through a one-shot game where both the labor
supply of workers and the search rates of firms are endogenous.

2 See Ahn et al. (forthcoming).
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Individuals who search emit signals regarding their characteristics
and firms can target their search based upon these signals. The
employment level associated with each signal is then determined
by amatching function. Since the firms are identical, expected zero
profit conditions must hold across signals. The degree to which
signals are correlated across race and age will then dictate how
well firms are able to discriminate at the search stage through
targeting their search. Matched firms and workers then negotiate
over the wage according to Rubinstein bargaining.
We estimate the model using a twelve-year band of the basic

monthly outgoing rotation files of the CPS from 1989 to 2000.
Model estimates show that productivity differs significantly by
race and age. Firms are to able to target their search much more
easily on the basis of race than on the basis of age. These racial
differences in employment and wage prospects are then shown
to explain approximately half of the difference between black and
white labor force participation rates.
We use the estimates of the model to simulate how removing

targeted search affects the labor market outcomes for blacks and
whites. Removing the targeting breaks a large portion of the tie
between race and unemployment,with some gap remaining due to
the average value of a match being lower for a black teenager than
for a white teenager. Lower match values for blacks means that
pooling blacks with whites leads to higher unemployment rates
for whites. This leads to a feedback effect in that whites respond to
the higher unemployment rates by becoming less likely to search.
The rest of the paper proceeds as follows. Section 2 describes

the data and the patterns that the model must be able to explain.
Section 3 proposes themodel. Section 4 shows how the data can be
used to structurally estimate the model. Results are presented in
Section 5 with policy simulations conducted in Section 6. Section 7
concludes.

2. Data

We now describe the data that motivates the model. We use
twelve years of the basic monthly outgoing rotation groups (ORG)
survey files of the CPS from 1989 to 2000. The CPS ORG survey
is ideal for estimating our model as the hourly wage variable is
obtained directly from the survey without imputation. We use
black and white male teenager workers aged 16 to 19 during
non-summer months to look for evidence of discrimination at
the employment stage. These teenagers are matched with their
parents to obtain household characteristics.3We focus our analysis
on data from southern states as defined by the CPS due to themuch
larger percentage of blacks in this area.4 Although we pool both
teenagers who are enrolled in school and those who are not, the
same basic patterns hold within these two groups.
From the CPS, we collect the hourly wage, the individual’s

employment status, whether the individual is looking for work,
and demographic characteristics.5 We define individuals as being

3 Household characteristics are only calculated for those who are living with a
parent or a guardian.
4 The southern states are defined by the CPS areAlabama, Arkansas, Delaware, the
District of Columbia, Florida, Georgia, Kentucky, Louisiana, Maryland, Mississippi,
North Carolina, Oklahoma, South Carolina, Tennessee, Texas, Virginia, and West
Virginia.
5 The demographic characteristics we use are parental education, whether the
teenager comes from a single-parent home, and the employment status of the head
of household. All income variables are adjusted to 2000 dollars using the CPI. To
correct for misreporting of the hourly wages, if a teenager’s reported wage is below
the minimumwage but within twenty-five cents, we attribute the minimumwage
to them. Teenagers who report an hourly wage more than twenty-five cents below
the minimum wage, and those who report being employed but do not report an
hourly wage, are excluded from our sample.
in the labor force when they are either employed or looking for
work. Particularly relevant for the teenage labor market is the
minimumwage. In all of the southern states, the bindingminimum
wage is the federal minimum wage.6

Table 1 gives descriptive statistics by race and age. One
surprising feature of the descriptive statistics is that blacks are
forty per cent less likely to be in the labor force than their white
counterparts. Given that black teenagers are coming from worse
family situations, we would expect that black teenagers would
be more likely to search than whites. The fact that this is not so
is suggestive that blacks are facing substantially different labor
markets compared to whites.
Support for the black teenage labormarket being different from

the white teenage labor market can be found in examining the
differences in unemployment rates across the races. Here we see
that blacks have unemployment rates that are over seventy per
cent higher than those of whites. Wages for blacks are lower than
those for their white counterparts, with whites earning about six
and ahalf per cent (forty cents anhour)more thanblacks. However,
this six and a half per cent difference is small relative to the large
differences in employment rates.
White teenagers are more likely to search as age is increased

and this may be because of better labor market outcomes due
to increases in their own skill level. Unemployment rates are
eighty-seven per cent higher for sixteen-year-old whites than for
nineteen-year-old whites. Sixteen-year-old whites who do find
jobs have wages that are on average one dollar and sixty cents
lower than those of their nineteen-year-old counterparts. Similar
age trends are seen for blacks. Nineteen-year-old blacks are almost
three timesmore likely to be in the labormarket than sixteen-year-
old blacks. Conditional on finding a job, sixteen-year-old blacks
earn on average more than a dollar less than nineteen-year-old
blacks.
The most striking feature is how the sample statistics vary

across races. Table 1 debunks the notion that the differences in
employment rates are driven solely by differences in productivity
by blacks and whites. Nineteen-year-old blacks earn almost a
dollar more an hour than sixteen-year-old whites and yet face
virtually the same unemployment rates. The data suggest that
search may be an important explanation in the differences in
black–white outcomes, with firms more easily able to target their
search based upon race than age.

3. Model

In this section we present a model designed to capture the key
features of the data. Namely, our model needs to be able to explain
why older blacks earn more than younger whites yet have higher
unemployment rates. Further, the model needs to incorporate
blacks responding to the poorer labor market conditions by being
less likely to enter the labor market. Finally, we want the model to
be simple enough such that we can take it to the data.
Capturing these features necessitates departing from the

traditional search literature which has generally focused on the
intersection of search and wages. For example, the approach taken
in Wolpin (1992), Eckstein and Wolpin (1995, 1999), and Bowlus
and Eckstein (2002) treats the arrival rates of job offers as
reduced form parameters and does not model the labor force

6 In nominal terms, theminimumwagewas $ 3.35 in 1989. The federalminimum
wage increased to $ 3.80 on April 1st, 1990 and increased again on April 1st, 1991 to
$ 4.25. Theminimumwagewas increased again on October 1st, 1996 to $ 4.75, with
the final minimum wage change over the sample period occurring on September
1st, 1997 to $ 5.15.
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Table 1
Sample statistics for southern states by age and race.

Age
Overall 16 17 18 19

Pr(Search) 0.534 0.323 0.464 0.615 0.739
Pr(Employed | Labor force) 0.777 0.669 0.753 0.797 0.823

Whites Hourly wage 6.63 5.73 5.92 6.68 7.32
(1.73) (0.949) (1.03) (1.67) (2.00)

Pr(Min. wage binds|Employed) 0.169 0.299 0.235 0.150 0.099
Observations 23652 6020 5914 5855 5863

Pr(Search) 0.377 0.211 0.295 0.447 0.614
Pr(Employed | Search) 0.616 0.507 0.570 0.639 0.670

Blacks Hourly wage 6.23 5.60 5.69 6.25 6.67
(1.45) (0.741) (0.809) (1.53) (1.63)

Pr(Min. wage binds|Employed) 0.251 0.401 0.333 0.225 0.183
Observations 6948 1931 1823 1649 1545
participation decision.7 Bowlus (1997) uses a search model with
non-participation to analyze differences in male and female labor
market outcomes but offer arrival rates are exogenous. Here we
want to develop and estimate a model where the key features
of the data fall out of zero expected profit conditions, and hence
endogenous offer arrival rates,8 while coupling this with labor
force participation decisions that respond to market decisions.
The one paper that has endogenous labor force participation and
offer arrival rates that fall out of zero profit conditions, as well as
incorporating dynamic search, is Flinn (2006). While Flinn has a
fully dynamicmodel conditional on participating in the labor force,
the labor force participation decision is a one-shot game.
We follow Ahn et al. (AAW) (forthcoming) in developing a

two-sided matching model with the primary extension being
that firms can partially target their search. Individuals and firms
match through a one-shot game where both the labor supply of
workers and the search rates of firms are endogenous and the
employment level is determined by a matching function. Matched
firms and workers then negotiate over the wage using generalized
Nash bargaining. By fully incorporating the search process in
one step, it is possible to make other parts of the model much
more complicated. For example, it is easy to incorporate both
endogenous labor supply and endogenous firm vacancies. The
latter results from zero expected profits from posting a vacancy
while the former results from workers having heterogeneous
values of leisure. The cost is that we do not model the dynamics
of search. We believe that this is reasonable in this situation
where minimum wages bind for some in every age group and in
every race and the heterogeneity of wages is small relative to the
heterogeneity in employment probabilities.9
The model then has four components:

1. The decisions by individuals regarding whether to search given
their expectations regarding labor market outcomes and their
value of leisure.

2. The decisions by firms to search such that, in equilibrium, a zero
expected profit decision is satisfied.

3. The process by which workers and firms are paired.
4. The process governing wages.

Each of these is described below.

7 Eckstein and Wolpin (1995) derive a model where the arrival rates fall out of
profit maximization but estimate a model where arrival rates are allowed to vary
flexibly by race.
8 The theoretical search literature has developedmodelswith endogenous arrival
rates. See Black (1995), Sattinger (1998), Mailath et al. (2000), and Arcidiacono
(2003).
9 As we show in the subsection on wages, under assumptions standard in the
literature, a binding minimum wage in a Rubinstein bargaining game makes the
continuation value of search irrelevant to the wage.
3.1. Labor force participation

We assume that there are K types of worker, where k indexes
the type. Each worker is a member of only one type. Let Nk
index the number of type k individuals in the population. The
number of workers of each type who search is endogenous. Let Nk
indicate the number of searching workers of type k. The different
types of worker may differ in their average productivity and their
attachment to the labor force. They also differ in the signal they
emit to the market, with different signals associated with different
probabilities of matching with an employer. The probability of
emitting a particular signal depends only on the individual’s type.
There are m ∈ M possible signals, with the probability of the kth
type emitting signal m given by λmk. The probability of matching
with a firm conditional on emitting signalm is pm.
Individuals are differentiated in their reservation values, R, for

not working, where reservation values for the kth type are drawn
from the cumulative distribution function Fk(R) with support
[0,∞). This reservation value can be leisure or any outside option
for workers. For instance, the reservation values could be the value
of schooling for teenagers, with the treatment effect of education
varying across the population and across type.
Denote Cik1 ∈ [C1,∞) as the search cost, where C1 > 0 and is

paid whether an individual matches with a firm or not. Individuals
are risk neutral, with the value of searching (not searching) for
individual i of type k denoted by VSik(VNik). The payoff of matching
with a firm is the wage, W , if the wage is above the individual’s
reservation value. If the wage is below the individual’s reservation
value, the match will be rejected and the payoff is the reservation
value. There is uncertainty with regard to the wage which will be
explained later in the paper. VSik and VNik are then given by

VSik =
M∑
m=1

λmk(pmEmax{Wk, Rik} + (1− pm)Rik)− Cik1 (1)

VNik = Rik. (2)

Here, the probability of matching with a firm sums over the
probability of emitting each of m signals times the probability of
matching conditional on the mth signal. Individuals then weigh
the probability of matching with a firm times the expected payoff
of matching against the search cost. Differencing the value of
searching for individual i of type k against the value of not
searching yields the net expected value of searching, Vik, and is
given by

Vik =
M∑
m=1

λmkpmEmax{Wk − Rik, 0} − Cik1, (3)

with individuals searching when Vik > 0.
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Higher search costs and higher reservation values both then
make search less attractive though in different ways. Consider two
individuals, one with a high reservation wage and a low search
cost and another with a low reservation wage and a high search
cost. It is possible to find a combination of wages and probabilities
of matching such that the first individual searches and the other
does not. But it is also possible, due to the interaction between
the probability of matching interacting with the reservation wage,
to find a wage/probability of matching combination such that the
second individual searches and the first does not. This case will
occur at a higher probability of matching and a lower reservation
wage: individuals with relatively high search costs and low
reservation wage are willing to take a lower wage for a higher
probability of matching.

3.2. Firms

The number of firms in the signal mmarket, Jm, is endogenous.
All firms are identical. Each firm chooses whether or not to search
in at most one market for one worker. The revenue for firm j for
matching with worker i of type k is given by Yijk. Let Y k denote
the average revenue from matching with a worker of type k. The
stochastic portion of Yijk is given by εijk, which is then drawn from
the cumulative distribution function Gk(εk) with support [εk, εk].
Yijk is then given by

Yijk = Y k + εijk.
Like workers, firms pay a search cost, C2, whether or not they

find a match. Firms enter until all firms have zero expected profits
in each of theM markets. Let the probability of finding a worker of
type k in the signalmmarket be given by qmk. Expected profits for
searching in the signalmmarket are then given by
K∑
k=1

qmkE(max{Yk −Wk, 0})− C2 = 0, (4)

as firms will reject matches where Y < W . Here we are summing
over the probabilities of matching with each type of worker times
the expected share of the revenue that the firm gets from each
type ofworker. Suppose for a particular number of searching firms,
positive profits exist in market m. Firms will enter the signal m
market leading to a fall in qmk for all k. Entry continues until the
expected zero profit condition given in (4) holds.
In order for the zero profit condition to be satisfied, there exists

a trade-off between the probability of matching with a worker
and how much profit the firm makes on the worker. Suppose the
expected zero profit condition is satisfied for marketm andm′ but
that higher profits conditional on matching are found in market
m′. It must then be the case that firms in market m′ have a lower
probability of matching than in market m for both expected zero
profit conditions to hold.
As firms become less able to target their search, teenagers from

groups with low match revenues benefit. Because they are pooled
with groups with higher match revenues, demand is higher. In
contrast, those groups with higher match revenues are hurt as
targeting decreases because they are pooled with groups with
low match revenues. This effect is magnified with endogenous
labor supply. By partially removing targeting, members of the
groups with high match revenues become less likely to participate
while members of groups with low match revenues become more
likely to participate. These effects further lower the equilibrium
probabilities of both groups finding employment.
The size of the groups alsomatters. If the groupswith lowmatch

revenue values are relatively small, they will have little impact
on the labor market outcomes of those groups with high match
revenue values. As long as targeting is not perfect, groups with
lowmatch revenue values prefer to be outnumbered by those from
groups with high match revenue values.
3.3. Matching

With the search decisions for workers and firms defined above,
we now describe howworkers are allocated to firms. Workers and
firms are matched using a Cobb–Douglas matching function for
each search signal with the restriction that the number of matches
can be no greater than either the number of searching workers or
the number of searching firms. Let xm index the number ofmatches
in the signalmmarket and be given by

xm = min{AJαmN
1−α
m , Jm,Nm}. (5)

While individuals choose to search, they do not control the signal
they send to the labor market. Rather, λmk, the probability of being
assigned signal m conditional on being the kth type, is taken as
exogenous. The number of workers assigned to signal m is then
given by

Nm =
K∑
k=1

λmkNk (6)

where
∑M
m=1 λmk = 1 for all k.

We assume that, conditional on the signal, all workers have the
same probability of being matched, pm = xm/Nm.10 With workers
only knowing the probabilities of being assigned particular signals,
the probability of a worker with type k matching with a firm is
given by

pk =
M∑
m=1

λmkpm.

Firms who search on signal m also have identical probabilities
of matching, qm = xm/Jm. Furthermore, firms targeting the
same signal also have identical probabilities of matching with
a particular type of worker. The probability of matching with a
worker of type k emitting signalm is then

qmk = qmΛmk
whereΛmk is given by

Λmk =
λmkNk
K∑
k′=1

λmk′Nk′
.

3.4. Wages

We now specify a wage-generating process that is similar to
that of AAW. Matched pairs split the revenue generated by the
match, Y , according to a Rubinstein bargaining game where the
time between offers and the discount factors may vary for the
firm and the worker. The bargaining game operates under the
constraint that a successfulmatch pays at least theminimumwage,
W . Building on thework by Binmore et al. (1989) and Binmore et al.
(1986), we show in the appendix that, under certain assumptions,
the unique subgameperfect equilibriumof the bargaining game for
all matches where Y ≥ max{W , R} yields the following expression
for wages:

Wijk = max{βYijk, Rijk,W }. (7)

β can then be interpreted as the bargaining strength, and it
represents a combination of the discount factors of the firm and
worker as well as the differing time between offers given by the
firm andworker.Matcheswhere Y < max{W , R} are unsuccessful.

10 Note that the match may be rejected by either the firm or the worker.
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Note that the reservation value does not affect the match revenue
division unless the reservation value is higher than both the
minimum wage and β times the revenue of the match.
Given the rules governing individual and firm decisions to

search, the matching process, and the wage process, that an
equilibrium exists follows directly from proposition 1 in AAW.
The intuition for why equilibrium exists is straightforward: profits
by firms in market m are continuously decreasing in entry by
other firms in market m. Hence, at any level of search by workers,
including the equilibrium level, there exists a number of firms in
each market such that the expected zero profit conditions hold.

3.5. Example: Targeting on race but not on age

In the data, we observe older black teens having higher realized
wages but lower employment rates compared to younger white
teens. We now show how the model can generate and explain this
puzzling trend.
Assume there are two races, black and white, and two ages,

young and old. Therefore, there are four types. We denote k:
black/old (b), black/young (b), white/old (w), and white/young
(w). Assume that the signals firms receive allow them to perfectly
target their search based upon race but are unable to target their
search at all on the basis of age.We then denotem ∈ {B,W }, where
for black teens

λB,b = 1, λB,b = 1, λW ,b = 0, λW ,b = 0

and for white teens,

λB,w = 0, λB,w = 0, λW ,w = 1, λW ,w = 1.
Expected revenues are such that older individuals have higher

expected revenues than younger individuals but that within ages
whites have higher expected revenues than blacks:

Yw > Y b > Yw > Y b.

To keep the exposition simple, we focus on the case where search
costs are low enough and match revenues are high enough such
that all individuals find it optimal to search. Further, the lowest
value of match revenue is above the highest reservation value,
implying that all matches are successful. Finally, assume that the
ratio of older individuals to younger individuals is the same across
races.
Given the productivity orderings, the expected revenue from a

match in the two markets is such that the expected revenue in the
signalW market is higher than the expected revenue in the signal
Bmarket:

E(YW ) > E(YB).

The expected zero profit condition then implies that the probabil-
ity of a firm matching with a white worker is lower than the prob-
ability of a firm matching with a black worker,

qW < qB.
Note that Pb =

xB
NB
= Pb and Pw =

xW
NW
= Pw because workers

cannot signal their age.Writing PB (PW ) as a function of qB (qW ), we
get

PB = A
1
1−α · q

−α
1−α
B = Pb

PW = A
1
1−α · q

−α
1−α
W = Pw.

Since qW < qB, it trivially follows that PB < PW , and by extension,
Pb < Pw . Therefore, the probability that an older black teen
matches with a firm is lower than the probability that a low ability
white teen matches with a firm.
However, uponmatching, the firm andworker split the revenue

that is generated. Since, by assumption, Y b > Yw , thenWb > Ww .
Therefore, older black teenagers, conditional on matching, receive
higher expected wages than younger white teenagers.
4. Empirical specification

We now describe our estimation procedure for the structural
model. The estimation has three components. First, for those
individuals who successfully match, we observe wages. Second,
we need to estimate the parameters of the zero profit condition.
Although we do not observe the probability of a firm finding
a match, we are able to rewrite the zero profit condition as a
function of the individual’s probability of finding a match. Finally,
we observe decisions by individuals as to whether to search. We
use these decisions to estimate the supply side parameters.

4.1. Parameterizing wages

Recall that Yijkl is the revenue generated by a match between
individual i of type k with firm j in location l. In order to conserve
on notation, we allow l to denote a state–time combination
(e.g. Alabama, 4th quarter, 1990). We assume that ln(Yijkl) is given
by

ln(Yijkl) = Xiklθ + εijl (8)

where Xikl includes the individual’s age, race, state, quarter, and
year and the ε’s are then the match-specific components of the
revenue.
The wage-generating process under Rubinstein bargaining

yields Wijkl = max{βYijkl,W l, Rikl}. Under certain assumptions
on the primitives, any worker who chooses to participate in the
labor market will have a reservation value that is lower than the
minimum wage, in which case Wijkl = max{βYijkl,W l}. Namely,
suppose the following condition, NR, holds:

NR For all R > W , Pr(Y ≥ R)(E[max{βY , R}|Y ≥ R] − R)
− C1 < 0.

The expression on the left-hand side of the inequality is the
value of searching given the lowest possible search cost without
the probability of matching. Given that the probability of matching
would range between zero and one, only workers who have
reservation values below the minimumwage will search when NR
holds.11 This is effectively an assumption on the distribution of
match revenues, Y , relative to the lowest search cost, C1. When the
spread of possible revenues is small relative to the search costs,
those with reservation values above the minimum wage do not
find it worth the risk to search on the off-chance that, should they
match, the draw on the match revenue will be at least as high as
their reservation wage. To keep the model tractable, we make this
assumption throughout the rest of the paper.12
When the minimum wage does not bind, log wages are then

given by

ln(Wijkl) = Xiklθ + ln(β)+ εijl (9)

where β is the bargaining power of the worker. In the presence
of a minimum wage, the wage distribution is then distributed
truncated log-normal with censoring at the minimum wage. The
truncation occurs when the match value is so low that the firm
rejects the match. This occurs wheneverW l > Yijkl. There are then
three relevant regions for the quality of the match13:

11 When R > W , individuals searchwhen pPr(Y ≥ R)[E(W |Y ≥ R)−R]−C1 > 0.
The value of p that leads to the highest value of the expression on the left-hand side
of the inequality is one. Setting p = 1 yields the left-hand side expression in NR.
12 We estimated reduced formwage equations to see if the factors that influenced
the reservations values (for example, parental education) also influenced the wage.
We found no evidence that higher (lower) reservation values were associated with
higher (lower) wages.
13 The three regions provide a structural interpretation to Meyer and Wise
(1983a,b) who estimate a model where those who would normally make less than
the minimum wage either make exactly the minimum wage or are unemployed.
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βYijkl ≥ W l ⇒ {Wijkl = βYijkl}
Yijkl ≥ W l > βYijkl ⇒ {Wijkl = W l}
W l > Yijkl ⇒ {Nomatch}

We then observe successful matches for those who are employed
either at or above the minimum wage.
The shape of the distribution of the ε’s plays an important role

in distinguishing the probability of receiving a match value so low
that the firm rejects the match from the probability of receiving
a match that leads to a minimum wage job. We allow the ε’s to
be drawn from one of two normal distributions where both the
means and the variances are allowed to vary across distributions.
The probability of the draw coming from the rth distribution is
then given by πr . Identification of the parameters of the mixture
distribution then comes from the shape of the observed wages,
variation across locations in productivity and therefore the fraction
of observations that are censored, and variation inminimumwages
over time.
Let N11kl and N12kl indicate the number of individuals of type

k in location l14 who have wage observations above and at the
minimum wage, respectively. Defining Φ and φ as the CDFs and
PDFs of the standard normal distribution, the likelihood for these
observations is that given in Box I. This likelihood is conditional
on the firm not rejecting the match. The denominator in both
expressions is one minus the probability that the revenue of the
match is so low that the firm would rather not match than pay
theminimumwage. The first expression then gives the conditional
likelihood of wages above the minimum wage while the second
expression is the conditional likelihood of receiving exactly the
minimum wage.

4.2. Parameterizing firms

Although we have no information on firms, we can infer the
parameters of the profit function by rewriting the zero profit
condition as a function of an individual’s probability of finding a
match. We first show that we can rewrite the zero profit condition
as a function of pml, the probability of a worker finding a match
after being assigned signalm in location l, rather than as a function
of qml, the probability of a firm in location l finding a match in the
signalmmarket. These probabilities are given by

qml = A
(
Nml
Jml

)1−α
pml = A

(
Jml
Nml

)α
,

implying that we can write qml as

qml = A
1
α p

α−1
α
ml .

The expected zero profit condition for firms in location l who
choose the signalmmarket can be written as

qmlE(max{Yml −Wml, 0})− C2 = 0.

Substituting for qml as a function of pml yields

A
1
α p

α−1
α
ml E(max{Yml −Wml, 0})− C2 = 0.

Solving for pml yields

pml = δE(max{Yml −Wml, 0})
α
1−α

where

δ = C
−α
1−α
2 A

1
1−α .

14 Recall that location refers to a state–time combination.
Note that the expectations above are takenwith respect to both
the match-specific component of revenue and the probabilities of
meeting the different types of worker. We can now substitute in
for E(max{Yml−Wml}, 0)with the corresponding probabilities and
expected values conditional on type:

pml = δ

(
K∑
k=1

ΛmklE(max{Ykl −Wkl, 0})

) α−1
α

. (10)

Given the assumed distribution of Y and the parameters of the
wage-generating process, we can calculate E(max{Ykl − Wkl, 0}),
the expected revenue from matching with a k-type worker in
location l. This revenue can be broken down into three parts for
each type ofworker: (1) when thematch value is high enough such
that the minimum wage does not bind, Ỹ1kl, (2) when the match
value is such that the minimumwage binds, Ỹ2kl, and (3) when the
match value is so low that the firm rejects the match. The last of
these parts yields an expected revenue of zero. The first and second
parts are then given by

Ỹ1kl =
2∑
r=1

πr

[
exp(Xklθ + ln(1− β)+ µr + σ 2r /2)Φ

×

(
σ 2r − ln(W l)+ Xklθ + ln(β)+ µr

σr

)]
Ỹ2kl =

2∑
r=1

πr

[
exp(Xklθ + µr + σ 2r /2)Brkl

−

(
Φ

(
ln(W l)− Xklθ − µr − ln(β)

σr

)
−Φ

(
ln(W l)− Xklθ − µr

σr

))
W l

]
where

Brkl =
(
Φ

(
σ 2r − ln(W l)+ Xklθ + µr

σr

)
− Φ

(
σ 2r − ln(W l)+ Xklθ + ln(β)+ µr

σr

))
.

We then define Ỹk such that

Ỹkl = E(max{Ykl −Wkl, 0}) = Ỹ1kl + Ỹ2kl. (11)

pml can then be rewritten as

pml = δ

(
K∑
k=1

ΛmklỸkl

) α
1−α

. (12)

We do not observe pml. Rather, we observe whether a black or a
whiteworker obtains employment conditional on searching. Recall
that the probability of an individual of the kth type matching in
location l is

pkl =
M∑
m=1

λmklpml.

What we observe in the data is pklψkl, where ψkl gives the
probability of a successful match conditional on matching:

ψkl =

2∑
r=1

πr

(
1− Φ

(
lnW l − Xklθ − µr

σr

))
.

Substituting in for the pml in the expression for pkl and multiplying
by ψkl yields

pklψkl = ψkl
M∑
m=1

λmklδ

(
K∑
k=1

ΛmklỸkl

) α
1−α

. (13)
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L1 =

 L∏
l=1

K∏
k=1

N11kl∏
i=1

2∑
r=1
πrφ

(
Wijkl−Xiklθ−ln(β)−µr

σr

)
/σr

2∑
r=1
πr

(
1− Φ

(
ln(W l)−Xiklθ−µr

σr

))

 L∏
l=1

K∏
k=1

N12kl∏
i=1

2∑
r=1
πr

(
Φ

(
ln(W l)−Xiklθ−ln(β)−µr

σr

)
− Φ

(
ln(W l)−Xiklθ−µr

σr

))
2∑
r=1
πr

(
1− Φ

(
ln(W l)−Xiklθ−µr

σr

))


Box I.
We have now expressed the probability of a worker being
employed conditional on searching as a function of the parameters
of the zero expected profit condition. Positive search outcomes
for workers are then given by Bernoulli draws from pklψkl. Before
defining the likelihood function, however, we first need to describe
the process that generates the signals, the λmk’s.
We model the probability of being assigned a particular signal

as an ordered logit. We order the possible signals from 1 toM with
M being the highest. Form > 1, we then specify λmk as

λmk =
exp(Zkζ + ρm)
1+ exp(Zkζ + ρm)

−
exp(Zkζ + ρm−1)
1+ exp(Zkζ + ρm−1)

where ρM = ∞ and λ1k given by

λ1k =
exp(Zkζ + ρ1)
1+ exp(Zkζ + ρ1)

.

Zk for this paper is age and race, though in principle targeting could
occur on a variety of dimensions. Since we do not actually observe
the signals, we assign the cut points (the ρm’s). As the number of
observations increases, more andmore cut points become possible
and wemove toward a continuous signal with the market clearing
for all signals. For our data, we use four cut points with the cut
points set up such that if a coefficient for a particular group is zero
then that groups will have equal probabilities of being assigned
each signal. We normalize the probability of emitting the first
signal to one for nineteen-year-old whites.
We have now defined all elements of the zero profit condition

and rewritten the zero profit condition as a function of the
probability of a searching worker successfully matching. Positive
search outcomes for workers are then Bernoulli draws from pklψkl.
The likelihood function is then given by

L2 =
L∏
l=l

K∏
k=1

N2kl∏
i=1

ψkl M∑
m=1

λmkδ

(
K∑
k=1

ΛmklỸkl

) α
1−α
yikl=1

×

1− ψkl M∑
m=1

λmklδ

(
K∑
k=1

ΛmklỸkl

) α
1−α
yikl=0

where yikl indicates whether or not the ith worker was matched
and N2kl is the number of searching workers of the kth type in
location l.
Identification of β separately from δ occurs because of the

differences in the binding rates of the minimum wage and
how these differences affect the corresponding probability of
unemployment. If β is close to one, then there will be few
individuals whose productivity places them right at the minimum
wage.
Estimation of the firm parameters requires data on the number

of white and black searchers at each age for each state–quarter
combination. We used census data combined with reduced form
estimates of the probability of searching to form the number
of searching workers in each group. The census data provided
forecasts of the size of each of our eight groups.We then forecasted
the share of each group that would be in school and living with
their parents. Given our actual data, we estimated a probit on the
probability of being in the labor force using year, year squared,
state dummies, quarter dummies, and age dummies as regressors.
We estimated the probit separately for blacks and whites and then
used the fitted values in forming the expected number of each
group in the labor force for each state–quarter combination.

4.3. Parameterizing the individual

Wenow turn to the decision by individuals as towhether or not
to search which follows directly from AAW. Recall that individual
i in location l searches if
M∑
m=1

λmkpmlE(Wkl − Rikl)− Cikl1 > 0.

With the estimates from the previous two stages it is possible to
calculate expected wages and the probability of employment for
each individual. We now need to parameterize the reservation
values. In particular, we parameterize Rikl such that all workers
have positive reservation values:

Rikl = exp(Z1iklγ1)+ ηi
Z1ikl is then a vector of demographic characteristics which affect
the individual’s outside option, the γ1’s are the coefficients to be
estimated, and ηi is the unobserved portion of the reservation
value. We also allow the search costs to vary, where

Cikl1 = exp(Z2iklγ2)

and Z2ikl contains those variables that affect the cost of searching.
As in AAW, individualswho come fromhighly educated families

may have high reservation values, making search less likely.
However, these same individualsmay also have lower search costs.
What separately identifies search costs from reservation values
is how individuals react to the probability of finding a job. In
particular, those with low search costs but high reservation values
will bemorewilling to trade off higher expectedwages conditional
on matching for lower probabilities of employment. In contrast,
those with high search costs but low reservation values prefer
lower wages coupled with higher match probabilities.15
Substituting in and solving for ηi shows that an individual will

search when

ηi < ln
(
E(Wkl)−

exp(Z2iklγ2)
p

)
− Z1iklγ1.

We assume that the η’s follow a logistic distribution. Note that
because of the log, any coefficient on E(W )will be factored into the
intercept term of the reservation values. Since we do not observe
the η’s, the likelihood function is then given by

L3 =
L∏
l=1

K∏
k=1

N3kl∏
i=1

F
(
(1/σ) ln

[
E(Wkl)−

exp(Z2iklγ2)
p

]
− Z1iklγ ∗1

)sikl=1
×

(
1− F

[
(1/σ) ln

(
E(Wkl)−

exp(Z2iklγ2)
p

]
− Z1iklγ ∗1

))sikl=0

15 While in theory it is possible to let all variables affect both the reservationwages
and the search costs, in practiceweplace restrictions onwhich variables are allowed
to affect the search costs. Namely, while reservationwages are allowed to varywith
time and by state, the search costs are not.
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Table 2
Wage and zero profit estimatesa .

Variable Coefficient Standard error

Prime age male unemployment rate −0.219 0.032
Age= 17 0.045 0.013
Age= 18 0.139 0.012
Age= 19 0.227 0.012
Black −0.092 0.027
µ1 1.595 0.021
σ1 0.126 0.005
µ2 1.687 0.021
σ2 0.290 0.013
π2 0.430 0.010

β 0.780 0.005
δ 0.466 0.013
α 0.500 –
a Estimates also include state, year, and quarter fixed effects. N = 15 257.

whereN3kl is the number of potential searchers of type k in location
l, sikl is an indicator for whether the ith individual chose to search,
and F is the standard logit CDF. In a standard logit, all coefficients
are relative to the variance scale parameter,σ . Herewe can actually
estimate σ as there is no other natural interpretation for the
coefficient on the expression inside the log. The γ ∗’s are then the
γ ’s divided by the standard deviation of the η’s, σ .
While it is possible to estimate all three stages simultaneously,

the additive separability of the log-likelihood function makes it
possible to estimate the parameters in stages. In practice, we
estimate the parameters of the wage generating process and of the
zero profit condition jointly. Taking these parameters as given, we
then estimate the parameters of individual’s decision to search.16

5. Results

Estimates of the wage generating process are given in Table 2.
Teenage wages are negatively impacted by the prime age male
unemployment rate which operates as our exclusion restriction
as a variable which affects wages but not the value of leisure.
Nineteen-year olds generate revenue values that are almost
twenty-three per cent higher than those of sixteen-year olds while
blacks have revenue values that are over nine per cent lower than
those of whites.17
The parameters of the zero profit condition are also given

in Table 2. These parameters are estimated jointly with the
parameters of the wage distribution. The bargaining parameter
is estimated at 0.78, suggesting that the market for teenage
workers is fairly competitive. α, whichmeasures how sensitive the
matching function is to the number of searching firm versus the
number of searching workers, was set at 0.5. This is the standard
estimate from the macroeconomics literature.18
Of more interest are the targeting parameters which are

presented in Table 3. Recall that these are logit parameters
embedded in the zero profit condition. What these parameters
imply is that firms are able to almost fully target their search
by race with much less targeting by age. With the exception of
white sixteen-year olds, whites were generally assigned the signal
one. Sixteen-year-old whites were assigned to all signals with
roughly equal probabilities. Sixteen-to-eighteen-year-old blacks
were generally assigned to signal four. Nineteen-year-old blacks

16 Estimating themodel in two stages reduces the computational burden but with
a reduction in efficiency.
17 Surplus values refer to the total revenue which would include any compensa-
tion the firm would take for not wanting to hire blacks.
18 See (Petrongolo and Pissarides, 2001). We attempted to estimate α, but
separately identifying both α and the targeting parameters proved difficult.
Table 3
Estimates of targeting.

Race Age Signal 1 Signal 2 Signal 3 Signal 4

White

16 0.255 0.252 0.248 0.245
17 0.739 0.156 0.068 0.038
18 0.996 0.003 0.001 0.000
19 1.000 0.000 0.000 0.000

Black

16 0.002 0.005 0.013 0.980
17 0.004 0.008 0.023 0.965
18 0.036 0.065 0.151 0.748
19 0.151 0.197 0.268 0.385

Pr(Match) 0.816 0.687 0.693 0.641

Table 4
Predicted match probabilities by age and race.

16 17 18 19

Whites Pr(Match) 0.714 0.786 0.816 0.812
Pr(Success |Match) 0.920 0.942 0.971 0.985

Blacks Pr(Match) 0.664 0.653 0.672 0.708
Pr(Success |Match) 0.857 0.891 0.947 0.973

were more spread out, though they too were heavily concentrated
in signals three and four. The way in which individuals were
assigned to signals leads to different probabilities of matching
across signals because of differences in productivities and because
of the expected zero profit condition for each signal. Signal one had
particularly high match probabilities relative to the other signals.
With the parameter estimates, we can calculate the average

probability of being matched conditional on age and race. These
forecasts are given in Table 4. White teenagers above the age
of sixteen face match probabilities between 78% and 82%. The
corresponding figure for sixteen-year-old whites is 71.4%. In
contrast, the range for black teenagers is between 65% and 71%
with higher probabilities associated with older workers.
Table 4 also shows the average probability that a match is

successful, where success is defined as having a revenue value
at least at the level of the minimum wage. Here we see large
differences across age and to some extent across race as well.
Nineteen-year-old blacks are then primarily unemployed due
to not matching with a firm. Compared with nineteen-year-
old blacks, seventeen-year-old whites are more likely to be
unemployed due to lower revenue values once a match has been
obtained.
With the parameters of the wage process and zero profit

condition in hand, we now turn toward the decision by teenagers
regarding whether or not to search. The parameter estimates of
the wage generating process and the zero profit condition are then
used in the individual search decisions to form the probability
of obtaining a successful match as well as the expected wage
conditional on a successful match. These estimates are reported in
Table 5.
The estimates for blacks suggest that they have higher

reservation values and lower search costs. This seems unlikely and
we may need a finer geographic definition of the labor markets.
Those coming from single-parent families have lower reservation
wages and higher search costs than their two-parent counterparts.
In contrast, thosewhohave parentswith higher parental education
have higher reservation values and lower search costs. Hence,
individuals who come from poorer, less-educated families are
more likely than their richer counterparts to be willing to trade off
lower wages for a higher probability of finding a job.
Since the parameters of a logit are difficult to interpret, in

Table 6 we forecast how the probability of searching changes as
we vary either labor market conditions or the demographics of
searchers. These simulations take all other characteristics as given
and forecast the change in search behavior from changing the
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Table 5
Parameter estimates of the utility functiona .

In school Out of school
Reservation values Search costs Reservation values Search costs

1/σs 2.906 4.371
(0.132) (0.542)

Black 0.426 −0.191 0.564 −0.491
(0.109) (0.111) (0.113) (0.110)

Household head unemployed −0.068 0.090
(0.102) (0.139)

Household head otherb 0.559 −0.159
(0.069) (0.119)

Household head some college 0.131 −0.466
(0.071) (0.216)

Household head college 0.540 −0.972
(0.096) (0.574)

Household head post-college 0.637 −0.930
(0.094) (0.614)

Single parent −0.092 0.114
(0.054) (0.091)

a Reservation values include age, state, year, and quarter fixed effects. Search costs include age fixed effects. N = 30 600.
b Other is defined as having a household head who is neither working nor unemployed.
Table 6
Changes in the probability of searching.

Percentage change in
probability of searching
In school (%) Not in school (%)

10% Change in expected wage 20.81 19.39
Black preferences to white preferences 24.14 20.34
Black labor market to white labor market 18.24 22.03

listed variables. Changing expected wages leads to a labor supply
elasticity of around 2. Since higher expectedwageswill also lead to
higher probabilities of finding a match, the total response to better
labor market conditions would be even higher.
Of particular interest are how differences in preferences and

labormarket conditions for blacks andwhites drive the differences
in search behavior. Recall that blacks are substantially less likely to
search than whites. The estimates show that this difference is split
evenly between differences in preferences and differences in labor
market conditions, with differences in preferences the larger of the
two effects. Moving everyone’s preferences from those of blacks to
those of whites increases labor participation by 24% for those in
school andby20% for those out of school. Changing expectedwages
and the probability of matching from those blacks face to the labor
market conditions whites face increases labor force participation
by 18% for those in school and 22% for those out of school.

6. Policy simulations

We focus our policy simulations on changing the degree to
which firms can target on the basis of race and age. We consider
two policy changes, no targeting on race and no targeting on either
race or age. We assume that the parameters of the zero profit
condition are the same as with targeting except that now firms can
no longer target according to the policy change.
Table 7 shows the changes in the probabilities of searching and

matching for blacks and whites with the removal of targeting. All
blacks search more and have a greater probability of matching
successfully. This effect is largest for older blacks whoweremainly
pooledwith sixteen-year-old blacks but are now pooledwith older
(and white) workers. The drops in search probabilities are larger
for younger whites. These individuals weremore likely to be at the
margin of searching in the first place leading to larger labor supply
responses to the lower probability of matching with a firm.
The removal of targeting based on both race and age reduces

both the probability of search and the employment rate for
older whites but helps sixteen-year-old whites. Recall that firms
were able to partially screen out white sixteen-year olds. Hence,
white sixteen-year olds actually see increases in the probability of
searching and matching. This is not the case for white teenagers
who are older than sixteen. These teenagers face small drops in
the probability of matching, which in turn leads to small drops
in the probability of searching. Note that these drops have a
reinforcing dimension. As nineteen-year-old whites drop out of
the labor market, the expected match revenue falls from the firm’s
perspective. With falling expected revenues, more teenagers will
choose not to participate in the labor force. The losses faced by
white teenagers over sixteen are counterbalanced by the gains for
black teenagers. Black teenagers see their probability of matching
increased by 10% to almost 19%, with higher increases associated
with younger workers.

7. Conclusion

Differences in labor market outcomes between blacks and
whites are stark. Wage differences are small relative to differences
in unemployment. In fact, nineteen-year-old blacks earnmore than
seventeen-year-old whites despite having higher unemployment
rates. The effect of these unemployment rates is magnified by the
resulting lower search rates for black teenagers.
We propose and structurally estimate a search model with

endogenous labor demand and labor supply. Unemployment has
two sources in the model. First, unemployment comes from
workers not matching with firms. Second, those who do match
may draw match values so low that firms are unwilling to pay
theseworkers theminimumwage. Firms are able to partially target
their search andwe estimate that firms find it easier to target their
search on the basis of race than on the basis of age. The primary
reason for unemployment among nineteen-year-old blacks then
comes from the low probability of matching with a firm. In
contrast, the main reason for unemployment among seventeen-
year-old whites are match values below the minimum wage.
Removing firm targeting decreases the black–white unemploy-

ment gap. In response to the higher employment rates, more
blacks search. However, pooling black and white workers leads to
higher unemployment for whites as they are penalized for being
pooled with their black counterparts. This has a reinforcing effect
aswhites respond to the higher unemployment rates by exiting the
labor force.
Our model could easily be extended to examine targeting

based on many other observable characteristics, such as gender,
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Table 7
Changes in labor market outcomes with the removal of targeting.

16 (%) 17 (%) 18 (%) 19 (%)

No targeting on race
Change in Pr(Search) Whites −3.19% −1.22 −0.38 −0.38

Blacks 1.98 7.86 3.84 2.58

Change in Pr(Emp|Search) Whites −6.11 −3.68 −2.40 −2.40
Blacks 2.82 16.01 19.85 13.95

No targeting on race or age
Change in Pr(Search) Whites 4.59 −0.43 −0.99 −1.00

Blacks 11.90 8.96 3.16 1.92

Change in Pr(Emp|Search) Whites 8.75 −1.53 −5.77 −5.87
Blacks 18.77 18.61 15.76 10.01
education, and age. Possible avenues for future work include
relaxing the assumption that workers can not influence the signal
they emit or moving to a more dynamic model where the value
of future search would influence the wage-setting stage. Future
extensions should include older individuals as well, where the
unemployment differences between blacks and whites are even
more stark, as well as looking at the interplay between labor
market conditions and education.
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Appendix. Derivation of wages from a Rubinstein bargaining
game

Following the outlines of the proof in Binmore et al. (1989)
(from hereon referred to as BSS) and Binmore et al. (1986), we de-
finemf andMf as the infimum and supremum payoffs for the firm,
respectively, and mw andMw as the infimum and supremum pay-
offs for the worker, respectively. Match revenue is Y and outside
options are 0 and R for firms and workers, respectively.
In a Rubinstein bargaining game in which the firm moves first

(in the absence of a minimum wage), the following inequalities
hold:

mf ≥ Y −max{τwMw, R}
Y −Mf ≥ max{τwmw, R}
mw ≥ Y − τfMf
Y −Mw ≥ τfmf .

Here, τw represents the worker’s discount factor, and τf represents
the firm’s.Wedefine τi = 1−e−r∆i , where r is the common interest
rate, and ∆i represents the length of the interval that elapses be-
tween i’s reaction to the other party’s offer. Therefore, if∆w > ∆f ,
it means the worker takes longer to respond to a firm’s offer com-
pared to a firm’s response to a worker’s offer.
Inclusion ofminimumwagemeans that the any bargaining offer

(whether supremum or infimum) must be capped from below at
the minimum wage; therefore, the inequalities change to

mf ≥ Y −max{τwMw,W , R}
Y −Mf ≥ max{τwmw,W , R}
mw ≥ Y − τfMf
Y −Mw ≥ τfmf .

Wewill examine the case whereW ≥ R andW < R separately.
First, whenW ≥ R, we examine three regions, defined similarly to
BSS:
W ≤ τwmw (region 1), τwmw < W < τwMw (region 2), and

W ≥ τwMw (region 3).
Focusing on region 1, the inequalities change to

mf ≥ Y − τwMw
Y −Mf ≥ τwmw
mw ≥ Y − τfMf
Y −Mw ≥ τfmf .

It is easy to show that

(1− τf )Y
1− τf τw

≤ mw ≤ Mw ≤
(1− τf )Y
1− τf τw

.

Therefore,Mw = mw =
(1−τf )Y
1−τf τw

.
We now let∆w and∆f approach zerowhile keeping their ratios

constant, such that we define β = ∆f
∆f+∆w

. Then,Mw = mw = βY ,
implying thatMf = mf = (1− β)Y .
We next show that region 2 yields a logical contradiction:

mf ≥ Y − τwMw
Y −Mf ≥ W > τwmw
mw ≥ Y − τfMf
Y −Mw ≥ τfmf

which yields (1−τf )Y1−τf τw
< mw ≤ Mw ≤

(1−τf )Y
1−τf τw

.
For region 3, the inequalities are

mf ≥ Y −W
Y −Mf ≥ W
mw ≥ Y − τfMf
Y −Mw ≥ τfmf .

This yieldsmw = Mw = (1− τf )Y + τfW andmf = Mf = Y −W .
Letting ∆f approach zero, we have mw = Mw = W and mf =
Mf = Y − W . When W ≥ R and a worker successfully matches,
his wage outcome is max{βY ,W }.
Now, repeating the exercise with W < R, we see that, for

regions 1 and 2, the results are identical (since we just replaceW
with R), and region 3 changes to mw = Mw = R and mf = Mf =
Y − R. Therefore, whenW < R and a worker successfully matches,
his wage outcome is max{βY , R}.
Combining these two results, when a worker successfully

matches (Y > W ), the unique subgame perfect equilibrium
outcome of the bargaining game is a wage offer of max{βY ,W , R},
which is accepted. �
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