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1 Introduction

College graduates who entered the labor market during and following the Great
Recession experienced high rates of unemployment and underemployment
(Abel, Deitz, and Su 2014; Spreen 2013). The labor-market opportunities, while
grim for those who completed their degrees during this time period, were worse
for blacks. Spreen (2013, table 7) reports unemployment rates for recent college
graduates that differ substantially between whites and blacks (10.6% for whites
and 20.2% for blacks). Research on the impact of recessions on demographic
groups indicates that blacks are disproportionately affected (Hoynes, Miller, and
Schaller 2012).1 In addition, anecdotal evidence suggests a higher degree of
selectivity in hiring on the part of employers during and following the Great
Recession.2 Given the higher rates of unemployment for blacks relative to
whites, it could be the case that employers are selective on the basis of race.
We use data from a randomized résumé-audit study to examine racial discrimi-
nation in the labor market for college graduates who completed their degrees
during the worst employment crisis since the Great Depression.

Discrimination against minority job seekers is a worldwide phenomenon that
has been documented in experimental studies of the labor market (Baert et al.
2013; Bertrand and Mullainathan 2004; Booth, Leigh, and Varganova 2012;
Carlsson and Rooth 2007; Oreopoulos 2011). The most common experimental
design in this literature combines random assignment of perceived productivity
and other résumé characteristics with popular first and last/family names that
signal race to identify discrimination (e.g., Bertrand and Mullainathan 2004).
However, it has proven conceptually difficult to determine whether discrimination
is taste-based (i.e., employers have racist preferences) or statistical (i.e., imperfect
information causes employers to update their beliefs about future productivity,
which may be correlated with race, when confronted with racial-sounding names).
Our primary objective is to determine the extent to which racial discrimination can
explain the (un)employment gap between white and black college graduates. If
discrimination cannot be ruled out, a secondary objective is to determine whether
the source of the discrimination is based on tastes or imperfect information.

If the (un)employment differentials between blacks and whites are large
early in their careers, employers may have different beliefs about the quality of

1 Hoynes, Miller, and Schaller (2012) show that recessions have disproportionate adverse effects
on men, blacks, Hispanics, and less-educated workers relative to other demographic groups. It
is also noteworthy that the groups who suffered the most from the Great Recession are the same
groups that suffered the most from the recession of the early 1980s.
2 For an example, see Rampell (2013).
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experience of white and black workers later in their careers, which could
complicate an analysis of racial discrimination. As such, we focus on the
employment prospects facing recent college graduates in the context of a
résumé-audit experiment in which the races of job applicants are signaled
with white- and black-sounding names. Approximately 9,400 randomly gener-
ated résumés from fictitious, recently graduated job seekers were submitted to
online job advertisements from January 2013 through the end of July 2013. All
applicants were assigned a college graduation date of May 2010.3

The high rates of unemployment and underemployment experienced by
people who graduated with a Bachelor’s degree in the aftermath of the Great
Recession are incorporated into our experiment. In particular, we randomize the
timing of gaps in work history and indicate both current and past unemploy-
ment spells of different durations. Adequate employment and underemployment
are simulated by including two types of work experience: (i) in-field experience
that requires a college degree and (ii) out-of-field experience that does not
require a college degree. The latter is a proxy for underemployment, i.e.,
employment in a job that is below one’s skill level.

We attempt to further differentiate between statistical and taste-based
discrimination, which could arise from perceived differences in the quality of
training and/or job-skill match, by assigning approximately half of the applicants
traditional business degrees (i.e., accounting, economics, finance, marketing, and
management), while the other applicants were assigned degrees from the arts and
sciences (i.e., biology, English, history, and psychology). Additionally, we randomly
assigned in-field internships to provide another source of experience that is gained
before the applicant enters the job market. We then responded to job advertise-
ments exclusively from the business sector (i.e., banking, finance, insurance,
management, marketing, and sales) so that we are able to examine how mis-
matches in qualifications might affect the racial gap in employment opportunities.

Our experimental data indicate that black-named job seekers are
approximately 14% less likely to receive interview requests than applicants
with white-sounding names. The racial gap in interview rates increases substan-
tially with credentials that proxy high expected productivity and/or match
quality (i.e., business degrees, internship experience, and in-field work experi-
ence). Moreover, the baseline estimate for the black–white differential in inter-
view rates is driven primarily by greater discrimination in jobs that require

3 The national unemployment rate was 9.6% in May 2010, but the unemployment rate among
college graduates was only 4.6% at the time of graduation (http://data.bls.gov/timeseries/
LNS14000000). Spreen (2013) reports that the unemployment rates of college graduates who
completed their degrees in the wake of the Great Recession were approximately 13% in 2010.

Racial Discrimination in the Labor Market 1095

http://data.bls.gov/timeseries/LNS14000000
http://data.bls.gov/timeseries/LNS14000000


customer interaction. We find no evidence that the uniqueness of the racially
identifying names, socioeconomic status, gaps in work history, labor-market
conditions, or greater racial discrimination against women are the driving forces
behind the estimated black–white differentials in interview rates.

Although we are unable to identify conclusively the channel through which
the observed racial gap in interview rates arises, our econometric analysis points
toward taste-based discrimination as the most likely explanation. First, we find
that the racial gap in employment opportunities widens with attributes that
indicate high expected productivity and/or a high degree of match quality
between the applicant and the firm. Second, the racial gap in employment
opportunities is nonexistent at the lowest skill level (i.e., among applicants with
non-business degrees, no internship experience, and out-of-field work experi-
ence). These patterns in the data are in line with the hypotheses put forward by
Ewens, Tomlin, and Wang (2014) as tests for taste-based discrimination. In addi-
tion, estimates based on the methodology proposed by Neumark (2012), which
decomposes discrimination into level and variance components, suggest that our
baseline model understates the extent of taste-based discrimination. Thus, the
bulk of the empirical evidence supports taste-based discrimination as the most
likely interpretation for our findings, but we cannot rule out risk aversion on the
part of employers as a possible explanation for the racial gap in interview rates.

2 Empirical and theoretical background

Earlier studies in the discrimination literature primarily rely on regression ana-
lysis of survey data to test for the presence and type of discrimination. For the
most part, these studies find lower wages and poorer job opportunities for
blacks (Altonji and Blank 1999). Regression-based studies on racial discrimina-
tion have been criticized, as the estimates are sensitive to the data set used and
choice of control variables (Riach and Rich 2002). The inability to control for
unobserved differences between blacks and whites makes it difficult to test
reliably for the presence of racial discrimination as well as the channel through
which discrimination operates.4

4 Charles and Guryan (2008) provide a test of Becker’s (1971) model of taste-based discrimina-
tion using a variety of different data sets based on surveys, but their purpose is not to determine
whether the data support a particular theory but to test certain predictions made by Becker
(1971). Fryer, Pager, and Spenkuch (2011) use a longitudinal data set of unemployed workers in
New Jersey to examine racial differences in job-finding rates and wage offers. Their findings are
supportive of statistical discrimination, in which the firms may learn about worker productivity
over time. However, they are unable to rule out other interpretations.
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Experimental design can circumvent many of the estimation problems asso-
ciated with survey data. Laboratory experiments have successfully isolated
particular channels through which discrimination occurs. Ball et al. (2001) find
evidence of in-group bias; Glaeser et al. (2000) find that trust and trustworthi-
ness are important determinants of discrimination; and Fershtman and Gneezy
(2001) find evidence of statistical discrimination.5 However, the ability of
researchers to extrapolate the results of laboratory experiments to “real-world”
situations has been questioned (Levitt and List 2007). Field experiments provide
a useful alternative to laboratory experiments because they take place in natu-
rally occurring environments and, much like laboratory experiments, provide
substantial control over the variables of interest.6

Two types of field experiments are primarily used to study racial discrimina-
tion in the labor market: in-person and correspondence audits. For the in-person
audits, white and black “actors” are recruited and trained to navigate the inter-
view process as if they are perfect substitutes. Such studies have been criticized
because of the fragility of the estimates to different assumptions regarding
unobservables (Heckman 1998; Heckman and Siegelman 1993). In addition,
the “actors” in the experiments are aware of the goals of the experiment,
which has the potential to influence their behavior and produce misleading
results. Correspondence audits, which send résumés instead of actual people
to apply for jobs, offer advantages over in-person audits because researchers can
make members of particular groups appear identical to employers in every
respect other than the variable(s) of interest (e.g., race) via careful matching of
applicant characteristics or randomization (Bertrand and Mullainathan 2004;
Lahey 2008).7 Correspondence studies are void of so-called experimenter effects,
as the subjects (i.e., employers) are unaware that they are part of an experiment
and the job seekers are fictitious. Because employers are unaware that they are
the subjects of an experiment, correspondence tests likely elicit the behavior
employers exhibit in actual hiring decisions.

5 Anderson, Fryer, and Holt (2006) provide a review of these studies as well as others that rely
on laboratory experiments to study discrimination.
6 Field experiments have been used in many different settings to study discrimination, but
researchers have generally focused on three markets: labor markets (Bertrand and Mullainathan
2004; Carlsson and Rooth 2007; Lahey 2008; Neumark et al. 1996; Oreopoulos 2011); housing
markets (Ahmed and Hammarstedt 2008; Bosch, Carnero, and Farre 2010; Ewens, Tomlin, and
Wang 2014; Yinger 1986); and product markets (Ayres and Siegleman 1995; Doleac and Stein
2013; List 2004; Nunley, Owens, and Stephen Howard 2011).
7 There is a lengthy history of correspondence tests in the literature. Riach and Rich (2002)
provide an overview of field experiments aimed at testing for discrimination in various market
settings.
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The most relevant study for our purpose is Bertrand and Mullainathan
(2004), who examine racial discrimination in the U.S. with a correspondence
methodology that incorporates racially distinct names to signal race to prospec-
tive employers. They find that black applicants receive about 50% fewer call-
backs/interviews than their white counterparts. As in most studies of
discrimination, Bertrand and Mullainathan (2004) relate their findings to exist-
ing theories. Neither taste-based nor statistical discrimination models convin-
cingly explain their results. They argue that lexicographic search by employers,
in which employers examine an applicant’s name and look no further, could
explain the lower return to credentials that are detected for black applicants.

Our study differs from Bertrand and Mullainathan (2004) in several ways.
First, we focus on recent college graduates who entered the labor market during
the worst employment crisis since the Great Depression. It is important to
understand how discrimination might inhibit skilled workers (i.e., the college-
educated) early in their careers, as such discrimination could have important
policy implications. Second, we create fictitious job seekers with short work
histories, as the use of applicants with lengthy work histories complicates tests
for the type of discrimination. A sample of job seekers with short work histories
and randomly assigned “hard” skills (i.e., in-field and internship experience)
provides a cleaner test for the type of racial discrimination recently graduated
job seekers might encounter. Third, we use a recent econometric technique (i.e.,
Neumark 2012) and testable hypotheses posited by Ewens, Tomlin, and Wang
(2014) to aid in sorting out the explanation for the observed black–white differ-
entials. Fourth, we test whether there is greater (or less) discrimination in jobs
that require substantial interaction with customers as a means to examine a
particular aspect of Becker’s (1971) theory. Fifth, we test whether the extent of
racial discrimination is greater (or smaller) in relatively “tight” and “loose” labor
markets. Sixth, Bertrand and Mullainathan (2004) focus on administrative- and
clerical-type jobs, which results in a focus on racial differences between women
rather than racial discrimination against men and women. We apply to a wide
range of jobs across six different business categories, which allows us to study
racial discrimination within and between sexes across a wider range of
occupations.

Neumark (2012) contends that correspondence studies are likely to address
complications associated with mean differences in unobservables between
blacks and whites. However, both in-person and correspondence audits share
the common limitation that the perceived variance of unobserved characteristics
may differ between members of particular groups. Unequal variances of the
unobserved determinants of the outcome variable can lead to spurious evidence
in favor or against discrimination (Heckman 1998; Heckman and Siegelman
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1993). As a result, differentiating between theories based on tastes (Becker 1971)
or imperfect information (Aigner and Cain 1977; Arrow 1973; Cornell and Welch
1996; Lundberg and Startz 1983; Phelps 1972) is equally difficult in both the in-
person and correspondence audits. However, correspondence studies are likely
to identify what the law considers discrimination, which is effectively the sum of
taste-based and statistical discrimination (Neumark 2012). We use two different
approaches to test for different types of discrimination: one used by Bertrand
and Mullainathan (2004) and Lahey (2009), which relies on race–credential
interactions, and another advanced by Neumark (2012), which decomposes
discrimination into “level” and “variance” components.8

Ewens, Tomlin, and Wang (2014) posit four testable hypotheses for taste-
based discrimination in the context of an output market. We believe three of
these hypotheses are testable, albeit imperfectly, with our data. Hypotheses 2A
and 3A are of particular interest:

Hypothesis 2A: On average, the response gap between white and black appli-
cants when a positive signal is sent is larger than the response gap between
white and black applicants when a negative signal is sent. (p. 125)

Hypothesis 3A: On average, negative information will unambiguously narrow the
racial gap observed in the no-signal base case, but positive information will
unambiguously widen the racial gap observed in the base case. (p. 125)

While the “no-signal” base case is not possible in a résumé-audit study, which is
an advantage of Ewens, Tomlin, and Wang’s (2014) reliance on rental-housing
markets, we include substantial variation in the perceived productivity charac-
teristics of the résumés, which allows us to use the framework developed by
Ewens, Tomlin, and Wang (2014) to help identify the channel through which
racial discrimination operates. In particular, we investigate Hypothesis 2A by
testing whether the racial gap in employment opportunities increases when
comparisons are made between black and white job seekers with positive
attributes (i.e., business degrees, internship experience, and in-field work
experience). Moreover, we investigate Hypothesis 3A by comparing black and
white applicants with the lowest skill level (i.e., those with non-business
degrees, no internship experience, and out-of-field work experience).

8 The methodology proposed by Neumark (2012) is discussed in more detail in Section 4.2. It is
sufficient, at this point, to note that the level component is the structural parameter, which
measures taste-based discrimination, and the variance component measures statistical discri-
mination in the context of Aigner and Cain (1977).
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3 Experimental design

We submitted approximately 9,400 randomly created résumés to online adver-
tisements for job openings across multiple job categories in seven large cities
across the U.S.9 The job categories are banking, finance, management, market-
ing, insurance, and sales, and the cities are Atlanta, GA, Baltimore, MD, Boston,
MA, Dallas, TX, Los Angeles, CA, Minneapolis, MN, and Portland, OR. The
submission of résumés took place from January 2013 through the end of July 2013.

For each job advertisement, we submitted four résumés. The four résumés are
randomly assigned a number of different characteristics, which are generated
using the computer program developed by Lahey and Beasley (2009). We chose
eight applicant names for our study. Four of the names are distinctively female,
while the remaining four names are distinctively male. In both the male and
female categories, two of the names are “distinctively white,” while the other two
names are “distinctively black.” The distinctively white female names are Claire
Kruger and Amy Rasmussen, and the distinctively black female names are Ebony
Booker and Aaliyah Jackson. The distinctively white male names are Cody Baker
and Jake Kelly, and the distinctively black male names are DeShawn Jefferson
and DeAndre Washington.10 Each of the first and family names ranks at or near
the top of the “whitest” and “blackest” names in the U.S. We use the racial
distinctiveness of the applicants’ names to signal race to prospective employers.11

Our fictitious applicants graduated with a Bachelor’s degree in May 2010.
We randomly assign each applicant a name (one of the eight listed above), a
street address, a university where their Bachelor’s degree was completed,

9 We applied to job openings through two well-known online job search websites. Per our
Institutional Review Board (IRB) agreements, we are unable to disclose the names of these
websites.
10 Within a four-applicant pool, each of the eight names is randomly assigned with equal
probability. Once a name has been assigned, the name is excluded from being assigned to other
job seekers in the four-applicant pool. Thus, it is possible for all four names to be distinctively
white or black, but the names would differ by gender. In addition, it is possible for all four
names to be male or female, but the names would differ by race. Collectively, these scenarios
occur a total of eight times in our data. Thus, less than 1% of the observations are affected by
the homogeneity of race or sex within a four-applicant pool. Because there are eight names, the
means for the dummy variables representing each name should be around 12.5%, which is the
case in our data. Furthermore, we test, similar to Table 1, for covariate balance among each of
the names, finding that the résumé credentials are distributed similarly to each name.
11 Racially or ethnically distinct names are commonly used in studies like ours. Examples
include Ahmed and Hammarstedt (2008), Bertrand and Mullainathan (2004), Bosch, Carnero,
and Farre (2010), Carlsson and Rooth (2007), and Nunley, Owens, and Stephen Howard (2011).
The reliability of the racially distinct names as signals for race is discussed in Section 4.2.
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academic major, (un)employment statuses,12 whether they report their grade
point average (GPA) on their résumé, whether the applicant completed their
Bachelor’s degree with an Honor’s distinction, whether the applicant has work
experience specific to the job category for which they are applying, and whether
the applicant worked as an intern while completing their Bachelor’s degree.
Each of these randomized résumé characteristics is coded as zero–one indicator
variables.13

While much of the experimental design is produced via randomization,
there are some features of the experiment that are held constant. First, we
assigned a Bachelor’s degree to each of our fictitious résumés. The assignment
of only Bachelor’s degrees is driven by our interest in the labor-market oppor-
tunities facing college graduates, particularly those who graduated during the
worst employment crisis since the Great Depression. Second, we only applied to
jobs in business-related fields: banking, finance, insurance, marketing, manage-
ment, and sales. We submit applications to job categories which are associated
with business degrees/experience in order to examine mismatch in qualifica-
tions between black and white applicants. Third, we applied to jobs that met the
following criteria: (i) no certificate or specific training was required for the job;
(ii) the prospective employer did not require a detailed application be submitted;
(iii) and the prospective employer only required the submission of a résumé to
be considered for the job. The decision to apply for jobs that did not require
detailed application procedures is driven by the need to (a) avoid introducing
unwanted variation into the experimental design and (b) maximize the number
of résumés submitted at the lowest possible cost. The only decision that was
made on our part that could affect the estimates is the selection of the jobs to
which applications were submitted. That is, there may be unobserved hetero-
geneity at the job level. Because we sent four résumés to each job opening, this
potential source of bias is mitigated by the inclusion of job-advertisement
dummy variables, which holds constant unobservables specific to all four

12 Eriksson and Rooth (2014), Kroft, Lange, and Notowidigdo (2013), and Nunley et al. (2014a)
examine how different length unemployment spells affect job opportunities using the corre-
spondence-audit methodology.
13 Because of the extensive detail associated with each of the résumé characteristics mentioned
in this paragraph, we relegate this information to Online Appendix A1.1, which provides the
details on each of the résumé characteristics. However, we use a number of these résumé
characteristics to conduct indirect tests that shed light on which theory of discrimination best
fits the data. When we use a particular résumé attribute, we discuss the important aspects of the
attribute at that point in the paper. Online Appendix A1.2 provides some examples of the résumés
that were submitted, and Online Appendix A1.3 provides information on the application process.
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résumés. In addition, we cluster standard errors at the job-advertisement level,
which follows other correspondence studies (e.g., Lahey 2008; Neumark 2012).

Because we use randomization to examine the effects of race on employ-
ment prospects, it is important to ensure that our randomization process dis-
tributes the résumé attributes to black and white applicants in similar ways.
Table 1 presents the means for a subset of the résumé characteristics for all
applicants (column 1), black applicants (column 2), and white applicants (col-
umn 3).14 In column 4, the p-values for the difference-in-means tests between
black and white applicants for each résumé attribute are presented.15 It is
apparent from the difference-in-means tests that black and white applicants
are assigned each of the résumé characteristics similarly, as none of the esti-
mated differentials is statistically different from zero. In addition, the sample
means for the résumé characteristics overall and by race are consistent with the
probabilities chosen for the random assignment of the résumé credentials (see
Online Appendix A1.1 for information on these probabilities).

We proxy employment opportunities with interview requests from prospective
employers. A response is treated as an interview request when an employer calls or
e-mails to schedule an interview or requests to speak in more detail about the
opening with the applicant. Our measure of employment prospects, i.e., the inter-
view rate, is similar to themeasures commonly used in other correspondence studies
(e.g., Bertrand and Mullainathan 2004). It is possible for us to consider “positive”
responses (e.g., Lahey 2008), but the estimates are not sensitive to this alternative
coding of the dependent variable because the majority of “callbacks” fall into the
interview-request category.16 As a result, we omit these results from the paper.

14 We omit a few of the résumé credentials from Table 1, as they are not central to our empirical
models. These remaining attributes include the university where the applicant graduated from,
whether the applicant reports their GPA on their résumé, whether the applicants completed their
degree with anHonor’s distinction, and the type of job the applicant had while they were completing
their degree. However, the means of these characteristics are consistent with the probabilities
assigned to such attributes, and the difference-in-means tests between black and white applicants
are not statistically different from zero. These estimates are available upon request.
15 The differences-in-means tests are conducted by estimating a linear regression of the résumé
credential on a constant and a dummy variable that equals one when an applicant is assigned a
black-sounding name and zero when an applicant is assigned a white-sounding name.
16 There were five types of “callbacks” for which coding the dependent variable is unclear. First, we
received six callbacks from firms that asked if the applicant was interested in other positions.
Second, we received one callback from a firm that requested information from the applicant
regarding salary requirements. Third, we received two callbacks from firms that asked whether the
applicant was interested in full- or part-time work. Fourth, we received eight callbacks from firms
that asked if the applicants had a location preference. Fifth, we received 108 callbacks from firms
requesting applicants to complete another step in the interview process (i.e., filling out a detailed
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Table 1: Covariate balance between black and white applicants.

Covariate All
applicants

Black
applicants

White
applicants

p-Values for
black–white
differences

Female . . . .
High socioeconomic status . . . .
No gap in work history . . . .
-Month front-end gap . . . .
-Month front-end gap . . . .
-Month front-end gap . . . .
-Month back end gap . . . .
-Month back end gap . . . .
-Month back end gap . . . .
Business degree . . . .
Internship experience . . . .
In-field work experience . . . .

Notes: The covariates listed are zero–one dummy variables. “Female” equals one when an
applicant is assigned a female name; “High socioeconomic status” equals one when an
applicant is assigned a high-socioeconomic-status street address; “No gap in work history”
equals one when an applicant is assigned no gap in their work history; “3-Month front-end
gap” equals one when an applicant is assigned a 3-month unemployment spell immediately
after graduation; “6-Month front-end gap” equals one when an applicant is assigned a 6-month
unemployment spell immediately after graduation; “12-Month front-end gap” equals one when
an applicant is assigned a 12-month unemployment spell immediately after graduation;
“3-Month back end gap” equals one when an applicant is assigned a 3-month unemployment
spell at the time of application; “6-Month back end gap” equals one when an applicant is
assigned a 6-month unemployment spell at the time of application; “12-Month back end gap”
equals one when an applicant is assigned a 12-month unemployment spell at the time of
application; “Business degree” equals one when applicant is assigned a business degree;
“Internship experience” equals one when an applicant is assigned internship experience while
completing their degree; and “In-field work experience” equals one when an applicant is
assigned in-field work experience following graduation. Each of these résumé characteristics
as well as those not listed in the table is described in Online Appendix A1.1.

application). However, when this happened, all four applicants that applied to the job received the
same e-mail or phone call, suggesting that the response from the prospective employers might have
been automated. Alternatively, these situations might indicate no discrimination on the part of these
firms. However, the inclusion of job-specific dummy variables removes the influence of these types
of callbacks. In total, there were 125 callbacks for which coding of the dependent variable is unclear.
The estimates presented in Section 4 treat these callbacks as interview requests. However, we
checked the robustness of our estimates to these callbacks by treating them as non-interview
requests and by including observation-specific dummy variables, finding similar estimated black–
white differentials.
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Table 2 presents summary statistics for the interview rates overall and by race.
The baseline interview rate in the sample is slightly over 16%, with white
applicants having a higher-than-average interview rate and black applicants
having a lower-than-average interview rate. The unconditional difference in
the interview rates between black and white applicants is approximately 2.7 per-
centage points, which is statistically significant at the 1% level. The interview
rates vary across cities. Atlanta and Boston have the lowest overall interview
rates at about 13%, while Baltimore has the highest interview rate at about 25%.
When the city-specific interview rates are separated by race, we observe lower
interview rates for blacks relative to whites across all cities. The majority of the
unconditional city-specific differences in the interview rates between black and
white applicants are statistically significant at conventional levels. There is also
variation in the interview rates by job category. Insurance, marketing, and sales
have the highest interview rates, which are each in excess of 20%. Banking,
finance, and management have the lowest interview rates, which are around

Table 2: Average interview rates.

All () White () Black () Difference in means ()

Overall . . . −.***
By city

Atlanta . . . −.**
Baltimore . . . −.
Boston . . . −.
Dallas . . . −.**
Los Angeles . . . −.**
Minneapolis . . . −.**
Portland . . . −.

By job category
Banking . . . −.**
Finance . . . −.
Insurance . . . −.***
Management . . . −.
Marketing . . . −.
Sales . . . −.**

Notes: There are 1,385 observations from Atlanta; 1,146 observations from Baltimore; 1,339
observations from Boston; 1,415 observations from Dallas; 1,375 observations from Los
Angeles; 1,386 observations from Minneapolis; and 1,377 observations from Portland. For the
job categories, there are 929 observations from banking; 1,636 observations from finance;
1,067 observations from management; 1,046 observations from marketing; and 2,326 observa-
tions from sales. ** and *** indicate statistical significance at the 5% and 1% levels,
respectively.
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10% or slightly less. The interview rates for black applicants are lower, in some
cases substantially, than their white counterparts for each of the job categories.
The unconditional differences in the interview rates between black and white
applicants are statistically significant at conventional levels for most of the job
categories. While the racial differences in interview rates presented in Table 2
are suggestive of differential treatment by race, a formal analysis is required to
determine whether these differences reflect discrimination and, if so, the type of
discrimination observed.

4 Results

4.1 Baseline estimates

Our baseline regression model is

interviewimcfj ¼ β0 þ β1 blacki þ γXi þ fm þ fc þ ff þ fj þ uimcfj ð1Þ
The subscripts i, m, c, f, and j index applicants, months, cities, job categories, and
job advertisements, respectively. The variable interview is a zero–one indicator
variable that equals one when an applicant receives a request for an interview and
zero otherwise; black is a zero–one indicator variable that equals one when the
name of the applicant is distinctively black and zero when the name of the
applicant is distinctively white; X is a vector of résumé-specific controls, which
includes all of the résumé characteristics that are randomly assigned to appli-
cants;17 fm, fc, ff , and fj represent sets of dummy variables for the month, city,
job category, and job advertisement, respectively; u represents other factors that
are not held constant that affect interview rates; and β0, β1, and γ are parameters.
We are primarily interested in the parameter β1, which gives the average difference
in the interview rate between black and white applicants.

The use of randomization ensures that the race identifier (black) in eq. [1] is
orthogonal to the error term (u), allowing us to interpret the parameter attached
to the race identifier as the causal difference in the interview rate between black
and white applicants. However, the estimate for β1 does not provide an explicit
test for the type of discrimination observed. As pointed out by Heckman and
Siegelman (1993), Heckman (1998), and Neumark (2012), mean differences in

17 The résumé characteristics are introduced in Section 3, but these attributes are discussed in-
depth in the online appendix. The online appendix is available at the following webpage:
http://johnnunley.org/race_appendix_jan_2015.pdf
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unobservables and differences in the variances of unobservables between blacks
and whites confound attempts to parse taste-based discrimination from statis-
tical discrimination. Neumark (2012) contends that correspondence studies, like
the one that we use, are likely to circumvent the critique regarding mean
differences in unobservables between groups, given that such studies are better
at controlling what employers observe.18 However, Neumark (2012) argues that
the correspondence methodology (as well as in-person audits) does not circum-
vent the critique regarding the possibility that the variances of unobservables
between blacks and whites differ. As a result, the estimates presented in this
section likely capture what the law considers discrimination, which is effectively
the sum of taste-based and statistical discrimination. We investigate whether the
racial discrimination detected is rooted in preferences or the result of an infor-
mation problem in Section 4.3.

Table 3 presents estimates for the parameter β1 from eq. [1]. The columns in
Table 3 differ based on the explanatory variables included in the regression

Table 3: Race and job opportunities.

() () () () () ()

Black −.*** −.*** −.*** −.*** −.*** −.***
(.) (.) (.) (.) (.) (.)

Controls:
Résumé No Yes Yes Yes Yes Yes
Month No No Yes Yes Yes Yes
City No No No Yes Yes Yes
Category No No No No Yes Yes
Advertisement No No No No No Yes

R2 . . . . . .
Adjusted R2 . . . . . .
Observations      

Notes: Estimates are marginal effects from linear probability models. Standard errors clustered at
the job-advertisement level are in parentheses. *** indicates statistical significance at the 1%
level. “Résumé” represents controls for the randomized résumé characteristics other than race;
“Month” represents month-of-application dummy variables; “City” represents city-of-application
dummy variables; “Category” represents job-category (i.e., banking, finance, management, mar-
keting, insurance, and sales) dummy variables; and “Advertisement” represents dummy variables
for the job for which applications were submitted. The estimates presented are based on eq. [1].

18 For the purposes of clarity, we note that it is impossible to control all of the résumés that an
employer observes. However, we are able to control what employers observe regarding the four
résumés submitted for consideration.
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models. Column (1) includes no controls; column (2) includes controls for the
randomly assigned résumé characteristics ðXÞ; column (3) adds the set of month-
of-application dummy variables ðfmÞ; column (4) adds the city-of-application
dummy variables ðfcÞ; column (5) adds the job-category/industry dummy vari-
ables ðff Þ; and column (6) adds the job-advertisement dummy variables ðfjÞ.
The estimated differences in the interview rates between black and white appli-
cants are stable as control variables are successively added, although there is a
slight decline in the estimated racial gap when the job-advertisement dummy
variables are included.

For the comparisons between black and white applicants, the estimated
black–white differentials in interview rates range from −0.022 to −0.028 percen-
tage points. The most reliable estimate is likely the one shown in column (6),
which includes the complete set of control variables (i.e., X, fm, fc, ff , fj from
eq. [1]). In that specification, black applicants have a 2.2 percentage point lower
interview rate than otherwise identical white applicants. Because the average
interview rate in the sample is about 16%, the interview rate for black applicants
is approximately 14% lower than that for white applicants. Each of the estimated
differentials in Table 3 is statistically significant at the 1% level.

4.2 Sensitivity checks

Our first sensitivity check examines whether the interview rates differ by race
and sex.19 Table 4 presents these estimates. Columns (1) and (2) provide within-

Table 4: Race–sex interactions and interview rates.

Black men
versus white

men ()

Black women
versus white
women ()

Black men
versus white
women ()

Black women
versus white

men ()

Difference in the
interview rate

−.** −.*** −.*** −.**
(.) (.) (.) (.)

Notes: Estimates are marginal effects from linear probability models. Standard errors clustered
at the job-advertisement level are in parentheses. ** and *** indicate statistical significance at
the 5% and 1% levels, respectively. The full sample of 9,396 observations is used for each
regression model and the full set of control variables from eq. [1] is included. The details on
how the estimates presented are produced are provided in online Appendix A2.1.

19 We also tested for different interview rates between men and women, finding no economic-
ally or statistically significant difference in their interview rates (see Online Appendix Table A1).
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sex comparisons, and columns (3) and (4) provide between-sex comparisons.
Each of the estimate interview differentials is negative and statistically signifi-
cant at conventional levels. Ultimately, these tests reveal that black men and
black women experience similar treatment in the labor market in terms of
interview rates, as both have lower interview rates than white men and white
women. The magnitudes of estimated differences vary somewhat, but statistical
tests indicate that the black–white male differential is not statistically different
from the black–white female differential. Given that there is no statistical
evidence of race–sex differences in interview rates, the remainder of sensitivity
checks focuses on racial differences in lieu of race–sex differences.20

Although the use of racially distinct names as a signal of race is not a perfect
substitute for the random assignment of race, it is perhaps the best approach
advanced in the literature in recent years. However, the use of racially distinct
names introduces potential confounds. For example, Charles and Guryan (2011)
argue that employers could view distinctively black names as unique or odd,
and discriminate based on those perceptions. Such differential treatment would
be discrimination, but it would not be racial in nature.

We use the Social Security Administration’s data on baby names to examine
the popularity of our first names for the black and white applicants. While the
rankings change from year to year, we examine the rankings (in terms of
popularity) of the chosen first names to obtain a sense of how common or
uncommon the first names are for babies born in the late 1980s and early
1990s, which is approximately when our applicants would have been born.
For the white names, Amy is ranked about 50th; Claire is ranked about 150th;
Cody is ranked about 40th; and Jake is ranked about 140th. For the black names,
Ebony is ranked about 160th; Aaliyah is ranked about 200th; DeAndre is ranked
about 250th; and DeShawn is ranked about 450th. While the distinctively black
names are less frequent, it is important to point that these rankings are based on
popular male and female names overall, not by race. In addition, data on last/
family names from the U.S. Census suggest that the “white” and “black” last/
family names chosen are likely to reinforce the racial distinctiveness of the first
names.

A second criticism of using racially distinct names is that they may signal
socioeconomic status instead of race. We incorporate socioeconomic status into

20 It is also important to point out that the applicants with particular black names are
discriminated against similarly. That is, the interview rates for DeShawn, DeAndre, Ebony,
and Aaliyah are not statistically different from each other, and they are lower by similar
magnitude when separately compared to each of the white names (i.e., Amy, Claire, Cody,
and Jake).
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our experimental design by randomly assigning street addresses in neighbor-
hoods with high and low house prices. The indicator for high socioeconomic
status is a street address with house prices of $750,000 or more, while the
indicator for low socioeconomic status is a street address with house prices that
are $100,000 or less.

While there is no clear-cut way to deflect concerns that the racially distinct
names reflect race in lieu of uniqueness or socioeconomic status, we use two
approaches to address these concerns. First, we examine a subset of the full
sample that excludes the most popular and least popular first names from the
sample. The names with the highest rankings are Amy and Cody, and the name
with the lowest ranking is DeShawn. Excluding observations from applicants
with these names effectively results in a sample of applicants with names that
have similar frequency in the population. We address the socioeconomic-status
concern by estimating racial differences in interview rates for applicants with
street addresses in high- and low-socioeconomic-status neighborhoods, which is
similar to the strategy used by Bertrand and Mullainathan (2004).

The sensitivity checks focused on the uniqueness and socioeconomic status
of the racially distinct names are presented in Table 5. Column (1) shows the
estimated difference in the interview rate between black and white applicants
with common names; columns (2) and (3) present the estimated differences in
the interview rates between black and white applicants with low-socioeconomic-
status addresses; and columns (4) and (5) present the estimated differences in
the interview rates between black and white applicants with high-socioeco-
nomic-status addresses. Columns (2) and (3) and columns (4) and (5) differ

Table 5: Race, uniqueness, and socioeconomic status.

Common
names

()

Low socioeconomic status High socioeconomic status

Full
sample ()

Common
names ()

Full
sample ()

Common
names ()

Black −.*** −.** −.** −.** −.*
(.) (.) (.) (.) (.)

Observations , , , , ,

Notes: Estimates are marginal effects from linear probability models. Standard errors clustered
at the job-advertisement level are in parentheses. *, **, and *** indicate statistical significance
at the 10%, 5% and 1% levels, respectively. The samples used in columns (1), (3), and (5)
include only observations from applicants with “common” names, while the full sample is used
to produce the estimates in columns (2) and (4). The full set of control variables from eq. [1] is
included in each regression model. The details on how the estimates presented are produced
are provided in online Appendix A2.2.
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based on the sample that is used, as columns (2) and (4) use the full sample and
columns (3) and (5) use the subsample based on applicants with common
names. In column (1), the estimates indicate that black applicants have a 2.7
percentage point lower interview rate than otherwise identical white applicants,
and this estimated differential is statistically significant at the 1% level. The
estimates for applicants with low-socioeconomic-status street addresses range
from −0.022 to −0.029, which varies depending on the sample used. Each of
these estimates is statistically significant at the 5% level. The estimates for
applicants with high-socioeconomic-status street addresses range from −0.021
to −0.023. The former estimate is statistically significant at the 5% level, while
the latter estimate is statistically significant at the 10% level. The coefficient
estimate for the interaction term, which tests whether the estimated black–white
differential for applicants with high-socioeconomic-status addresses and that for
applicants with low-socioeconomic-status addresses are statistically different
from one another, is omitted from Table 5, but the estimate is small economic-
ally and not statistically different from zero. To the extent the subset of names
analyzed are truly common, which is supported by name data, and the measure
that we use indicates socioeconomic status reliably, our results in Table 3 do not
appear to reflect differential treatment based on the uniqueness of the appli-
cant’s first and last names or socioeconomic status, which increases the like-
lihood that our estimates reflect differential treatment by race.

Because we randomized gaps in the work histories of applicants, it is
possible that the black–white differentials detected in Table 3 could be driven
by lower interview rates for blacks with unemployment spells. To investigate this
possibility, we estimate a variant of eq. [1] that includes interactions between the
race identifier and unemployment-spell identifiers. The estimates presented in
Table 6 test whether unemployment spells affect blacks more or less adversely

Table 6: Race, unemployment spells, and job opportunities.

unemp3mo

relative to
employed

unemp6mo

relative to
employed

unemp12mo

relative to
employed

unemp6mo

relative to
unemp3mo

unemp12mo

relative to
unemp3mo

unemp12mo

relative to
unemp6mo

() () () () () ()

Black −. −. −. . . −.
(.) (.) (.) (.) (.) (.)

Notes: Estimates are marginal effects from linear probability models. Standard errors clustered
at the job-advertisement level are in parentheses. The full sample of 9,396 observations is used
for each regression model and the full set of control variables from eq. [1] is included. The
details on how the estimates presented are produced are provided in online Appendix A2.3.
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than their white counterparts. The estimates shown in Table 6 indicate that the
black–white differentials detected in Table 3 are not driven by greater discrimi-
nation against blacks with current unemployment spells. None of the estimates
are statistically significant at any reasonable level, nor is it likely that the
estimated differentials would be considered economically important.21

The next set of sensitivity checks examines whether racial discrimination
varies with labor-market conditions. Because of the historically high rates of
unemployment in each city studied during our sample period, the labor-market
conditions present in each city would likely be considered “slack” or “loose.”
However, there is variation in the levels of unemployment in these cities in
which résumés were submitted. The cities with relatively lower unemployment
rates include Boston, Dallas, and Minneapolis, which had unemployment rates
ranging from 5% to 6%. The cities with relatively higher unemployment rates
include Baltimore and Los Angeles, which had unemployment rates over 10%.
Atlanta and Portland had unemployment rates in between these two extremes,
which were about 7%. In our analysis, we consider Boston, Dallas, and
Minneapolis as cities with relatively “tight” labor-market conditions, and
Baltimore and Los Angeles are treated as having relatively “loose” labor-market
conditions. The interview rate in cities with “tight” conditions is about 16%,
while it is over 19% in cities with “loose” conditions.

Table 7 presents the estimates for the black–white interview differential in
cities with relatively tight labor-market conditions (column 1), the black–white
interview differential in cities with relatively loose labor-market conditions

Table 7: Racial discrimination and labor-market conditions.

Tight labor
markets ()

Loose labor
markets ()

Loose labor markets relative
to tight labor markets ()

Black −.*** −.* .
(.) (.) (.)

Notes: Estimates are marginal effects from linear probability models. Standard errors clustered
at the job-opening level are in parentheses. * and *** indicates statistical significance at the
10% and 1% levels, respectively. The full sample of 9,396 observations is used for each
regression model and the full set of control variables from eq. [1] is included. The details on
how the estimates presented are produced are provided in online Appendix A2.4.

21 It is also possible for the black and white job seekers to be randomly assigned a work-history
gap immediately after completing their degrees. We examined whether “front-end” gaps in
work history are responsible for the racial gap in interview requests, but we find no evidence
that “front-end” gaps in work history explain the estimates presented in Table 3.
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(column 2), and the relative black–white differential between cities with loose
and tight labor-market conditions. From Table 7, black applicants have inter-
view rates that are 3.1 (column 1) and 2.2 (column 2) percentage points lower
than their white counterparts in tight and loose labor markets, respectively. The
test for whether these two differences are statistically different from one another
indicates that the black–white differential in the relatively loose labor markets
is not statistically different from that in the relatively tight labor markets
(column 3).

4.3 Empirical tests for different types of discrimination

In general, there are two economic models of discrimination: the taste-based
model (Becker 1971) and models of statistical discrimination (Aigner and Cain
1977; Arrow 1973; Cornell and Welch 1996; Lundberg and Startz 1983; Phelps
1972).22 The key difference between these different models is that the taste-based
model emphasizes animosity as the source of differential treatment by race, and
models of statistical discrimination are based on incomplete information.
Becker’s (1971) model predicts that racist employers would interview fewer
black applicants than white applicants, despite both having the same produc-
tivity characteristics.23 Models of statistical discrimination can be separated into
three classes: (i) those that emphasize differences in the means of unobservables
between blacks and whites;24 (ii) those that emphasize differences in the

22 Another theory of discrimination is implicit discrimination, which originated in the field of
psychology. It is a form of discrimination that can be taste based or statistical, but the
differential treatment by race occurs unconsciously rather than consciously (Bertrand, Chugh,
and Mullainathan 2005). In our context, implicit discrimination occurs when employers choose
to interview otherwise identical white and black applicants at different rates without being
aware that they are treating the two applicants differently on the basis of race. Such a situation
might occur if employers make quick decisions concerning which job applicants to interview.
Our data are not well-suited to determine whether discrimination occurs consciously or uncon-
sciously. Implicit discrimination is difficult to investigate empirically, but Price and Wolfers
(2010) and Rooth (2010) are notable exceptions. Implicit Association Tests (IATs) have been
used, as in Rooth (2010), to measure racial prejudice, but van Ravenzwaaij, van der Maas, and
Wagenmakers (2011) contest the reliability of IATs as a means to detect racial prejudice.
23 The discussion concerning Becker’s (1971) theory is not exhaustive, as there are many
aspects of Becker’s model that we are unable to examine (e.g., market power, competition).
See Charles and Guryan (2008) for an examination of other predictions made by Becker (1971).
24 Recall that correspondence studies are generally thought to circumvent the identification
issues associated with mean differences in unobservables between blacks and whites (see
Neumark 2012).
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variances of unobservables between blacks and whites; and (iii) those that
emphasize risk aversion on the part of employers. While there are no definitive
tests to isolate the type of discrimination observed, we rely on two approaches to
help sort out the competing explanations for the observed patterns in the data:
race–credential interactions (Bertrand and Mullainathan 2004; Lahey 2008) and
the decomposition of racial discrimination into “level” and “variance” compo-
nents (Neumark 2012).

The first set of empirical tests uses the following regression equation to
examine how race interacts with different productivity/match-quality indicators:

interviewimcfj ¼ β0 þ β1 blacki þ β2 signali þ β3 blacki � signali þ γXi

þ fm þ fc þ ff þ fj þ uicmfj

ð2Þ

The subscripts i, m, c, f, and j and the variables black, X, fm, fc, ff , fj, and u
are defined in eq. [1]. The variable signal is an indicator variable equal to one
when an applicant is assigned a résumé attribute which indicates high expected
productivity and/or a high degree of match quality between the applicant and
the job opening. The parameter β1 gives the average difference in the interview
rate between black and white applicants with no signal assigned to them; the
parameter combination β1 þ β3 gives the average difference in the interview rate
between black and white applicants with a signal assigned to them; and the
parameter β3 indicates whether the racial gap in employment opportunities is
smaller, larger, or similar between applicants with and without a signal assigned
to them. We use three different signals for expected productivity and/or match
quality when estimating eq. [2]: business degrees, internship experience, and in-
field work experience. Each of these résumé attributes has a positive effect on
the interview rate, but internship and in-field work experience have much larger
effects than business degrees.25

Table 8 presents the estimates for β1, β1 þ β3, and β3 from eq. [2]. Three sets
of estimates are presented, which differ based on the expected-productivity/
match-quality signal being used. Panel A presents the estimates for the racial

25 In two companion papers (Nunley et al. 2014a, 2014b), we compare the interview rates of job
seekers with business and non-business majors, job seekers with and without internship
experience, and job seekers who became adequately employed (i.e., in-field work experience)
and underemployed after graduation. Business degrees and internship experience improve
employment prospects. However, the estimated differential between business and non-business
majors is not statistically different from zero. By contrast, job seekers with internship experience
have interview/callback rates that are 14% higher than those who did not obtain internship
experience. Relative to in-field employment, spells of underemployment reduce the interview/
callback rates by about 30%.

Racial Discrimination in the Labor Market 1113



gap in employment opportunities for non-business majors. We consider account-
ing, economics, finance, management, and marketing as business degrees,
while psychology, biology, history, and English are considered non-business
degrees.26 For non-business majors, black applicants have a one percentage
point lower interview rate than white applicants (column 1). The analogous

Table 8: Race, productivity signals, and job opportunities.

No productivity
signal ()

Productivity
signal ()

Productivity signal relative to
no productivity signal ()

Panel A: business degrees
Black −. −.*** −.*

(.) (.) (.)

Panel B: internships
Black −.** −.*** −.*

(.) (.) (.)

Panel C: in-field experience
Black −. −.*** −.**

(.) (.) (.)

Notes: Estimates are marginal effects from linear probability models. Standard errors clustered
at the job-advertisement level are in parentheses. *, **, and *** indicate statistical significance
at the 10%, 5% and 1% levels, respectively. The estimates shown, which are based on eq. [2], in
each panel are based on separate regression models. In particular, eq. [2] is estimated with
different productivity and/or match-quality signals, including business degrees, internship
experience, and in-field work experience. The full sample of 9,396 observations is used for
each regression model and the full set of control variables from eq. [1] is included. Panel A
presents the estimated racial differences for business and non-business degree holders; Panel
B presents the estimated racial differences for applicants with and without internship experi-
ence; and Panel C presents the estimated racial differences for applicants with in-field and out-
of-field work experience.

26 It is likely that employers in the job categories in which we apply consider economics a
business-related degree. However, we also included economics in the “non-business degree”
category as a robustness check due to a nontrivial portion of economics departments being
housed outside of business schools. With this reclassification, the results are slightly different.
In particular, when economics is included in the non-business degree category, we find a
negative and statistically significant differential between black and white applicants with
non-business degrees. We continue to find an economically and statistically significant racial
differential for applicants with business degrees. However, the difference-in-differences estima-
tor, i.e., β3, is not statistically different from zero, but the estimate is potentially significant in an
economic sense because the estimated differential is over two percentage points. While the
estimates differ somewhat, the overall message is the same: the extent of racial discrimination
is greater in the business degree category than in the non-business degree category.
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differential is over twice as large for business majors (column 2). The racial gap
in interview rates is two percentage points larger for business majors than for
non-business majors (column 3). The estimate presented in column (1) is not
statistically significant at conventional levels; column (2) is statistically signifi-
cant at the 1% level; and column (3), which tests whether the racial gap in
employment opportunities for business majors differs from that for non-business
majors, is statistically significant at the 10% level.27

Panel B presents the estimates for the racial gap in employment opportu-
nities for applicants with and without internship experience. In our case, intern-
ship experience is a type of in-field work experience, as the applicants were
assigned an internship within the job category for which they are applying.28

Internship experience is working as a(n) “Equity Capital Markets Intern” in
banking; “Financial Analyst Intern” in finance; “Insurance Intern” in insurance;
“Project Management Intern” or “Management Intern” in management;
“Marketing Business Analyst” in marketing; and “Sales Intern” or “Sales
Future Leader Intern” in sales. For applicants without internship experience,
black applicants have a 1.6 percentage point lower interview rate than white
applicants (column 1). The analogous differential is more than twice as large for
applicants with internship experience (column 2). The larger racial gap detected
for applicants with internship experience is economically larger than the analo-
gous estimated differential for applicants without internship experience. In
particular, the racial gap in interview rates for applicants with internship experi-
ence is 2.4 percentage points larger than that for applicants without internship
experience (column 3). The estimates presented in columns (1), (2), and (3) are
statistically significant at the 5%, 1% and 10% levels, respectively.

Panel C presents the estimates for the racial gap in employment opportu-
nities for applicants with and without in-field work experience. In-field work
experience varies by the job category: it is working as a “Bank Branch Assistant
Manager” in banking; “Accounts Payable” or “Financial Advisor” in finance;
“Insurance Sales Agent” in insurance; “Distribution Assistant Manager” or
“Administrative Assistant” in management; “Marketing Specialist” in marketing;

27 We estimated an alternative specification that grouped the degrees into the following
categories: business, social sciences, sciences, and humanities. These estimates are presented
in Online Appendix Table A2. Ultimately, our findings with respect to the interaction between
race and business degrees are corroborated by this alternative specification: the extent of racial
discrimination is economically and statistically more important in the business degree category
than the other degree categories.
28 The internship experience was acquired in Summer 2009, the year before the applicants
completed their college degrees in May 2010. The internships lasted only for 3 months. The
online appendix provides more details on the internships randomly assigned to applicants.
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and “Sales Representative” or “Sales Consultant” in sales. Out-of-field experi-
ence is employment at well-known retail stores with either a “Retail Associate”
or “Sales Associate” job title.29 The “out-of-field” experience that is randomly
assigned to applicants is effectively a form of “underemployment,” as a college
degree would not be required for these types of jobs. For applicants with out-of-
field experience, we find no statistical evidence of a differential in the interview
rates between black and white applicants (column 1). However, we find econom-
ically and statistically significant interview differentials between black and
white applicants with in-field work experience. In particular, the interview rate
for black applicants with in-field work experience is 3.5 percentage points lower
than that for white applicants with in-field work experience (column 2). In
addition, the estimated difference in the interview rate between black and
white applicants with in-field work experience is larger than the analogous
differential for applicants with out-of-field experience, and it is statistically
significant at conventional levels (column 3).30

In Table 9, we examine the racial gap in employment opportunities between
job seekers with none, some, or all of the three aforementioned productivity
signals. In particular, column (1) presents the estimated differential between
black and white job applicants with non-business degrees, no internship experi-
ence, and out-of-field work experience; column (2) presents the estimated inter-
view differential between black and white applicants with business degrees (also
presented in column (2) of Table 8); column (3) presents the estimated interview
differential between black and white applicants with business degrees and intern-
ship experience; and column (4) shows the estimated interview differential
between black and white applicants with business degrees, internship experience,
and in-field work experience.31 We find no evidence of a racial gap in employment
opportunities for applicants with non-business degrees, no internship experience,
and out-of-field work experience (column 1). However, black applicants have a

29 For the sales job category, we exclusively use “Retail Associate” as the relevant type of out-
of-field experience.
30 Because the random assignment of gaps in work history created random variation in experi-
ence levels, we examine whether race interacts with the amount of experience in general, out-of-
field work experience, and in-field work experience. This specification and the results from it are
discussed in Online Appendix A3.1, and the estimates are presented in Online Appendix Table A3.
Overall, we find that racial gap in interview rates declines with the amount of work experience.
However, these findings mask some interesting patterns in the data: the effects of work experience
on the racial gap in interview rates differ markedly based on the type of work experience. For out-
of-field experience, the racial gap in interview rates declines with work experience, but the racial
gap in interview rates increases with the amount of in-field work experience.
31 Online Appendix A2.5 provides details on how the estimates in Table 9 are generated.
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19% lower interview rate than white applicants when both have business degrees
(column 2). The racial gap in employment opportunities is larger when job seekers
have business degrees and internship experience (column 3). In particular, black
applicants have a 31% lower interview rate than their white counterparts. When
applicants have business degrees, internship experience, and in-field work experi-
ence, black applicants have an interview rate that is 33% lower than that for
otherwise identical white applicants (column 4).32

Our final attempt to shed light on the channel through which discrimination
operates is the methodology developed by Neumark (2012).33 Using a

Table 9: Racial gap in job opportunities with none, some, or all productivity signals.

() () () ()

Black . –.*** –.*** –.***
(.) (.) (.) (.)

Productivity signals
Business degree No Yes Yes Yes
Internship experience No No Yes Yes
In-field experience No No No Yes

Observations in cells , ,  

Notes: Estimates are marginal effects from linear probability models. Standard errors clustered
at the job-opening level are in parentheses. *** indicates statistical significance at the 1%
level. The full sample of 9,396 observations is used for each regression model and the full set
of control variables from eq. [1] is included. The estimated black–white differentials are based
on the computation of linear combinations of parameters. The details on how the estimates
presented are produced are provided in online Appendix A2.5.

32 It may appear that black applicants are worse off (in terms of job opportunities) when they
acquire business degrees, internship experience, and in-field work experience, but this is not the
case. In fact, the discrimination against black job seekers is worse when white applicants have
these credentials and black applicants do not. However, when black applicants have these
credentials and white applicants do not, there is generally no statistically significant difference in
interview rates between black and white job seekers. The estimates that generate these conclusions
are discussed in Online Appendix A2.3 and presented in Online Appendix Tables A4 and A5.
33 A requirement of Neumark’s decomposition is the incorporation of multiple productivity-
related characteristics into the experimental design. We randomize characteristics displayed on
the applicants’ résumés that affect interview rates (e.g., in-field and internship experience). The
incorporation of such characteristics can be used to obtain an estimate for the ratio of standard
deviations of unobservables, which allows one to test whether they are statistically different
from one another between groups (e.g., blacks versus whites). We find that the effects of the
observable characteristics are not statistically different for black and white applicants, which is
necessary for identification in Neumark’s proposed methodology.
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heteroskedastic probit model that allows the variance of unobservables to depend
on race, we decompose the marginal effect of race into two components: an effect
that operates through the “level” and an effect that operates through the “var-
iance.” The level component measures taste-based discrimination, while the
variance component measures statistical discrimination. We find that the partial
effect, which is the sum of the level and variance components, is −0.025,34 which
is consistent with what we find via the linear probability models presented in
Table 3. The marginal effect through the level is −0.038 and the marginal effect
through the variance is 0.013. The marginal effect through the level and the
marginal effect through the variance are not statistically significant at conven-
tional levels.35 However, we emphasize the size of the estimate for the level
component relative to the baseline estimate from Table 3 (−0.038 versus
−0.022). The larger marginal effect through the level suggests that the baseline
estimate tends to understate the extent of taste-based discrimination. These find-
ings suggest that the structural parameter, i.e., the level component, is indeed
negative and economically large, which could be interpreted as evidence of taste-
based discrimination.

Ewens, Tomlin, and Wang (2014; ETW henceforth) posit a number of
hypotheses that allow one to test for taste-based discrimination, which are
able to test, albeit imperfectly, with our data. Their model predicts that the
racial gap widens (narrows) as positive (negative) information is added – rela-
tive to a “no-information” baseline – to their fictitious applicant’s answer to
rental-housing advertisements. While our data do not contain the “no-informa-
tion” base case, which is an advantage of ETW’s reliance on rental-housing
markets over résumé audits of the labor market, we observe an increase in the
interview gap between black- and white-named applicants as positive attributes
are added to their résumés. Furthermore, there is no difference between white-
and black-named applicants who exhibit the lowest level of qualifications in our
study – a non-business degree, no internship experience, and out-of-field work
experience. These patterns in the data are consistent with Hypotheses 2A and 3A
(see Section 2), which buttresses an argument favoring taste-based discrimina-
tion as the explanation for our findings. Moreover, the decomposition approach

34 We were unable to estimate the full model depicted in eq. [1]. In particular, it was not
possible to estimate eq. [1] via the heteroskedastic probit model with the job-advertisement
dummy variables ðfjÞ included. However, we were able to estimate the heteroskedastic probit
model with all of the other controls included ði:e:; X;fm;fc; and ff Þ.
35 The marginal effect that operates through the level is very close to being statistically
significant at the 10% level (p-value ¼ 0.12), while the marginal effect that operates through
the variance is nowhere near statistically significant (p-value ¼ 0.63).
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developed by Neumark (2012), which is designed to separate out taste-based
discrimination and variance-based statistical discrimination, suggests our base-
line model tends to understate the extent of taste-based discrimination.

Despite the empirical evidence pointing toward discrimination based on
tastes, we are unable to rule out risk aversion on the part of employers as a
possible explanation. Given that we applied to higher-skill jobs (i.e., those that
require a college degree), it is likely that employers would expect to invest in the
human capital of their new hires. Furthermore, there is uncertainty regarding
applicant quality. If the signal-to-noise ratio is lower for blacks than it is for
whites, employers would interview relatively fewer black applicants because of
their aversion to risk, which could explain the larger racial gap at the “high-
skill” level. The lower signal-to-noise ratio for blacks could result from the
discounting of attributes possessed by blacks (relative to whites) because the
employers have less experience interacting with blacks. It is difficult, perhaps
impossible, for us to test for this type of discrimination, as we have no way of
knowing the extent of interaction an employer has had with a particular group.

4.4 Discrimination in jobs with customer interaction

Becker (1971) contends that discrimination in hiring need not operate through
employer preferences. Instead, discrimination can also occur via customer and/
or employee discrimination. In this subsection, we examine whether the differ-
ential treatment by race is robust for jobs that require significant customer
interaction.36 While our data do not provide a clean test of customer discrimina-
tion, the submission of applications to many different types of jobs provides an
indirect way of examining the possibility that discrimination could occur

36 We focus on jobs that require customer interaction, as it is relatively straightforward to
identify such jobs. It is difficult, however, to examine employee discrimination using our data.
The problem with categorizing jobs that require substantial interaction among colleagues is that
such jobs tend to require a higher degree of skill or relevant experience as well. For example,
job titles that include the words “Manager,” “Director,” “Supervisor,” “Administration,”
“Coordinator,” “Operations,” and “Leader” require interaction among colleagues, but these
jobs also likely require specific skill sets or training. However, it is important to point out
that we only applied to jobs for which our applicants were qualified to get. In fact, many of our
applicants have, for example, managerial experience, as a portion of them became employed in
such jobs after completing their degrees in May 2010. In Online Appendix Table A6, we use the
words “Manager,” “Director,” “Supervisor,” “Administration,” “Coordinator,” “Operations,”
and “Leader” to classify jobs as requiring significant interaction among coworkers. We find
that the estimated black–white differentials are small and not statistically different from zero in
these types of jobs.
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because of an employer’s beliefs about its customer base. Our approach is
similar to that of Holzer and Ihlanfeldt (1998), who consider evidence of greater
discrimination in jobs that require contact with customers, such as sales and
service occupations, as evidence of customer discrimination.

In our case, we compare the employment opportunities facing black and
white applicants for jobs that require contact with customers. To classify the job
openings, we use the information conveyed in the job titles as a way to classify
customer-focused and “other” jobs. In particular, we treat job titles that include
the words “Customer,” “Sales,” “Advisor,” “Representative,” “Agent,” and
“Loan Officer” as jobs that require interaction with the firm’s customers.

We estimate the following regression model:

interviewimcfj ¼ β0 þ β1 blacki þ β2 customerj þ β3 blacki � customerj

þ γXi þ fm þ fc þ ff þ fj þ uicmfj
ð3Þ

The subscripts i, m, c, f, and j and the variables black, X, fm, fc, ff , fj, and u
are defined in eq. [1]. The variable customer is a zero–one indicator that equals
one when the job requires interaction between the applicant and the firm’s
customers and zero otherwise. We are interested in β1 þ β3, which gives the
average difference in the interview rate between black and white applicants who
applied to jobs that require interaction with customers.37 The estimate for β3 is
informative as well, as it tests whether the estimated black–white differential in
customer-related jobs is statistically different from the estimated black–white
differential in other jobs.

The estimates for the linear combination β1 þ β3 are presented in Table 10.
The columns in Table 10 differ based on the words in the job titles that are used
to create the customer variable. The words in the job titles used to classify jobs
as being customer focused are listed below the estimates in Table 10. In column
(1), we begin with job titles that have a high likelihood of having significant
customer and employee interaction. In columns (2)–(5), we successively add jobs
that are also likely to have significant customer interaction. The purpose of
successively adding job titles to the customer categorizations stems from the

37 In Online Appendix Table A7, we examine whether there is differential treatment between
men and women in jobs that require interaction with customers. These estimates are presented
in Online Appendix Table A7. The regression model used to produce these estimates is
analogous to eq. [3], except black is replaced with female. We find no statistical evidence that
men and women are treated differently in customer-focused jobs. In Online Appendix Table A7,
we also present estimates for male–female differences for jobs that require interaction among
coworkers, finding no differences between men and women in these types of jobs. Footnote 36
provides information on how the jobs that require coworker interaction are classified.
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need to gauge the sensitivity of the estimates to broader definitions of the
customer identifier. The estimates presented in Table 10 indicate that the racial
discrimination detected in previous specifications operates primarily through a
higher degree of discrimination in jobs that require customer interaction, which
is consistent with recent work by Laouénan (2013).38 In addition, the estimate for
β3 from eq. [3] (not presented in Table 10) is positive, large, and highly statis-
tically significant, an indication that the racial discrimination in customer-
focused jobs is economically and statistically larger than that in “other” jobs.
While inconclusive, these findings could indicate that employers attempt to
appease their customer base, which may have racial preferences, by interview-
ing fewer blacks relative to whites.39

Table 10: Racial discrimination in jobs with customer interaction.

() () () () ()

Black −.*** −.*** −.*** −.*** −.***
(.) (.) (.) (.) (.)

Words in job title:
Customer Yes Yes Yes Yes Yes
Sales Yes Yes Yes Yes Yes
Advisor No Yes Yes Yes Yes
Representative No No Yes Yes Yes
Agent No No No Yes Yes
Loan officer No No No No Yes

Observations in cells , , , , ,

Notes: Estimates are marginal effects from linear probability models. Standard errors clustered
at the job-advertisement level are in parentheses. *** indicates statistical significance at the
1% level. The full sample of 9,396 observations is used for each regression model and the full
set of control variables from eq. [1] is included. The estimates presented above are based on
eq. [3].

38 Using U.S. data, Laouénan (2014) estimates that the decline in racial prejudice has led to a
reduction in the racial wage gap, but that the rise in jobs that require customer interaction
explains the persistence of the racial wage gap. Using French data, Combes et al. (2013) test for
labor-market discrimination against African immigrants, finding evidence of both ethnic and
customer discrimination.
39 As a way to further investigate whether discrimination operates through a customer chan-
nel, we examine whether there is more/less discrimination in jobs that require customer
interaction in cities with relatively lower and relatively higher shares of blacks in the popula-
tion. For customer-related jobs, we find an even larger black–white interview differential in
cities where blacks comprise a relatively smaller share of the population (Los Angeles and
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5 Conclusions

We present experimental evidence from a correspondence test of racial discri-
mination in the labor market for recent college graduates. The correspondence
framework, which incorporates a detailed set of randomly assigned productivity
characteristics for a large number of résumés from white- and black-named job
candidates, provides a powerful method to detect racial discrimination among
the college-educated. The analysis of survey data is unlikely to yield convincing
evidence of discrimination among the college educated because of selection
bias. The coarseness of the education variables (e.g., highest grade completed,
school quality, and school inputs) and other productivity characteristics con-
tained in prominent employment data series could also mask important pre-
market factors that predict differences in the skill distributions between black
and white college graduates.

Our results indicate that black-named applicants are approximately 14%
less likely than white-named applicants to receive interview requests. We find
strong evidence that the racial gap in employment opportunities widens with
perceived productivity characteristics. In addition, the differential treatment by
race detected appears to operate primarily through greater discrimination in jobs
that require significant customer interaction, as we find much larger black–
white interview differentials (about 28%) when applying to such jobs. We
demonstrate that the estimated black–white differentials in interview rates are
unlikely to be driven by the uniqueness of the racially identifying names,
socioeconomic status, gaps in work history, labor-market conditions, or greater
racial discrimination against women. While it is difficult to determine the precise
channel through which discrimination operates, our data tend to support taste-
based discrimination, but we are unable to rule our risk aversion on the part of
employers as a possible explanation.
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