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Names can convey information about race or ethnicity and therefore
can be used to discriminate against protected groups;many researchers
have demonstrated as much through audit studies. Yet few studies link
life outcomes with names using observational data. We use administra-
tive data from over 3 million Black students to ask whether those with
more statistically Black names have differential educational outcomes.
We find that while test scores, college enrollment, and college comple-
tion are negatively correlated with Black names net of background char-
acteristics, this relationship is absent when we compare across siblings
within households.

I. Introduction

Centuries of racial discrimination and a lasting legacy of slavery and seg-
regation in theUnited States have resulted in racial disparities in nearly all
measures of schooling. This is a persistent and concerning reality that
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underscores a continuing need for policies that both address racial dis-
crimination and foster equity in schooling.
We add to our understanding of this reality by asking whether names,

often a signal of race or ethnicity, play a role. If prior work is any guide,
onemight expect that they do. A host of correspondence, or audit, studies
show differences in everything from job application callbacks (Bertrand
and Mullainathan 2004; Pager, Bonikowski, and Western 2009; Gaddis 2015;
Kline, Rose, andWalters 2021) to housing applications (Page 1995; Ewens,
Tomlin, and Wang 2014), to response rates from local public service pro-
viders (Giulietti, Tonin, and Vlassopoulos 2019), to recommendations for
Advanced Placement coursework (Francis, de Oliveira, and Dimmitt 2019)
for those with first names that clearly identify the applicant as Black.1

While these studiesmight prelude differences in long-runoutcomes for
individuals with statistically Black names, the limited evidence connecting
names with outcomes in observational data fails to find negative effects.
For example, Cook, Logan, and Parman (2016) find that African Ameri-
canmenwhohaddistinctively Blacknames lived approximately 1 year lon-
ger than other African American males in the late nineteenth and early
twentieth centuries.2 Aura and Hess (2010), using the General Social Sur-
vey, find that neither family income nor completed schooling are lower
for Black respondents with statistically Black names, net of a limited set
of controls. Notably, using data from California, Fryer and Levitt (2004)
find that Black women with names that are more common among Black
Americans are bornunder less advantageous circumstances but ultimately
have long-run outcomes similar to those for women with names more
common among White Americans, in terms of completed schooling or
age at first birth, for example. The following can be viewed as a replication
and extension of that study in which we reach similar conclusions, with
some caveats.
We make use of administrative data to explore whether test scores and

long-run educational outcomes vary among Black students with the statis-
tical degree to which a name is Black orWhite. Thismight result from dis-
crimination on names in schools or fromdiscrimination on names in other
domains of life that aremanifested in differential schooling outcomes.Our
data come from records for over 15million Black andWhite exam takers in
the high school graduating cohorts of 2004–14 that are linked with college
enrollment and completion records, allowing us to observe educational
outcomes for a large proportion of theUS college-going population.Where
Fryer and Levitt (2004) observe differences in years of schooling only for

1 See Quillian et al. (2017), Baert (2018), and Gaddis (2018) for excellent overviews of
audit studies. See Lieberson and Bell (1992) and Lieberson andMikelson (1995) for socio-
logical work on naming conventions, race, and class.

2 Cook, Logan, and Parman (2014) and Cook, Parman, and Logan (2021) further con-
sider the origins of distinctively Black names in the early twentieth century.
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womenwhowere born in California and who later gave birth in California
while in their early 20s, we observe several test scores and college out-
comes, along with which high schools students attended and measures
of their parents’ income and education. Our sample also has far wider
geographic variation and spans a larger swath of the academic achieve-
ment distribution, allowing us to observe what role geography and aca-
demic ability play. We also estimate effects of names on educational out-
comes, net of household differences, through a large sample of siblings.
Related to our work on names in an educational context, Foster (2008)
uses administrative data from one university and finds no effect of names
on course grades. Conversely, Figlio (2005), who uses data from one
school district in Florida, finds negative correlations between names asso-
ciated with low socioeconomic status—and to a lesser degree, names that
are more common among Black students—and test scores, even among
siblings.3

We find that Black students with more statistically Black names have
lower exam scores, and rates of college enrollment and graduation, than
Black students with less statistically Black names. To illustrate, figure 1
plots standardized exam scores (the PSAT [Preliminary SAT])4 for over
3 million Black students by a Black name index (BNI), which ranges
from 0 (a name found only among White students) to 1 (a name found
only among Black students). In raw means, Black students with the most
statistically Black names perform nearly 0.6 standard deviations lower,
on average, than their Black peers with the least statistically Black names.
When we compare among peers from similar households, as measured
by student-reported parental income and education, who attended the
same high school (or who lived in the same ZIP code) in the same year,
Black students with the most statistically Black names perform 0.2 stan-
dard deviations lower than thosewith the least. That is, of a raw0.6–standard
deviation disparity, only two-thirds can be explained away by observable
household factors, neighborhood, or high school effects. Further, net
of these same factors, Black students with more statistically Black names
are less likely to either attend or graduate from college. Moving across
the full BNI distribution corresponds to a 3.5% decrease in college en-
rollment and a 16% drop in the likelihood of college completion. These
results run counter to the existing literature, which finds no relationship
net of controls, highlighting the value of a large and diverse sample.
When we turn to our sample of over 720,000 Black siblings, allowing us

to compare across students with different names in the same household,

3 Figlio (2005) uses several definitions of a “Black name” that are different from those in
other papers in the literature.

4 The PSAT is a national standardized exam, often considered practice for the SAT, a
college entrance exam.
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we find that the relationship between names and educational outcomes
disappears. This is not because our sibling sample is selectively different
or because there exists insufficient variation in names or test scores within
households. Rather, results suggest that unobserved factors captured by
household fixed effects, beyond what we can observe in our data, explain
the initial negative relationship, potential explanations for which we dis-
cuss at length.
There is, of course, much we cannot rule out. For example, we cannot

rule out sibling spillover effects within the household or differential treat-
ment across names in other aspects of life, such as contact with law enforce-
ment or in applications for jobs, that might affect schooling outcomes at
the household level. Likewise, our results do little to explain the many re-
sults in the literature documenting discrimination across names outside of
education. Rather, our resultsmight highlight the fundamental difference
between our study and audits—that teachers and others in the education
system know their students and that names reveal little about race, unlike
audit studies, where names are a primary indicator. Thus, we caution that
these results do not provide evidence contrary to discriminatory practices
against Black or other students fromprotected classes, in schooling or else-
where. That discrimination exists in America is an unassailable fact. We

FIG. 1.—BNI and exam scores. Sample is Black students with standardized exam scores
in the graduating high school cohorts 2004–14. BNI ranges from 0 to 1, with BNI 5 1 for
first names used only by Black students.
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find only that educational outcomes that vary with names across house-
holds do not do so within households.
We conclude our analysis by contextualizing these results. We do so

first with respect to Fryer and Levitt (2004); while we ultimately reach
a similar conclusion, differences in interim results merit consideration.
Second, in the spirit of that paper, we discuss potential implications for
audit studies. Finally, we discuss limitations, policy implications, and po-
tential directions for future work.

II. Data

Themajority of our analysis focuses on the set of 3 million Black students
from high school graduating cohorts 2004–14 who took the PSAT/Na-
tional Merit Scholarship Qualifying Test (henceforth PSAT). The PSAT
is commonly considered a practice exam for the SAT, which we observe
for a smaller number of students.5 We also make use of the 12 million
White test takers to define a BNI and for supplemental analyses in an ap-
pendix. Long-run educational outcomes come from a link to the Nation-
al Student Clearinghouse, which contains information on whether and
where students enroll in college for approximately 94% of all college stu-
dents in the United States, in addition to whether they earned a college
degree.6

Exam registration requires filling out basic information, including
first and last names, race/ethnicity, and gender. Students have the option
to self identify as White, Black, Hispanic, Asian, Native American and
Pacific Islander, or other.7 Students (and sometimes the schools them-
selves) also report their high school and ZIP code. We make use of a sib-
ling identifier that relies on home address, high school, and last name.8

For the smaller subset of students who take the SAT, we have a categorical
assessments of parental income and education, both of which are student
reported.
Table 1 shows summary statistics for the over 3 million Black students

who took the PSATand constitute ourmain analytic sample.9 A large share
of our PSAT sample have missing parental income and/or education,

5 During the sample period, the PSAT was offered once a year, most frequently at stu-
dents’ high schools. The cost of the exam can range from free to approximately $20, and
students can and often do take the exam multiple times.

6 The most notable deficiency is for-profit college enrollment.
7 Race/ethnicity is missing for 2.6% of the test takers, and another 3.3% are of “other”

race/ethnicity.
8 Goodman et al. (2015) detail the process and the conservative approach used that will

not find all siblings, since addresses can change and misspellings can occur.
9 Table A1 displays summary statistics for Black and White students.
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thoughwe show that limiting to those with nonmissing values or using the
SAT does not meaningfully alter results. The average PSATexam Z-score
for Black students, normalized over all Black and White test takers, is
20.7, evidence of a well-documented difference in test scores across Black
and White students. A similar story is true across all national exams, in-
cluding the SAT, NAEP (National Assessment of Educational Progress),
and ACT (American College Test).10 Sixty-nine percent of Black students
in our sample enroll in any college, and 43% first enroll in a 4-year college.
These numbers are higher than national averages because those students
who take these exams are more likely to enroll in college than those who do
not. Roughly 16% of Black students receive a degree. These numbers are
somewhat lower than the national averages simply because the later part
of the sample are still enrolled in college (whom we exclude from analyses
on college graduation).

III. Correlates of Statistically Black Names

Wemeasure the statistical relationshipbetween a nameandwhether some-
one is Black using a BNI—the same method as Fryer and Levitt (2004).
The index measures the relative commonality of a name among Black
and White individuals. This is different than a Black-“sounding” name in-
sofar as individualsmay act differently toward names they believe are Black

10 See NAEP’s “Achievement Gap” reports and ACT’s “The Condition of College and Ca-
reer Readiness” reports.

TABLE 1
Summary Statistics (Black Students; 3,300,428 Observations)

Parent/Household Student

Mean (SD) Mean (SD)

Parent highest education: Male .46 (.50)
No college .13 (.33) PSAT (Z-score) 2.70 (.81)
Some college .15 (.36) SAT (Z-score) 2.75 (.86)
BA1 .18 (.38) Enrolled in any college .69 (.46)
Education missing .54 (.50) Enrolled in 4-year college .43 (.50)

Household income: College degree .16 (.36)
<$50,000 .19 (.40) 4-year college degree .13 (.33)
$50,000–$100,000 .08 (.28) BNI (first name) .72 (.29)
≥$100,000 .03 (.17) BNI (last name) .72 (.20)
Income missing .69 (.46) Name count (000s) 25.9 (50.5)

Note.—Sample is Black students who took the PSATand graduated high school between
2004 and2014. Parental education is higher of either parent. Some later cohorts have not yet
had enough time to earn a college degree. Table A1 shows statistics for the full sample of
Black and White students.
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as opposed to those that statistically are.11 BNI for first name j is calculated
as follows:

BNInamej
5

Prðnamej jBlackÞ
Prðnamej BlackÞ 1 Prðnamej

�
�

�
�WhiteÞ : (1)

The numerator is the probability of observing name j among Black test
takers, and the denominator is the sum of that probability and the likeli-
hood of observing the same name among White test takers. By construc-
tion, the index ranges from 0 to 1. BNI equals 0.5 when a name is equally
common among White and Black students. If Black students are twice as
likely to have a particular name j than White students, BNI equals 0.67
(0:2=ð0:2 1 0:1Þ); if they are half as likely, BNI equals 0.33. We calculate
this measure separately for first and last names.
We construct BNI from the sample of all 19millionBlack andWhite stu-

dents who took any of the three College Board exams (PSAT, SAT, and Ad-
vanced Placement). This sample is nearly identical to the sample of 15mil-
lion Black andWhite PSAT takers in table A1 but provides a larger sample
to construct the index. White students have an average first-name BNI of
0.28, while Black students’ average BNI is 0.72. This is nearly identical to
the average, 0.71, for Black mothers of children born between 1989 and
2000 in California in data used by Fryer andLevitt. Last-nameBNI is nearly
identical to first-name BNI, though we note an important distinction:
whereas first names are a choice thatmay reflect tastes andpreferences, last
names are largely hereditary and may therefore may reflect long-standing
racial animus toward Black Americans over many generations.12

Figure 2 plots the entire distribution of first-name BNI for Black and
White students. This figure provides three pieces of information. First,
there exists common support for Black and White students at nearly all
points in the distribution, 0 and 1 notwithstanding by definition. Second,
there are mass points for common names, many of which are shared for
Black andWhite students in themiddle of the distribution. Third, amuch
larger share of Black students have uniquely Black names than White stu-
dents, an issue we explore in sensitivity tests with no change to results.
Table 2 investigates characteristics associated with statistically Black

names by regressing first-name BNI on gender, parental income and edu-
cation, cohort, andfirst-name count to control for uniqueness.We addZIP
codefixed effects in the second column to showdifferences among students

11 Gaddis (2017) shows that names given by more educated Black mothers are less likely
to be perceived as Black than names given by less educated Black mothers from a survey
study.

12 Darolia et al. (2016) conduct a correspondence study in which they use race-neutral
first names and attempt to signal race using only last names. They find no differences in
callbacks.

names and educational outcomes 000



within a relatively small geography (results are the same using high school
fixed effects, which is a larger unit). Black female students have higher
BNIs, on average, than Black males and are more likely to have unique
names. Students from families with more schooling and higher incomes
have lower BNIs. The coefficient on year, which we enter here linearly to
detect trends, is small in magnitude but suggests a slight increase in BNI
over time. The coefficient on first-name count is negative, which implies
that more common names, which can appear tens of thousands of times
in the sample, have marginally lower BNIs. Comparing across the two col-
umns, with and without ZIP code fixed effects, reveals that even within a
relatively small geography, parental education and income are strong pre-
dictors of BNI. Coefficients on those predictors are diminished by only
about one-quarter when we absorb unobserved location factors.

IV. Names and Educational Outcomes

Our main analysis begins by asking whether educational outcomes vary
with names among Black students. We do so in three parts. First, we focus
on the relationship between test scores and BNI, asking whether the large
raw differentials we observe in figure 1 can be explained by observable

FIG. 2.—Distribution of BNI by race. Sample is all Black and White students who inter-
acted with the College Board in the graduating high school cohorts 2004–14. BNI ranges
from 0 to 1, with BNI 5 1 for first names found only among Black students.
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household characteristics and neighborhood effects. We then turn to our
sample of siblings to isolate potential name effects net of fixed household
factors. Finally, we examine long-run educational outcomes in the same
fashion.

A. BNI and Test Scores

Our analysis relies on the following regression equation:

Yi 5 a 1 bBNIi 1 X 0
i Γ 1 tt 1 fs 1 εi, (2)

where Yi is an educational outcome, for example PSATscore, for individ-
ual i in high school cohort t in ZIP code s. In our sparsest model, we in-
clude only first- and last-name BNIs, an indicator for students identified
as male, first-name count, and cohort fixed effects, tt. We then add cate-
gorical parental income and education, Xi. We then include ZIP code
fixed effects,fs. In all cases, we cluster standard errors at the ZIP code level.
We are primarily interested in b, the coefficient on first-name BNI, which
informs us whether students with names that are more common among
Black individuals have different test scores than those with less statistically
Black names, conditional on those observable characteristics.
Column 1 of table 3 shows a strong negative relationship between first-

name BNI and test scores. Accounting only for high school cohort, name

TABLE 2
Correlates of BNI (Black Students; 3,300,428 Observations)

(1) (2)

Male 2.013*** 2.013***
(.000) (.000)

Parent some college 2.020*** 2.015***
(.001) (.001)

Parent BA 2.059*** 2.045***
(.001) (.001)

Parent income $50,000–$100,000 2.029*** 2.022***
(.001) (.001)

Parent income >$100,000 2.064*** 2.047***
(.001) (.001)

Year (linear) .004*** .004***
(.000) (.000)

Name count (000s) 2.003*** 2.003***
(.000) (.000)

ZIP code fixed effects X
Adjusted R 2 .354 .373

Note.—The dependent variable is first-name BNI, which ranges from 0 to 1. Model is
estimated by ordinary least squares. Sample includes all Black students who took the PSAT.
Omitted categories are parent with less than (any) college and parental income less than
$50,000. Indicators for missing parental education and income are included. Standard er-
rors (in parentheses) are clustered at the ZIP code level.
*** p < .01.
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count, gender, and last-name BNI, column 1 shows that going from the
least to most statistically Black first name among Black students corre-
sponds to just over a 0.40–standard deviation decrease in scores. Column 2
adds parental education and categorical household income. While this
attenuates the negative relationship, we still find nearly a 0.3–standard
deviation difference in PSAT score between Black students with the most
and least statistically Black names. Column 3 adds ZIP code fixed effects,
allowing us to compare across Black students from similar socioeconomic
backgrounds who live in the same ZIP code.13 The coefficient on first-
name BNI suggests that even within this narrow comparison group, Black
students with themost statistically identifiable Blacknames performnearly
0.2 standard deviations lower on our test measure than those with the least
statistically Black names.
In table A2, we show a comprehensive set of robustness tests, each of

which shows that results are not sensitive to a host of choices. These include
(coefficient onfirst-nameBNI inparentheses) dropping students withmiss-
ing education or income (20.177); dropping those with unique names
(20.187); limiting to students where 90%ormore of the high school took
the PSAT (20.187); using only states where SAT is the dominant college
entrance exam (20.174); using only self-reportedmales (20.160) or only
females (20.210); changing the dependent variable to SAT (20.220),

13 High school fixed effects yield equivalent results.

TABLE 3
Black Names and Test Score Differences (PSAT) within and across Households

All Black Students Black Siblings

(1) (2) (3) (4) (5) (6)

First-name BNI 2.406*** 2.285*** 2.189*** 2.190*** 2.005 2.154***
(.004) (.003) (.002) (.004) (.007) (.004)

Sibling’s first-name BNI 2.148***
(.003)

Household fixed effects X
Birth order X X
ZIP code fixed effects X X X
Parent controls X X X X
Last-name BNI X X X X X
Male, count X X X X X X
Cohort fixed effects X X X X X X
Observations 3,300,428 3,300,428 3,300,428 720,592 720,592 720,592
Adjusted R 2 .021 .179 .261 .280 .500 .282

Note.—The dependent variable is PSAT Z-score, normalized to all Black and White test
takers. Sample is all self-identified Black PSAT test takers in the 2004–14 graduating high
school cohorts. Parental controls include categorical income and highest education, includ-
ing indicators formissing values. Ifmultiple siblings, the sibling first-nameBNI is the average
of all other siblings’ first-name BNIs. Standard errors (in parentheses) are clustered at the
ZIP code level.
*** p < .01.
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PSAT math (20.145), or PSAT verbal (20.208); and using ZIP code–by-
cohort fixed effects (20.182).Wehighlight that the relationship is stronger
for female students and is larger when we use the SAT, noting that correla-
tions with parental income and education are stronger for female students
and that differences are larger among those at the top end of the PSAT test
score distribution, which we discuss further below.

B. Isolating Name Effects within Households

We next seek to isolate effects of first nameswithin households.We limit our
sample to approximately 720,000 Black siblings and reestimate equation (2)
with a household fixed effect. Now,Xi includes only reported gender, sibling
order, and commonality of first name, as parental income, education, geo-
graphic location, and last-name BNI do not vary within household; b now
shows test score differences across students in the same household with dif-
ferent first names.
Column 4 of table 3 reestimates column3 limited to our sibling sample,

demonstrating that the coefficient on first-name BNI is nearly identical.
In column 5, we add the household fixed effect. The resulting coefficient
is a precisely estimated zero. This result suggests that within households,
test scores do not vary with names. Yet, we do find score differences by
name across otherwise observationally equivalent households. To illus-
trate, in column 6 we show that a student’s sibling’s BNI (or the average
of her siblings’ BNIs) is equally predictive of her own test scores as her
own BNI.14 This suggests that households with higher average BNIs have
lower test scores, on average.
One potential explanation for null effects within the household is that

we are simply working with less variation than across households. While
this is true, there still exists significant variation. For example, the mean
range (maximum less minimum) of first-name BNI within Black house-
holds is 0.29 (SD 5 0:25). Thismean range, 0.29, is equivalent to 1 standard
deviation of the total variation in the full sample of Black students. For PSAT
score, the same average within-household range is 0.60 (SD 5 0:57), where
1 standard deviation of PSAT is approximately equal to 1 in the full sample,
and the mean Black-White gap in PSAT is 0.70. This demonstrates that
while both test scores and first-name BNI are highly correlated within
households, there still exists considerable within-household variation in
each. For example, in ourhousehold fixed effects specification, we can still
detect a precise gender difference of 20.07 on the coefficient for male.

14 Results are similar if we choose one random sibling in each household as the main
observation for concerns about a reflection problem. Results are also similar, but of about
two-thirds the magnitude, if we use only households with exactly two siblings (who are not
twins) and add a full set of controls for the sibling’s gender, test scores, cohort, and com-
monness of name.
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A second possible explanation could be spillover effects, where one sib-
ling faces discrimination on his or her name and families are forced to
compensate by directing resources toward that sibling at the expense of
others. This would result in large across-householddifferences and poten-
tially small or no difference within them, which is consistent with our data.
Similarly, since siblings typically attend the same school, teachers’ percep-
tions of younger siblings might be influenced by their interaction with
their older sibling. While this effect is difficult to test, table A2 shows that
our results hold regardless of whether the oldest or youngest sibling has
a higher BNI, which might be one indication of spillovers. A third consid-
eration could be that families face discrimination on names outside of
schooling. Fryer and Levitt (2004) show that parent and child BNIs are
strongly correlated. If parents face discrimination on names, for example
in job applications, this would affect both children equally, resulting in
across- but not within-household differences. Unfortunately, without par-
ent BNI, we have no way to test this.
A final consideration is the role of schools. In figure 3, we ask whether

the relationship varies with the share of students in a high school who are
Black. In figure 3A, we plot coefficients from our main regression sepa-
rately by the share of a student’s high school that is Black (in bins of
0.1). We find that the across-household relationship is roughly twice as
large for students in schools where 20% of students are Black, compared
with those where 20% of the population is not Black. Yet, doing this for a
within-household estimate shows no relationship, though standard errors
are large. Thus, while we uncover heterogeneity in the relationship across
households, we find no evidence that the racial composition of schools
masks underlying heterogeneity of the within-household relationship.15

C. Long-Run Educational Outcomes

We extend this analyses to long-run educational outcomes regarding col-
lege. This tests whether the relationship extends tomore consequential ed-
ucational outcomes and allows us to replicate the line of inquiry in Fryer
and Levitt (2004), who find no impacts of names on educational attain-
ment. For these analyses, we restrict the sample in two ways—first, we focus
on siblings, and second, we use students in cohorts we observe at least
6 years after leaving high school to allow sufficient time to attend and
graduate college.
The first column of coefficients in table 4 shows estimates from equa-

tion (2) for college outcomes. We begin again by replicating our main
PSAT result for this subsample of siblings to demonstrate that limiting

15 See app. D for a protracted discussion and analysis on the “household effect” and the
relative role of neighborhoods, families, and schools.
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FIG. 3.—BNI and test scores by percentage of Black students in high school. Figures plot
coefficients for separate regressions by percentage of Black students in a high school (in bins
of 0.1) for the full model in equation (2) (A) and a model with household fixed effects (B).
Percentage of Black students in high school comes from National Center for Educational
Statistics’s Common Core of Data and Private School Survey. ci 5 confidence interval.



to later cohorts is not driving results. The remaining rows in this column
showmeaningful differences across Black students with themost and least
statistically Black names. For example,moving across the BNI distribution
is associated with a 2.7 percentage point (3.5%) decrease in the likelihood
of enrolling in college and a 5.2 percentage point (16%) decrease in the
likelihood of graduating. These relationships are more pronounced for
4-year colleges. The second column of coefficients shows that, like test
scores, these differences are zero within households.

V. Discussion, Limitations, and Conclusions

In this final section, we reconcile our results with those of Fryer and Levitt
(2004) and with the resume audit literature; summary remarks follow.

A. Reconciling with Fryer and Levitt

Ultimately, we find that while educational outcomes vary with names across
observationally similar households, we do not observe an effect of names
within them.While this result is largely consistent with conclusions reached
by Fryer andLevitt (2004),meaningful differences exist.Wefind a large un-
conditional relationship between BNI and educational outcomes and fur-
ther find that observable household factors cannot explain away the result.
Fryer and Levitt (2004) find no unconditional relationship between BNI
and education (years of schooling) and find that including household con-
trols in their analysis has little impact on that outcome.16 Across a range of

16 See table III, col. 4, top panel in Fryer and Levitt (2004). Estimates for going from
0 to 100 on BNI for education are 20.0006 (SE: 0.0005) without controls and 0.0008
(SE: 0.0005) with controls.

TABLE 4
BNI and Long-Run Educational Outcomes across

and within Households (444,786 Observations)

Outcome
Across-Household

bBNI (SE)
Within-Household

bBNI (SE)
Mean ofDependent

Variable

PSAT 2.192*** (.005) 2.010 (.012) 2.53
Enrolled in any college 2.027*** (.003) .003 (.007) .78
Enrolled in 4-year college 2.045*** (.003) 2.002 (.008) .52
College degree 2.052*** (.003) 2.004 (.008) .33
4-year college degree 2.051*** (.003) 2.004 (.007) .29

Note.—Sample is all Black students whom we observe 61 years after exiting high school
andwith a sibling. The across-household regressions include all family background controls,
ZIP code and cohort fixed effects, gender, name count, and birth order. Within-household re-
gressions exclude ZIP code and parental controls. Standard errors are clustered onZIP codes.
*** p < .01.
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outcomes, their raw differences are relatively small, and after controls for
childhood circumstances are included, nearly all are zero.
One potential explanation for differences across studies is that one or

both of our data sets are froma selected sample. Fryer and Levitt observe a
sample of women who gave birth at relatively young ages and completed
less schooling than those in our sample; average years of schooling in their
sample is only 12.4 years, and age at first birth is just over 19. In our sam-
ple, more than 78% of students we observe for 6 years after high school
attend at least some college, and one in three graduate. To illustrate how
sample selection might affect estimates, figure 4 plots results from an un-
conditional quantile regression of BNI on test scores. The figure shows that
the relationship is roughly twice as large at the 90th percentile as at the
10th. This implies that the unconditional relationship between names and
outcomes is stronger for those in the right-hand (higher-score) portion
of the PSAT score distribution, potentially explaining differences across
studies.17

FIG. 4.—Quantile regression of test scores on BNI. Figure plots coefficients from an un-
conditional quantile regression of standardized PSAT Z-score on BNI. The 99% confidence
intervals are plotted from standard errors clustered at the ZIP code level.

17 We also account for some selection issues in our robustness checks by using sub-
samples where nearly all students in a high school (or most in a state) took the PSAT. Re-
sults are similar and are shown in table A2.
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A second explanation is that Fryer and Levitt have different controls.
They have circumstances at birth, where we observe only circumstances
in high school. If early-life circumstances are more predictive of teenage
schooling outcomes than those in the teenage years, our household effect
could simply be picking up what we would have observed withmeasures of
early-life circumstances. Additionally, education is self-reported on birth
certificates, implying that classical measurement error in Fryer and Levitt
could further bias their estimates toward zero. We cannot say for certain
whether these facts are the driver of differences between results or whether
simply observing different samples at different times led to these results.

B. Implications for Resume Audit Studies

By sending identical resumes where only names differ, resume audit stud-
ies show dramatic differences in callback rates. These studies make clear
that applications with Black names face discrimination and are far less
likely to receive callbacks.18 By showing that names are correlated with
other circumstances, Fryer and Levitt (2004) argue that it becomes diffi-
cult to determine the degree to which employers are simply using names
as a signal of race or are making decisions based on other factors corre-
lated with names in addition to race. It is important to note that both are
illegal, and both directly affect communities of color. Those authors note
that one “cannot directly test between these competing hypotheses. . . .
[because their] data set lacks cleanmeasures of productivity. . . . [and they]
do not have in [their] data all of the information on a resume” (Fryer and
Levitt 2004, 798–99).
We consider the latter of these with a regression that includes data from

both Black and White students and includes what employers might or
might not observe on resumes (see app. B for a longer discussion and full
results). For example, we find that conditional on what employers might
observe on resumes, including gender, which high school and college a
student attended, and his or her college major if a graduate, moving
across the full BNI distribution corresponds to a20.56 standard deviation
difference in test scores. We also show that this result holds for a subsam-
ple of our data matched to actual resumes scraped from an online jobs
board and holds even if we include information about skills and work ex-
perience on those resumes.19 This aligns with Fryer and Levitt’s concern
that names are correlated with attributes net of what employers might ob-
serve on resumes.

18 See also Heckman (1998), Pager (2007), and Neumark (2012, 2018) for a discussion
of what can and cannot be learned from audit studies.

19 See app. C for analysis that uses a subsample of actual resumes, as detailed in Kreisman,
Smith, and Arifin (2021).
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How can these results contextualize what we have learned from resume
audit studies? One possibility, noted by Fryer and Levitt, is that employers
are discriminating on race and are using names to infer it at the initial
screening. Those samediscriminatory employersmight then further screen
out Black applicants without statistically Black names when they learn of
race later in the process. This would lead to large audit study effects, similar
long-run outcomes across names, and a wide Black-White gap in observa-
tional data. Another possibility is that employers may be acting on infor-
mation other than race in names. For this to explain results in existing stud-
ies, one would have to consider (1) that employers know the correlation
between names and productivity and (2) that residual differences across
names, conditional on what is on a resume, are predictive of workers’ pro-
ductivity. We take each of these in turn.
First, it is unlikely that employers can accurately relate first names to

measures of productivity. This theory might suggest that larger organiza-
tions, which have larger samples to learn from, would statistically discrim-
inate (on names) more often. Banerjee, Reitz, and Oreopoulos (2018)
conduct a test of this and find precisely the opposite. More, in a recent
study of over 100 large employers, Kline, Rose, and Walters (2021) find
that statistically Black names reduce contact rates by 2.1 percentage points
(9%). Importantly, they find that high rates of discriminatory behavior are
concentrated in a small number of industries for which information about
test scores or childhood circumstances might add limited value relative to
others (auto services, sales, and retail). Along these lines, in our pooled
regression of Black and White students described above, controlling only
for gender, cohort, and name, the BNI coefficient is 20.90. It decreases
to 20.56 when college and major are included, suggesting that informa-
tion about completed schooling should reduce the callback gap. Yet Ber-
trand andMullainathan (2004) found that addingmore skills or schooling
to resumes did not decrease the callback rate. Similarly, Gaddis (2015)
found that listing an “elite” university on a resume, as opposed to a less
selective one, did not close the application contact rate. In fact, Black re-
sumes from elite universities only yielded callback rates similar to those for
White applicants from less selective universities. If employers were using
names to infer productivity, one might expect callback differences to de-
cline with skills.
Second, it is unclear to what degree negative correlations with test

scores, or childhood circumstances, are useful proxies for expected pro-
ductivity, conditional on resume information.Residual negative differences
in test scores or childhood circumstances, for example, might in fact imply
that students whohad fewer advantages in childhood, or whohad lower test
scores going into the same college but who still graduated with the same de-
gree and major, put in more effort or had higher noncognitive skills that
are in fact highly valuable in the labor market, as in Heckman, Stixrud,
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and Urzua (2006) and Deming (2017). This would imply an even higher
degreeof racial animus inhiring thanexisting audit studies uncover.More,
wenote that results hereprovidenoexplanation for themany results in the
literature documenting discrimination on names in contexts outside of
schooling or work, where test scores should play no role at all, for example,
housing applications (Page 1995; Ewens, Tomlin, andWang 2014) or local
public service provision (Giulietti, Tonin, and Vlassopoulos 2019), among
many others.
In short, our results suggest that interpreting audit studies is no simple

task. By taking names at the extremes of the Black and White naming dis-
tribution, audits are not comparing applications of modal Black and
White applicants. They are in fact comparing individuals who, on average,
are quite different in both schooling andmeasured academic ability, even
conditional on observable characteristics. Those with themost statistically
Black and White names rarely have similar educational backgrounds and
outcomes, likely a product of a very unequal educational system. This can
make it difficult to clearly determine what factors employers respond to
on resumes.

C. Limitations and Concluding Remarks

We document substantial educational disparities across Black students
according to their first names. These disparities, ranging from test scores
to college completion, are concerning. Yet within households, Black stu-
dents with more statistically Black first names have test scores and long-
run outcomes similar to those for their siblings with names that are less
statistically Black.
We caution that there ismuchwe cannot rule out. For example, it is pos-

sible that the lack of differentials we observe across names within house-
holds is the result of a fundamental difference between our study and au-
dit studies—that teachers and others in the education system know their
students and likely do not judge them by their names. This is not true in
the labor market, where discrimination on names is well documented.
Additionally, there could exist discrimination on names in schooling,
leading families to compensate by directing additional resources toward
childrenwithmore statistically Blacknames at the expense of their siblings.
Further, we note that our main outcome measure is a standardized test. If
teachers or others in the educational systemdiscriminate on names, results
might be more prominent in classroom-level setting, such as grades or
discipline, noting that Foster (2008) does not find grading effects in a
similar effort. We also cannot rule out discrimination in a multitude of
other aspects of life, for example, in contact with law enforcement or ap-
plications for jobs, that might affect schooling outcomes at the house-
hold level. Likewise, our results do little to explain the many results in
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the literature documenting discrimination across names outside of educa-
tion and employment.
In sum, we caution strongly that these results, taken together or inde-

pendently, do not in any way invalidate or provide evidence contrary to
the existence of discriminatory practices against Black or other minority
students, job seekers, or workers. That discrimination exists, toward not only
Black Americans but many other minority groups, is a well-established
fact. The necessity of workplace-discrimination laws in America, includ-
ing the continuing importance of the Civil Rights Act of 1964, is but
one piece of evidence. There are countless others. Rather, our results
are intended to add a new insight into the complicated relationship be-
tween race and schooling in America.
To this end, results here open the door for future inquiry and potentially

for policy. Concerning the former, the next logical step is to examine long-
run consequences, particularly wages and employment over the life cycle.
Increasing access to data that include names, and potentially test scores,
linked with administrative earnings records is an obvious candidate. The
ability to observe siblings will help. Concerning policy, our results suggest
that employers might make better hiring decisions with more personal in-
formation and personal interaction than with simply screening resumes,
which is increasingly commonwith online jobs boards andhas the potential
to exacerbate racial discrimination in hiring. In a step further, Onwuachi-
Willig and Barnes (2005) argue that Title VII protections should extend
to cover discrimination against names—what they call “proxy discrimina-
tion”—even regardless of an applicant’s race. Further, onemight consider
anonymous resumes. This would inhibit employers’ ability to discriminate
on names, though other information on resumes might signal race. It
turns out that an experiment in France conducted precisely this exercise
(Behaghel, Crépon, and Le Barbanchon 2015). Unfortunately, the re-
searchers found that anonymous resumes decreased the rate at which
firms hired minority candidates, by over 10 percentage points in inter-
views and nearly 4 percentage points in recruitment. The authors suggest
that this made it difficult for employers who favored minority candidates
to seek them out. In short, the mechanisms that create the world we ob-
serve are not necessarily straightforward, nor are the solutions.
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