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Abstract

Essays in Applied Labor Economics

by

Trevor Tamotsu Osaki

This dissertation includes three chapters in applied labor economics. The first chapter

considers the growing trends of colleges and universities making the submission of SAT

and ACT scores optional for undergraduate admissions to bolster racial diversity. It uses

a panel of liberal arts colleges from IPEDS and applies a two-way fixed effects approach

to determine whether this test-optional policy is effective at achieving this goal. It

also estimates the impact of the policy on the graduation rates for underrepresented

minority (URM) students. This chapter finds that the policy bolsters freshman URM

enrollment among test-optional institutions throughout the sample as a whole, regardless

of admissions selectivity and early versus late treatment timing. The effects of this policy

on the URM 4-year and 6-year graduation rates are heterogeneous across colleges by

their selectivity in admissions. While the most selective colleges in the panel experience

no change in URM graduation rates, less-selective colleges experience declines in these

graduation rates.

The second chapter, joint with Peter Kuhn, uses a vignette-based survey experi-

ment on Amazon’s Mechanical Turk to measure how people’s assessments of the fairness

of race-based hiring decisions vary with the motivation and circumstances surrounding

the discriminatory act and the races of the parties involved. Regardless of their polit-

ical leaning, survey subjects react in very similar ways to the employer’s motivations

for the action, such as the quality of information on which statistical discrimination is

based. Compared to conservatives, moderates and liberals are much less accepting of
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discriminatory actions and consider the discriminatee’s race when making their fairness

assessments. This chapter also describes four pre-registered models of fairness – utili-

tarianism, race-blind rules (RBRs), racial in-group bias, and belief-based utilitarianism

(BBU) – and shows that the latter two are inconsistent with major aggregate patterns

in the survey data. Instead, it argues that a two-group framework, in which one group

(mostly self-described conservatives) values employers’ decision rights and the remaining

respondents value utilitarian concerns, explains the main findings well. In this model,

both groups also value applying a consistent set of fairness rules in a race-blind manner.

The third chapter estimates the effects of the Federal Perkins Loans Program on stu-

dents’ non-academic work status and labor supply, as well as their choice of STEM major

and post-graduation occupation via matching. Perkins loans were unique because they

converted into grants if a student recipient entered a designated career path. Therefore,

this chapter leverages this conditional loan cancellation feature to determine whether

recipients enjoyed the benefits often associated with grant programs (e.g., reduced in-

centive to work) and motivated them to enter loan-forgiving occupations. It finds that

Perkins loans reduce students’ non-academic work activity and grades. The effect size

for the latter outcome, however, is marginally small. And this chapter finds that the pro-

gram had little impact on their likelihood of pursuing a STEM major or loan-forgiving

occupation.
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Chapter 1

Effects of Test-Optional Admissions
on URM Enrollment and
Graduation

1.1 Introduction

Racial and socioeconomic gaps in higher education attainment have been prevalent

throughout the past several decades (Page and Scott-Clayton, 2016). The economic liter-

ature that addresses this issue includes studies that assess the impact of various policies

intended to level the playing field, such as federal financial aid programs. One such

policy, test-optional admissions, has received much less attention within this literature.

Many selective 4-year colleges and universities in the U.S. rely on SAT and ACT

scores to assess students for undergraduate admission. However, a growing number of

schools are making the submission of these test scores optional.1 Although some of these

schools reason that standardized test scores are unreliable indicators of college prepared-

ness, many of them also suggest their new admissions policy can help promote racial

diversity among their enrolled student bodies. Some test-optional schools cite anecdotal

1Specifically, the 2019 COVID-19 pandemic led the vast majority of colleges and universities to make
the submission of standardized test scores optional due to the increased difficulty of facilitating proctored
exams. Some of these schools effectively eliminated this requirement for admissions consideration. As
discussed in Section 1.4, however, this study’s scope does not encompass the pandemic.
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evidence of their policy’s success in reaching this goal. For example, Providence Col-

lege reports that its test-optional policy led to a 19 percent increase in underrepresented

minority (URM) enrollees as well as a 56 percent increase in Pell-eligible enrollees (Ep-

stein 2009).2 As the number of test-optional schools grows, especially throughout the

COVID-19 pandemic, the understanding of this policy’s effects on diversity and gradua-

tion outcomes is becoming increasingly important.

This study uses a panel of private liberal arts colleges and applies two-way fixed effects

to determine whether this test-optional policy successfully bolstered racial diversity at

these institutions.3 This study also examines the impact of the policy on the graduation

rates for URM students, i.e., the share of URM students from a cohort who graduate

within a specific duration of time. Liberal arts colleges are of interest since they primar-

ily award 4-year undergraduate degrees (i.e., at least 50% of the degrees they offer to

students), and a larger share of them dropped the test requirement within the panel’s

time frame compared to other types of institutions.4

Proponents of the test-optional policy argue that standardized tests serve as admission

barriers for prospective underrepresented students, resulting in racial and socioeconomic

gaps in test scores. For example, The Brookings Institute reports that only 5% of Hispan-

ic/Latino and 2% of Black students, compared to 60% Asian and 33% White students,

are among the top-scoring SAT test-takers.5 These gaps stem from a few channels. First,

there are inequalities in access to resources that can help applicants within college ad-

2URM students refer to those from Black, Hispanic/Latino, or American Indigenous racial groups.
These groups are noted to be underrepresented at selective colleges and universities.

3The test-optional policy is distinct from other similar policies, such as test-blind admissions (i.e.,
colleges do not consider test scores at all). Although the effects of this admission regime may be worth
investigating, this study excludes test-blind institutions to isolate the effects of the test-optional policy.
The data source used by this study contains information on only one such institution: Hampshire College.

4Liberal arts colleges compete with other types of 4-year institutions, e.g., private and public R1 and
R2 universities, for undergraduate students seeking Baccalaureate degrees.

5Richard V. Reeves and Dimitrios Halikias, Race gaps in SAT scores highlight inequality and hinder
upward mobility (Washington D.C.: The Brookings Institute, 2017).
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missions. Students from affluent backgrounds tend to have greater access to resources

that can help them improve their scores on any standardized test via hiring a private

tutor or registering for several administrations of the same exam (Vigdor and Clotfelter,

2003). Consequently, the SAT/ACT serves as a sorting mechanism that favors wealthy

students and reinforces their disproportionate presence at the nation’s most selective in-

stitutions (Anlon, 2009). These inequalities also lead to gaps in test scores across racial

groups. Second, standardized college entrance exams are culturally biased (Freedle, 2003;

Santelices and Wilson, 2010).6

There is some debate regarding the consequences of test-optional admissions. The

most prominent point of contention toward this policy is the argument it could cause a de-

cline in the academic preparedness of enrolling students (Epstein 2009). This corresponds

to a phenomenon known as the mismatch effect, which posits that diversity-enhancing

policies, such as race-blind admissions, can sort URM students into selective colleges and

universities that would have otherwise rejected them. It hinges upon the assumption

that some of these students tend to have lower academic credentials than their non-URM

counterparts (Rothstein and Yoon, 2008). Consequently, upon enrollment, these students

face peers that are much more academically prepared and will end up academically un-

derperforming at their school of enrollment. Therefore, an analysis of the policy’s effects

on the graduation outcomes of URM students may, to some extent, shed light on whether

the mismatch is a concern within a test-optional admissions regime.7

This study finds that test-optional admissions increase the volume of enrolling fresh-

man students by 12.5%. Similarly, the policy increases the fraction of enrolling first-year

6Santelices and Wilson (2010) define cultural bias as the case in which cultural subgroups may inter-
pret test items differently, especially in the case of verbal questions.

7The literature on mismatch has mixed results, with many of the utilized methodologies receiving
heavy scrutiny. Arcidiacono et al. (2016) find robust evidence of school mismatch among STEM majors
with the use of micro-data and counterfactual simulation. However, the appropriate methods needed to
precisely identify mismatch exceed the scope of this study.

3



Effects of Test-Optional Admissions on URM Enrollment and Graduation Chapter 1

students from a URM background by over 23% from the pre-treatment mean. These

positive URM enrollment effects are evident across the entire sample, regardless of insti-

tutions’ selectivity in admissions and whether they dropped the test requirement earlier

versus later in the panel’s time frame. It also finds that the policy has a negligible im-

pact on the 4-year and 6-year URM graduation rates among highly selective colleges.

On the other hand, relatively less-selective colleges experience a roughly 10% decline in

these graduation rates. This result raises the possibility of college mismatch at these

less-selective institutions.

A few studies use panel data sets of colleges & universities to estimate the impact

of the policy on the overall share of students from a URM background on campus,

and they find that it has little effect on this outcome (Belasco et al., 2015; Saboe and

Terrizzi, 2019). Another recent study, Bennett (2022), uses a propensity-matched sample

of colleges and universities from 2005 to 2015. It finds that the policy led to a minor

increase in the share of URM students and the volume of applicants.

This study contributes to the literature in a few ways. First, it utilizes a sample

incorporating a much larger share of test-optional schools (i.e., treated units). Thus, it

backs out a relatively precise policy effect estimate. Second, unlike a few papers from

the literature, this study estimates the policy’s impact on the outcomes for first-year

URM students (e.g., the fraction of first-year students from a URM background). These

variables are likely informative since they are closely connected to the college admissions

process and may be very responsive to the policy. Third, this study assesses the policy’s

impact on the graduation outcomes of URM students to determine whether students

benefitting from the policy are more or less likely to persist beyond the first year of

college. To the best of my knowledge, this is the first paper in the economic literature

to assess this policy’s impact on URM students’ graduation outcomes. Finally, this

study exploits heterogeneity in the policy’s effects across colleges’ degree of admissions

4
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selectivity.

This paper proceeds as follows. Section 1.2 discusses some background of the test-

optional policy as well as the mechanisms that can explain how it could affect diversity

outcomes of interest. Section 1.3 describes the sources of the data used in the primary

analyses. Section 1.4 discusses the empirical strategy used to identify the effects of

the policy. It also discusses the dynamic treatment effects of the policy as a test for

identifying assumptions. Section 1.5 discusses the estimated effects of the test-optional

policy. Finally, Section 1.6 concludes.

1.2 Background and Potential Mechanisms

The growing collection of schools that drop their standardized test requirement for

admissions is informally known as the test-optional movement. This movement has pri-

marily been driven by discourse that questions the usefulness of the SAT and ACT as

proxies of student ability and cites their obstructive nature towards access to the most

selective institutions. There indeed exists literature that substantiates these concerns

about standardized tests. For example, Rothstein (2004) argues that the SAT’s predic-

tive power is lower than what the previous literature has suggested and recommends that

it be assigned less importance within the admissions process. In addition, studies such

as Blau, Moller, and Jones (2004), find that schools’ reliance on standardized test scores

can deter otherwise high-ability Black students from applying.

These concerns led Bowdoin Colleges and Bates College to drop their test score re-

quirements in 1969 and 1984, respectively. Bates College, in particular, adopted it out

of concern that its average SAT scores deterred strong students from applying (Epstein,

2009). It reported that this policy raised the number of applications it received and, at

the same time, did not diminish the quality of its enrolling student cohorts. But it also
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found that the number of Black and Hispanic/Latino applicants increased, with almost

half choosing not to submit their test scores. The success of early adopters, such as Bates

College, led many other schools to drop their test requirements. Anecdotal evidence from

test-optional colleges has caught the attention of other schools and has led them to adopt

the policy. For example, the University of Chicago’s vice president James Nondorf stated

upon the university’s recent adoption of its test-optional policy, “[the university’s initia-

tive] will further remove barriers to selective schools for students from underrepresented

communities, including Pell applicants.”8 Other universities, such as Virginia Common-

wealth University and George Mason University, have adopted the policy with the same

intention.9

As shown in Figure A10.1, when a student navigates through the application for a

test-optional college, they will be prompted to indicate whether they choose to submit

their SAT or ACT score for admissions consideration. If a student opts to submit their

test score, then it will be reviewed as a part of their application. Otherwise, if they do

not, the college will heighten the importance of the remaining admissions criteria, such

as high school GPA, letters of recommendation, or extracurricular activities. The fine

print behind these colleges’ admission processes is unobservable. However, the way each

institution approaches test-optional admissions may vary. For example, as suggested by

Figure A10.2, some colleges indicate that they provide equitable admission consideration

to students regardless of whether they choose to submit their test scores or not. If an

applicant withholds their test score, the college would infer their academic ability using

remaining admissions criterion without penalizing them in any form. Other colleges

indicate to applicants that with the absence of test scores, they will place greater weight

on specific criteria when making an admission decision. For example, as shown in Figure

8James G. Nondorf, “The University of Chicago, on Diversity,” The New York Times, July 13, 2018.
9Joey Matthews, “VCU to Drop SAT Requirement,” Richmond Free Press, January 1, 2015.
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A10.3, Denison University places additional weight on applicants’ coursework rigor if

they choose not to submit their test scores.

From an ex-ante perspective, the effects of the test-optional policy on the admission

of URM students are ambiguous. As a first possibility, the policy could positively affect

URM admission and enrollment. When colleges provide equitable admission considera-

tion between submitters and non-submitters, they can curtail the issues of gaps in SAT

and ACT scores. Thus, if many URM applicants are non-submitters, they can benefit

from the policy and, therefore, face better probabilities of admission. Furthermore, the

policy’s positive impact on URM student enrollment could take the form of a warming

effect. In this case, URM students value campuses that foster racial and ethnic diver-

sity and gain the most utility from applying and enrolling at campuses in the presence

of peers with similar backgrounds (Card and Krueger, 2005). Test-optional institutions

may be signaling to prospective URM students that they are attempting to foster cam-

pus diversity by adopting the policy, so these students may be likely to apply and enroll

there. Thus, this effect would bolster the volume and share of these students enrolling

at these schools.

As a second possibility, the policy may have a negligible impact on URM admis-

sion and enrollment. As previously discussed, test-optional admissions may place greater

weight on specific admission criteria, such as the availability of college preparatory course-

work (e.g., AP/IB programs) or extracurricular activities. However, some school-specific

criteria, such as the availability of college preparatory coursework and extracurricular

activities, are noted to be unequally distributed across demographic groups (Espenshade

& Radford, 2009; Iatarola, Conger, & Long, 2011; Klugman, 2013; Perna et al., 2013).

Thus, these test-optional colleges could be replacing one inequitable set of criteria with

another within their admissions processes. Consequently, not all URM applicants may

be able to benefit from test-optional admissions.

7
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As a final possibility, this policy could harm URM admission through mechanisms akin

to signaling (Spence, 1973) and models of school admission (Avery & Levin, 2010; Pop-

Echeles & Urquiola, 2013).10 A college may desire to admit applicants with unobservable

ability levels above some cutoff, but it can only use noisy proxies such as grades and test

scores to infer applicants’ abilities. Under a test-optional regime, the college will only

be able to use grades to infer a student’s ability if they choose to withhold their test

score. However, the strongest applicants with high test scores may submit them anyway

to signal to the college that they meet the desirable ability level. But consequently, the

college may wrongly infer students withholding test scores have some ability level below

the cutoff, so they would face lower probabilities of admission. Thus, this policy would

harm the admission and enrollment of URM students if they tend to withhold their test

scores.11

Indeed, some of the mechanisms may be working in tandem with each other. There-

fore, the sign of the estimated effects of the policy could roughly indicate which of these

are predominant within the admissions and enrollment processes at test-optional schools.

1.3 Data and Sample

This study uses institution-specific panel data from the National Center of Education

Statistics’ Institutional Postsecondary Education Data System (IPEDS). The panel spans

10These two studies consider the implications for applicants when they choose to reveal a piece of
information (e.g., preference-based information) that may affect their placement relative to some admis-
sions cutoff. For example, Avery and Levin (2010) consider early admissions within the context of college
admissions. And Pop-Echeles & Urquiola (2013) consider students’ choice of academic track within the
Romanian secondary school system.

11This framework suggests other possible outcomes, or “equilibria.” In particular, students with
sufficiently high grades but low test scores could reveal them anyway to signal to college admissions that
they possess the desired ability level. Hence, college admissions may infer that any student submitting
their test scores is “high ability,” whereas non-submitters would be inferred as “low ability.”

8
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the academic years 2001-2002 through 2019-2020.12 The data set includes the number of

first-time URM students enrolling at each institution, the fraction of first-time students

from a URM background, and the 4-year and 6-year URM graduation rates.13 The data

set also includes several control variables: logged full-time enrollment (FTE), logged

tuition and fees, logged education and related (E & R) expenditures per FTE, logged

institutional student grant aid per FTE, and a set of binary variables that reflects the

extent college-preparatory classes are considered in admissions (e.g., college prep classes

are recommended or required).14

The complete list of test-optional institutions is obtained from FairTest, an organiza-

tion that addresses fairness and accuracy issues within U.S. student test-taking. Although

this list is convenient for identifying the institutions belonging to the test-optional (treat-

ment) group, it does not provide the dates they adopted the policy. However, the exact

adoption dates are obtained from IPEDS.15 These dates are based on a yearly categorical

variable that rates the extent to which test scores are considered in admissions.16

The sample includes a total of 149 liberal arts colleges, of which about 45% adopted

the policy sometime between 2002-2003 and 2019-2020, respectively. Since test-optional

12The choice of the initial period, 2001-2002, reflects data availability from IPEDS for some key
variables. Although IPEDS includes periods beyond 2019-2020, the data set for this study does span
further since the vast majority of schools dropped the test requirement during the 2020-2019 admission
cycle due to the COVID-19 pandemic. This would essentially nullify the identification strategy discussed
in Section 1.4 (i.e., almost all schools would be treated).

13First-time students, as defined by IPEDS, are students that have no prior postsecondary experience
attending any institution for the first time at the undergraduate level. Therefore, none of these students
transferred from a 2-year institution. Similarly, the outcomes on graduation solely reflect individuals
that enrolled as first-time students.

14All monetary control variables are logged and adjusted for inflation in 2019 USD. Furthermore, only
a few colleges seem to have adjusted their consideration of college preparatory courses simultaneous with
dropping the test-requirement. However, the sample size is relatively small and, therefore, sensitive to
outliers. Thus, these binary variables are included in the specification, although their inclusion changes
the point estimates by a very small amount.

15The set of schools suggested by IPEDS to be test-optional is consistent with that of FairTest.
16This variable takes on a value of “1” if test scores are required, “2” if they are recommended, “3”

if they are neither required nor recommended, or “5” if they are considered but not required. Any
institution whose variable takes on a value of 2, 3, or 5 is considered test-optional.
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institutions dropped the test requirement in various years, policy adoption is “staggered.”

Figure 1.1 contains the distribution for the years in which institutions from the sample

adopted the policy. The inclusion of liberal arts colleges within the analyses ensures

the comparability of all units across the treatment and control groups since a significant

fraction of test-optional colleges through 2019-2020 belong to this category of institu-

tions.17 All of these institutions are either considered to be “selective,” “more selective,”

or “most selective” by the U.S. News and World Report (USNWR). None of them are

Historically Black Colleges and Universities (HBCUs).18 Although IPEDS contains data

on a larger number of institutions, many were discarded due to a substantial number

of missing observations for some key variables. A large number of these excluded in-

stitutions were established after 2001-2002. Furthermore, all test-optional institutions

(e.g., Bates College) that adopted their policy before 2001-2002 were dropped from the

sample.19 As a reference, Table A1.1 from Appendix A.1 contains the list of test-optional

institutions in this sample and their year of policy adoption.

The summary statistics for the outcome and control variables are displayed in Table

1.1. These statistics correspond to the 2001-2002 (pre-treatment) observations of the

displayed variables. Columns (1) and (2) contain the statistics for the test-optional and

test-requiring institutions, respectively. Column (3) includes p-values for the difference

17There are other types of institutions that adopted test-optional admissions, such as doctoral uni-
versities. However, these institutions differ from liberal arts colleges in many ways, such as endowment,
enrollment level, etc. Therefore, these institutions may not serve as proper control units with the analy-
ses. Furthermore, most of these types of institutions dropped the test requirement within the last several
periods leading up to 2019-2020. On the other hand, the timing of treatment among liberal arts colleges
has more variation within the time frame of the panel.

18A preliminary sample of institutions from IPEDS contains three HBCUs, none of which are test-
optional. Appendix A.7 reproduces much of the analyses using a sample that includes these institutions.
It shows that the inclusion of HBCUs do not significantly change the results from the body of this paper.

19IPEDS has data on a total of seven colleges thought would be considered as “always-treated” units.
As discussed in the next section, this study estimates the effects of the policy using a TWFE approach
with staggered treatment. The estimator for these effects is a weighted average of average treatment
effects on the treated (ATT) (Goodman-Bacon, 2020). When always-treated units are included within
such regression, they are treated as control units and are given disproportionately greater weight. If
their treatment effects change over time, they bias TWFE estimator from a meaningful parameter.

10



Effects of Test-Optional Admissions on URM Enrollment and Graduation Chapter 1

in means between the test-optional and requiring institutions for all variables. These

differences, except for a few control variables, are statistically indistinguishable from

zero.

1.4 Empirical Strategy

1.4.1 Specifications

This study utilizes a two-way fixed effects (TWFE) approach. The institution’s choice

to adopt the test-optional policy serves as the “treatment.” As discussed in Section

1.3, treatment is staggered across academic years. Given institution i in academic year

t ∈ {2001-2002, ..., 2019-2020}, the primary specification is represented by the following

equation:

yit = βPit +X′
itγ + αi + λt + ϵit (1.1)

where yit is some outcome variable of interest (e.g., the log number of first-time URM

students). Standard errors are clustered by institution.

Specifically, Pit takes on a value of “1” in any academic year when an institution’s

matriculating class is affected by the policy. For example, if an institution adopted the

policy during the 2015-2016 academic year for the incoming class of 2020, it is first

indicated as test-optional in the 2016-2017 academic year. When yit denotes graduation

outcomes, Pit is lagged by 6 periods to appropriately reflect how cohorts of students are

affect by the policy.20

The term αi represents institution fixed effects while λt represents academic year

20Graduation data on IPEDS reflects cohorts enrolling 6 years prior to data reporting. For example,
graduation rate data from 2016-2017 reflects the cohort entering in 2010-2011. So, Pit is also lagged by
6 periods when the outcome variable is the 4-year graduation rate.
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fixed effects. Institution fixed effects should control for time-invariant factors that may

confound the estimates of the policy’s effects. The vector X it includes all of the control

variables. Some of these variables, such as institutional grants per FTE, can control for

some additional policy changes that may accompany the adoption of the test-optional

policy, such as financial aid expansion, and therefore confound its effects.21

Section 1.5.2 explores the potential issue of heterogeneity in the policy’s effects across

colleges’ admissions in selectivity. This subsection splits test-optional institutions into

two groups: “selective” and “highly selective” institutions. To perform this analysis, this

study estimates the following regression:

yit = βPit + δ(Si · Pit) +X ′
itγ + αi + λt + ϵit. (1.2)

It includes an interaction term Si · Pit where Si takes on a value of “1” if institution i is

highly selective in admissions. Thus, β + δ represents the effects of the policy for these

types of institutions while β alone captures the the effects for selective institutions. δ

captures the difference in effects between these two types of institutions. The vector X

includes the same covariates as in equation (1.1) plus those interacted with Si. αi and

λt are the same fixed effects from equation (1.1), although the latter is also interacted

with Si.

Finally, Section 1.5.3 compares the policy’s effects on first-time URM enrollment

outcomes between colleges dropping the test-optional policy early in the panel versus

later. To distinguish between early and later adopters of this policy, this study estimates

21As previously discussed, the adoption of the test-optional policy has been noted to be paired with
financial aid expansion. To my knowledge, there are no other known types of policy changes that have
accompanied the adoption of this policy.
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the following specification:

yit = β1(Pit · Ei) + β2(Pit · Li) +X ′
itγ + αi + λt + ϵit. (1.3)

Here, yit corresponds to either the log number of first-time URM students or the fraction

of first-time students of a URM background. Ei is a binary variable that takes on a

value of “1” if test-optional institution i adopted the policy early within the time frame.

Similarly, Li takes on a value of “1” if a test-optional institution adopted the policy later.

Both Ei and Li always equal “0” for all test-requiring institutions. Hence, the test of

β1 = β2 can indicate whether the policy’s effects between early and late-adopters are

distinguishable.

1.4.2 Dynamic Treatment Effects & Identifying Assumptions

This study estimates the dynamic effects of the test-optional policy on the outcome

variables of interest to check for pre-treatment trends and the common trends assumption.

Specifically, this study estimates the following regression specification:

yit =
−2∑

τ=−7

δτDit +
7∑

τ=0

µτDit +X ′
itγ + αi + λt + ϵit. (1.4)

Similar to equation (1.1), yit represents an outcome variable, Xit represents the same

vector of controls, and αi and λt represent institution and year fixed effects, respectively.

δτ and µτ represent the leading and lagging coefficients across event time τ , i.e., the

relative number of periods to adoption of the test-optional policy. This equation omits

τ = −1, so the leads and lags represent the dynamic effects of the policy relative to

one period prior to adoption. The leading and lagging periods are symmetric across
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event time.22 However, since the adoption of the test-optional policy is staggered, the

test-optional institutions from the sample are unbalanced in these periods.

1.5 Results

1.5.1 Average effects among all colleges

Figures 1.2-1.5 contain the plotted dynamic effect estimates across event time for all

outcome variables. Table 1.2 contains the p-values from the joint tests on the leading

coefficients across each outcome (i.e., these test δτ = 0 for −7 ≤ τ ≤ −2). These tests

fail to find evidence that at least one leading coefficient is statistically different from 0.

That said, the common trends assumption is presumed to hold for all outcome variables.

Recent literature suggests the coefficients for the leads and lags may be contaminated

by effects from other periods when the treatment is staggered (Sun and Abraham, 2021).

Consequently, this issue may invalidate the joint test on the leads. To address the above

issue, this study re-estimates the dynamic treatment effects using alternative estimators

proposed by de Chaisemartin and D’Haultfœuille (2021) that are robust to treatment

heterogeneity. Further discussion on these dynamic effects can be found in Appendix

A.4, which shows that the results of an analogous test also presume that the common

trends assumption holds.

Columns (1) and (2) of Table 1.3 contain the point estimates of the TWFE coefficient

from equation (1.1) for outcomes on first-time URM enrollment. It indicates that the

policy raises the fraction of first-time students from a URM background by about 0.0188

points (i.e., on average, test-optional colleges experience a 23.5% increase from the pre-

treatment average). Also, these estimates show that the number of first-time URM

22The chosen number of periods is roughly based on the median number of leading and lagging periods
across treated units from the sample.
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students rises by 12.5%. This suggests that the increased fraction can be primarily

attributed to an increased inflow of first-time URM students enrolling at these institutions

rather than a drop in the overall volume of enrollees.23

Although the average effects of the policy on URM enrollment are positive, the effects

for each test-optional college in the sample may vary by size. This study investigates

further by calculating the difference in first-time URM enrollment outcomes between two

periods after and before policy adoption for all test-optional colleges within the sample.

Figure 1.6 displays these differences for the share of first-time students from a URM

background within a histogram. It illustrates positive differences among the majority of

test-optional colleges in the sample. Figure 1.7 also indicates the abundance of positive

differences for the log number of first-time URM students enrolling at these colleges.

These figures collectively suggest that most test-optional colleges are likely to implement

equitable consideration between submitters and non-submitters of test scores and that

they experience warming effects from URM students.

All in all, these results suggest that the policy is, to a small extent, effective at

bolstering racial diversity at liberal arts colleges. As a possibility, however, these patterns

may be driven by an overall increase in the volume of enrolling students, regardless of

their race. In that case, the increase in the shares of URM students may be a byproduct

of that goal. However, Appendix A.6 discusses the effects of the policy on the logged

number of first-time non-URM students, and it suggests that this is not likely to be the

case.

Finally, columns (3) and (4) of Table 1.3 displays the test-optional policy’s effects

on the graduation outcomes of URM students. The point estimate for each outcome

is relatively small (e.g., a 0.02 point decrease in the 4-year URM graduation rate) and

23As an exercise, Appendix A.5 shows that the policy has little impact on the enrollment outcomes of
non-first-time URM students.
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statistically insignificant. These results suggests that the policy has a negligible impact

on the 4-year and 6-year graduation rates for URM students. So, on average, racial

diversity improvements resulting from the policy may not diminish beyond the first year

of college. However, further discussion of these effects across school selectivity is provided

in the next subsection.

The TWFE approach to estimating these effects have a few caveats. First, colleges

and universities may voluntarily elect to drop their test-requirement. Thus, the “treat-

ment” takes the form of an endogenous policy change. This could be an issue if colleges

with relatively lower shares of URM students self-select themselves into this treatment.

However, the treated and control colleges from the sample have comparable and statis-

tically indistinguishable shares of URM students on their campuses (i.e., the difference

is 0.004 with p = .62).24 Also, as shown in Appendix A.2, the estimates are robust to

the exclusion of control variables. Finally, this study re-estimates equation (1.1) using a

propensity-trimmed sample and finds that the resulting point estimates are comparable

to that of the full sample. The logistic regression used to construct this sample suggest

that the pre-treatment share of URM students on campus is not a significant predictor

for adopting the test-optional policy. Some further discussion behind this propensity

trimmed sample can be found in Appendix A.3.

Alternatively, the endogeneity of policy adoption may stem from colleges within each

state following neighboring institutions in dropping the test requirement. This study

collapses the panel to the state level and conducts analogous state-level analysis to in-

vestigate whether this phenomenon is evident among colleges in the sample. Specifically,

it estimates the impact of the share of students attending a test-optional college within

each state on state-level freshman URM enrollment outcomes. The results of this ex-

24This share corresponds to the overall fraction of students on campus that are from a URM back-
ground, regardless of freshman status.
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ercise can be found in Appendix A.9. They indicate that the estimates of the share of

treated students on state-level URM enrollment outcomes are noisy. In short, there is

little evidence that colleges’ decision to drop the test requirement reflects the actions of

neighboring in-state institutions.

Second, recent papers show that the TWFE estimator with staggered treatment is a

weighted sum of all possible 2× 2 difference-in-differences estimators (Goodman-Bacon,

2021). However, some of these weights may be negative in the presence of treatment

heterogeneity which could render the estimator uninterpretable (de Chaisemartin and

D’Haultfœuille, 2020). The TWFE estimators for the URM enrollment outcomes (e.g.,

the fraction of first-time students that are URM) are composed of 536 ATTs, of which

5.6% of them receive negative weights. These weights sum up to about -0.012. On the

other hand, the TWFE estimators associated with the graduation rates contain zero

negative weights. Appendix A.4 discusses estimates for the URM enrollment outcomes

using an alternative estimator that is robust to treatment heterogeneity, and it suggests

that negative weighting is not a significant issue.

1.5.2 Differences in Admissions Selectivity

The analyses, thus far, encompass institutions regardless of their degree of selectivity

in admissions. Highly selective institutions tend to place a relatively higher weight on

test scores within their admissions processes (Marin and Horn, 2008). Therefore, as a

possibility, the effects of the test-optional policy may differ at colleges considered to be

more selective than others. So, the effects of the policy may be more salient at the most

selective colleges. To investigate this possibility, this study distinguishes institutions

that are “selective” and “highly selective” (i.e., are considered more selective and most

selective by the USNWR). The sample contains 54 selective institutions and 95 highly
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selective institutions of which 44.4% and 45.3% are test-optional, respectively. The sum-

mary statistics for these two sub-samples can be found in Tables A1.2 and A1.3.25

Equation (1.2) is estimated to distinguish the effects of the policy across institutional

selectivity. The point estimates are displayed in Table 1.4 across all outcome variables.

Interestingly, among the URM enrollment outcomes, the point estimates for selective

colleges among the URM enrollment outcomes are higher than that for highly selec-

tive colleges. However, the differences between these two sub-groups are insignificant.

Appendix A.6 shows that neither of these sub-groups is likely to be adopting the test-

optional policy to increase overall enrollment, regardless of students’ racial background.

Although the effect of the policy on the first-time enrollment volume at selective colleges

is significant, it is much smaller than the effect on first-time URM enrollment.

The point estimates of the 4-year and 6-year URM graduation rates are negative

and significant among selective colleges (e.g., the 4-year graduation rate drops by 0.0678

points, or 12.8% from the pre-treatment level). On the other hand, the point estimates for

highly selective colleges are small and insignificant, and in fact, the differences between

the two sub-samples are significant. In other words, the policy led to a decline in the

URM graduation rates at selective colleges. At these institutions, students benefitting

from the policy may be less likely to graduate.26 Consequently, the graduation rates for

URM students decrease as a result of the policy.

Further discussion on these graduation rate effects is provided in Section 1.6. Ap-

pendix A.8 shows that test-optional admissions have little impact on graduation rates

for non-URM students (e.g., White and Asian students) at both selective and highly

25The mean URM graduation rates for selective colleges are larger than that of highly selective col-
leges, with the difference for 6-year graduation rate being statistically significant. However, this difference
within the propensity-trimmed sample from Appendix A.3 is slightly smaller but statistically insignif-
icant. The results of the analyses in that section is very comparable to the ones discussed below (i.e.,
under the full sample).

26This could be backed by the fact that the mean pre-treatment admission rate of selective colleges is
higher than that of highly selective colleges by about 22%.
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selective colleges.

1.5.3 Timing of Policy Adoption

As discussed, test-optional institutions within the sample adopted the policy through-

out different years between 2002-2003 and 2019-2020. However, the effects of the policy

on URM enrollment may vary across these institutions by the timing of treatment, i.e.,

whether they dropped the test requirement relatively early within the panel’s time frame

or later. As one possibility, the warming effects on enrollment may be more prevalent

among colleges adopting the policy relatively early in the panel. Specifically, if col-

leges drop the test requirement early within an environment where there are few or no

other test-optional colleges, they would have an easier time attracting prospective URM

students seeking test-optional admissions. Consequently, colleges that drop the test re-

quirement relatively later in this time frame may experience little policy effects on URM

enrollment because prospective students seeking test-optional admissions already have

an alternative: the early adopting colleges. Thus, the policy’s impact on racial diversity

at late-adopting colleges may be negligible if they are crowded out by early adopters.

This study distinguishes institutions that adopted the policy early in the panel versus

later by estimating equation (1.3) with first-time URM enrollment outcome variables. It

considers early adopters as colleges that dropped the test requirement anytime up to

2010, i.e., the midpoint of the time frame. All other test-optional colleges that dropped

their test requirement after 2010 are considered to be late adopters.

Table 1.5 contains the point equations of equation (2.3), where each column corre-

sponds to an outcome variable. The point estimates show that the average effects on

first-time URM enrollment outcomes between institutions adopting the policy during the

first versus the second half of the time frame are comparable and statistically indistin-
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guishable. All in all, these results indicate that there is no strong evidence that the

policy’s effects differ between early and late adopters.27

Appendix A.2 reproduces the analysis of Table 1.5 without the use of control variables,

and it illustrates similar patterns. Appendix A.6 shows that neither early (i.e., adopting

through 2007) nor late adopters experienced a significant increase in enrolling first-time

students, regardless of race.

1.6 Discussion

This study finds that the test-optional policy effectively bolsters racial diversity at

liberal arts colleges. It also finds that the policy has little impact on the URM graduation

rates at highly selective colleges. But it finds evidence that the policy led to a decline

in graduation rates at relatively less-selective colleges. Finally, this study finds that the

URM enrollment effects among colleges dropping the test requirement early in the panel

versus later are comparable and indistinguishable.

Given the sign of the point estimates, these results are consistent with a warming

effect. While most residential liberal arts colleges today are not necessarily highly selec-

tive or elitist, individuals are inclined to equate a residential liberal arts education with

an “elite” form of higher education (Astin, 1999). Therefore, these institutions tend to

be associated with the perception of prestige/selectivity. Thus, their adoption of this

policy may send a signal to prospective URM students that they are trying to facilitate

a welcoming environment for them.

These results suggest that the mismatch effect may be present at selective colleges

versus highly selective ones. Indeed, the most selective institutions tend to draw higher

27This study considers other ways to define early adopters, such as those that drop the test requirement
through 2007 (i.e., the first 25% of adopters). However, under this alternative threshold, the effects from
early and late adopters are also statistically indistinguishable.
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shares of applicants from the top quintile of their graduating high school cohort (Bound

et. al, 2009). Thus, high-ability students who presumably face greater probabilities of

retention and successful graduation may sort themselves to these institutions, even within

a test-optional admissions regime. However, the relationship between graduation rates

and the test-optional policy is unlikely to be causal. These estimates may encompass

other unobservable policies and phenomena that affect retention, such as the availability

of advising and outreach at highly selective colleges or the lack thereof at relatively less-

selective institutions for students benefitting from the policy.28 Therefore, there is no

certainty whether the test-optional policy alone led to the decline in the URM graduation

rates at selective colleges and whether mismatch is a significant issue within test-optional

admissions.

As suggested by the results, these test-optional colleges may have implemented an

enhanced, equitable admissions process for submitters and non-submitters of test scores.

However, the outcome of interests used in this analysis reflects enrollment. Although

enrollment effects can pose implications for admissions, it would do so, albeit to a lim-

ited extent. Unfortunately, IPEDS does not disaggregate its admissions data by demo-

graphics. Thus, richer data is necessary to fully understand how the policy affects the

admissions processes for URM students at these institutions.

Furthermore, as discussed in Section 1.2, some test-optional colleges place greater

weight on inequitable admissions criteria, such as high school rigor. Therefore, not all

URM applicants may be benefitting from the policy. However, the estimated effects

of the policy on URM enrollment outcomes suggest that this channel is dominated by

warming effects or the prevalence of equitable admissions within the sample.

28The estimates of the policy’s effects on URM enrollment may not be exempt from this issue as
well. As discussed in Footnote 17, however, the test-optional policy is likely paired with financial aid
expansion or shifts in weighting toward college preparatory courses, which would have been captured by
the control variables.
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Certainly, the policy’s effects on liberal arts colleges could yield implications on its

beneficiaries’ post-graduation returns. A recent study, Carnevale et. al (2020), indicates

that the median long-run (40-year) net present value (NPV) returns of liberal arts colleges

is approximately $918,000, i.e., almost $200,000 higher than the median for all types of

4-year colleges and universities.29 Also, it finds that the returns to the most selective

liberal arts colleges (i.e., most of the institutions within the “highly-selective” category

of the sample) are higher at $1,135,000. Since the policy does not seem to diminish

the graduation rates of URM students at these institutions, students benefitting from

the policy could experience significant returns on investment and possibly upward social

mobility.30 On the other hand, the negative impact of the policy on the URM graduation

rates at relatively less-selective institutions may be problematic. Carnevale et. al (2020)

also shows that high graduation rates are correlated with high investment returns.31

Therefore, students who benefit from the test-optional policy but face lower probabilities

of graduation attainment will not be able to realize these gains.

Some questions about the test-optional policy remain for future investigation. By its

design, the policy’s effects should be salient to students from financially disadvantaged

backgrounds. Although IPEDS data on such students is limited, an analysis of this

policy on socioeconomic diversity in admission, enrollment, and graduation would be

informative in understanding its effects.32 Next, other types of institutions, such as

29Other types of colleges & universities, as designated by the Carnegie Classification, include doctoral-
granting universities and special-focus schools.

30Carnevale et. al (2020), contains the estimated 40-year returns for a significant amount of individual
liberal arts colleges. By using these figures, this current study finds comparable trends within its sample.
The median 40-year return to investment among all 149 institutions is about $949,000 which also exceeds
the average for all types of institutions. However, the median is higher at $999,000 compared to $882,500
for selective institutions.

31This finding is also consistent with patterns observed within this current study’s sample. The
correlation between the estimated 40-year return to investment of colleges included in the sample and
the 2020 graduation rates is 0.691.

32Although IPEDS contains data on the number of first-year Pell grant recipients at each college, the
availability of that variable is constrained to a small number of periods.
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doctoral-granting universities, are increasingly dropping their test requirement, so future

studies may be able to assess the impact of the policy on racial or even socioeconomic

diversity at these types of schools. The analyses of public institutions may especially

be of interest since many of these systematically target a large and relatively diverse

array of students, so the impact of the policy on these schools may be pronounced.33

Finally, future analyses can shed light on how the test-optional policies shift enrollment

patterns between different types of institutions (e.g., private versus public or selective

versus less-selective institutions).34

Racial and economic gaps in college enrollment and attainment continue to persist,

despite the relatively high returns to post-secondary education and significant student

aid efforts. This study primarily contributes to the discussion of how policies can bolster

racial diversity within colleges and universities and considers the test-optional policy as

a measure that can achieve this goal. Interestingly, many colleges and universities that

dropped the test requirement during the COVID-19 pandemic are either prolonging their

admission regimes or making them permanent.35 As the costs and benefits of this policy

come to light, colleges and universities will become better informed on whether to main-

tain their admissions regime. With the ongoing prevalence of test-optional admissions

among colleges and universities, knowledge of these costs and benefits is becoming more

relevant than ever.

33For example, the 1960 California Master Plan for Education stipulates that the University of Cal-
ifornia (UC) system, which elected to permanently drop its test requirement in 2020, targets the top
12.5% of California high school students. In fact, within the past few years, the UC system has been
accommodating roughly 18% of California high school students, and they consider expanding further to
match the growing demand for admission. (Source: https://www.latimes.com/california/story/2021-07-
27/california-is-failing-to-meet-demand-for-uc-admission-why-its-a-crisis)

34For example, Hinrichs (2012) and Backes (2012) are studies that assess the impact of an admission
policy (i.e., affirmative action bans) on the enrollment patterns of URM students. They find that the
policy shifted the fraction of URM students attending more selective colleges to less-selective ones. They
posit that the ban also led to an increase in enrollment of these students at public 2-year colleges, but
they find little empirical evidence of that occurring, mostly owed to data limitations.

35For example, Occidental College, which dropped its test requirement at the onset of the pandemic,
notes on its website that it has no plans to return to test-requiring admissions in the future.
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1.7 Figures

Figure 1.1: Distribution of Policy Adoption Year

Notes: This figure displays the distribution of the years in which test-optional institutions from the
sample adopted their admissions policy.
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Figure 1.2

Notes: This figure illustrate the dynamic effects on the logged number of first-time URM students.
Coefficient estimates from equation (1.4) are plotted across event time (i.e., years relative to the test-
optional policy taking effect). They are represented by the blue dots. The accompanying bands represent
the 95% confidence intervals of these coefficients. Figures 1.3-1.5 are arranged similarly, but they reflect
different outcome variables.

Figure 1.3

Notes: This figure illustrates the estimated dynamic effects of the test-optional policy on the fraction
of first-time students enrolling at liberal arts colleges that are of URM status.
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Figure 1.4

Notes: This figure illustrates the estimated dynamic effects of the test-optional policy on the 4-year
graduation rate for URM students.

Figure 1.5

Notes: This figure illustrates estimated dynamic effects of the test-optional policy on the 6-year
graduation rate for URM students.
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Figure 1.6

Notes: For each test-optional college in the sample, this study calculates the difference in the share
of first-time students from a URM background two periods after and before policy adoption (i.e.,
Y 2+
i − Y 2−

i ). This figure is a histogram for these differences, where the vertical red line corresponds to
“0” difference.

Figure 1.7

Notes: For each test-optional college in the sample, this study also calculates the difference in the
logged number of first-time URM students background two periods after and before policy adoption
(i.e., Y 2+

i −Y 2−
i ). This figure is a histogram for these differences, where the vertical red line corresponds

to “0” difference.
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1.8 Tables

Table 1.1: Summary Statistics

Test- Test- p-value
optional requiring of diff.

(1) (2) (3)

First-time URM students 31.00 29.87 0.77
(20.39) (25.90)

Fraction of first-time students that are URM 0.08 0.08 0.74
(0.05) (0.05)

4-year URM grad rate 0.53 0.52 0.78
(0.19) (0.24)

6-year URM grad rate 0.63 0.60 0.48
(0.16) (0.23)

Tuition & Fees 30,290 27,957 0.03
(5,547) (7,729)

Full-time enrollment 1,489 1,372 0.28
(597.9) (714.9)

Institutional grants per FTE 9.70 20.00 0.03
(4.73) (43.03)

E & R expenditures per FTE 28.41 69.92 0.03
(17.99) (166.56)

College prep courses not considered 0.03 0.02 0.84
(0.17) (0.16)

College prep courses recommended 0.36 0.62 0.00
(0.48) (0.49)

College prep courses required 0.60 0.34 0.00
(0.49) (0.48)

Observations 67 82 –

Notes: Columns (1) and (2) contain summary statistics for test-optional and test-requiring institutions
using the 2001-2002 (i.e., pre-treatment) observations. Standard deviations are in parenthesis. Column
(3) contains the p-values from the difference means between these two groups. These p-values are
clustered by institution. None of the variables are logged. Therefore, the means for tuition & fees, E
& R expenditures per FTE, and institutional grants per FTE are in terms of 2019 dollars. The sample
size varies slightly across each variable due to non-reporting.
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Table 1.2: Results of Joint Test of Leads

p-value for
joint F-test

a) Logged number of first-time URM Students 0.588

b) Fraction of first-time students that are URM 0.823

c) 4-year URM graduation rate 0.385

d) 6-year URM graduation rate 0.276

Notes: This table displays the p-values for the joint test in leading coefficients from equation (1.4)
across all outcome variables of interest. The point estimates of the leads and lags are displayed in
Figures 1.2-1.5.

Table 1.3: Primary Results

Logged Number Fraction of
of first-time first-time students 4-year URM 4-year URM

URM students that are URM grad rate grad rate
(1) (2) (3) (4)

Test-optional 0.125** 0.0188** -2.32e-05 0.00450
(0.0419) (0.00628) (0.0142) (0.0131)

Observations 2,820 2,824 2,783 2,812

Notes: This table displays the results from estimating equation (1.1) on all outcome variables, and
it solely reports the TWFE estimate of the test-optional policy. Columns (3) and (4) correspond to
graduation outcomes, so the regressions for those use a lagged treatment indicator (i.e., Pi,t−6). One
star indicates a 5% significance level and two stars indicate a 1% level. Standard errors are in parenthesis
and clustered by institution.Sample sizes across each regression slightly vary due to non-reporting for
some left-handed variables.
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Table 1.5: Effects of the Policy by Adoption Timing

Logged Number of freshman Fraction of freshman students
URM students that are URM

(1) (2)

Early Adopter 0.117 0.0208*
(0.0597) (0.0102)

Late Adopter 0.133** 0.0164*
(0.0516) (0.00814)

p-value 0.830 0.751
Observations 2,820 2,824

Notes: This table displays the point estimate from equation (1.3), which distinguishes the effects of
the policy by adoption timing. The row labeled “Early adopter” corresponds to the estimated effect
of the policy on institutions that dropped the test requirement early. Similarly, the row labeled “Later
adopter” corresponds to the effect on institutions adopting the policy later. Each column corresponds
to a first-time URM outcome variable. The p-values on the bottom row reflect the test of β1 = β2.
One star indicates a 5% level and two stars indicate a 1% level. Standard errors are in parenthesis and
clustered by institution. Sample sizes across each regression slightly vary due to non-reporting for some
left-handed variables.
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Chapter 2

When Is Discrimination Unfair?

2.1 Introduction

A large literature has studied the prevalence, magnitude, and causes of discrimination

based on characteristics that include race and gender (Bertrand and Duflo, 2017). An-

other rapidly growing literature has studied the conditions under which people perceive

income and pay inequality as fair or unfair, and has demonstrated that these fairness

perceptions can have strong effects on peoples’ economic behavior and support for public

policies (Alesina and La Ferrara, 2005; Lefgren et al., 2016; Almas et al., 2020; Dube et al.

2021). Motivated by both these literatures, this paper studies whether and when people

perceive discrimination as unfair – a question that has received much less attention.

To study this question, we use a vignette-based survey experiment on Amazon’s

Mechanical Turk (MTurk) to measure people’s assessments of the fairness of race-based

hiring decisions. The vignettes illustrate canonical examples of statistical and taste-based

discrimination, with both Black and White recipients of discrimination (discriminatees).

In addition, the scenarios have varying levels of justifiability, i.e., varying motivations

for the discriminatory act which we expect will make the actions more or less socially

acceptable. The goals of our analysis are, first, to measure the effects of three types of

factors on the perceived fairness of a discriminatory act in a broad sample of Americans:
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the characteristics of the respondent; the motivation for discrimination (e.g., tastes ver-

sus statistical); and the identity of the discriminatee (Black versus White). Second, we

assess the consistency of four pre-registered models of perceived fairness with the pat-

terns we observe. Finally, we provide a simple, non-preregistered, two-group interpretive

framework that provides a convenient summary of all our empirical results.

Our main findings are as follows. First, subjects’ self-identified political leanings have

large effects on their overall acceptance of discriminatory actions, with conservatives being

much more accepting of the discriminatory actions we depict than moderates and liberals.

Second, regardless of their political leanings, our respondents care about the detailed

motivations behind a discriminatory action (holding the act’s consequences constant).

Specifically, while the presence of taste-related versus statistical factors does not reliably

predict subjects’ fairness assessments, other aspects of the discriminator’s motivations

have robust and sizable effects. For example, discrimination by employers is seen as

substantially less fair when it is based on the employer’s own tastes than on the tastes

of the employer’s customers. Similarly, statistical discrimination is seen as less fair when

it is based on low-quality information about relative group productivity, compared to

higher-quality information. Notably, the effects of these motivational factors on perceived

fairness are very similar across all political groups, and the effects do not depend on the

race of the discriminatee.

Third, our moderate and liberal respondents exhibit a strong discriminatee race effect :

they disapprove more of anti-Black than anti-White discrimination. This effect is absent

among conservatives, who rate the discriminatory acts we depict as slightly more fair

than unfair, regardless of the discriminatee’s race. Fourth, among the four models of

perceived fairness we evaluate – (simple) utilitarianism, race-blind rules (RBRs), racial

in-group bias, and belief-based utilitarianism (BBU) – the latter two are inconsistent

with some major empirical patterns in our data. Fifth, all three political groups in our
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sample –liberals, moderates, and conservatives—exhibit a strong desire to apply race-

blind rules when comparing the fairness of different discriminatory actions. Only liberals

and moderates, however, exhibit utilitarian preferences (which assign higher fairness

ratings to actions that shift income from high-to low-income groups).

Sixth, to make sense of all these findings, we propose an interpretive framework

with two equally sized groups of respondents who collectively care about three fairness

criteria: race-blind procedural fairness (RBRs), utilitarianism, and a (non-preregistered)

ethic that values employers’ decision rights. Both of our groups strongly value race-

blind procedural fairness. In addition to this, Group 1, or Business Rights Advocates,

also care about employer decision rights, but place no value on utilitarian objectives.

Group 2, or Utilitarians, value utilitarian objectives but exhibit no detectable support

for employers’ decision rights. Group 1 are predominantly (but not exclusively) self-

identified conservatives, while Group 2 is a large subset of moderates and liberals.

Finally, we notice that – unlike Group 1 – Group 2 subjects (who are all moderate

or liberal) could face a conflict between the two fairness criteria (utilitarianism and race-

blind rules) they care about: Objecting more strongly to anti-Black than anti-White

discrimination for utilitarian reasons may not feel race-blind. To assess how Group 2

makes this tradeoff, we leverage the fact that a large share of our subjects experiences

a switch in the race of the person being discriminated against during the experiment.

Under the assumption that subjects only become aware of their desire to make race-blind

fairness assessments after they are exposed to a discriminatee of a second race, we are

able to use random assignment of our race treatments to estimate that Group 2’s fairness

assessments place roughly equal weight on these two criteria when they conflict.

Our paper connects to a literature in labor and personnel economics that uses mod-

els of fairness to interpret the effects of pay inequality on effort, job performance and

satisfaction, wage satisfaction, and quits (Charness and Kuhn 2007; Abeler et al. 2010;

34



When Is Discrimination Unfair? Chapter 2

Card et al. 2012; Charness et al. 2015; Bracha et al. 2015; Cohn et al. 2015; Breza et

al. 2017; Cullen and Perez-Truglia 2018; Dube et al. 2019; Fehr et al. 2021, Schildberg-

Hörisch et al. 2022). Some of these authors have argued, for example, that effort- and

productivity-related wage differentials are seen as fairer than differentials attributed to

other factors, such as luck (Abeler et al., 2010; Breza et al., 2017). We also connect

to a literature in experimental and personnel economics on the effects of the intentions

behind an economic action on its perceived fairness (Charness and Levine 2000; Offer-

man 2002; Abeler et al. 2010; Breza et al. 2017). In a variety of contexts, including

layoffs and within-firm pay inequality, these authors show that people’s reactions to the

same action vary dramatically with the reasons why the action was taken. None of these

authors, however, consider the effects of the intentions behind a discriminatory act on

its perceived fairness.1

A related literature in sociology has studied peoples’ assessments of the fairness of

income differentials, in many cases focusing on income gaps between women and men

(Jasso and Rossi 1977; Auspurg, Hinz, and Sauer 2017; Jasso, Shelly and Webster 2019;

Sauer 2020). Like us, these studies consider a number of implicit criteria people might use

to judge the fairness of income differentials; these criteria include need and impartiality,

which roughly map into our utilitarian and RBR models. To our knowledge, however,

this literature has not considered the perceived fairness of discriminatory actions.2

1In fact, we are aware of only one other study that elicits peoples’ assessments of the fairness of
discriminatory acts: Feess et al. (2021) use vignettes similar to ours to compare subjects’ views of
anti-female versus anti-male discrimination. Barr, Lane, and Nosenzo (2018) use an allocator-game lab
experiment to elicit second-order beliefs (which discriminatory acts do others see as fair?) of British
university students. Our focus on first-order beliefs is motivated, in part, by the high level of political
polarization in the United States. In such contexts –where social norms are contested—there could be
large differences between first- and second-order perceptions of fairness, with the latter being highly
sensitive to the identity of the persons whose beliefs the subjects are asked to predict.

2One recent sociology paper studies how peoples’ willingness to engage in (hypothetical) acts of sta-
tistical discrimination can be manipulated. Tilcsika (2021) finds that exposing subjects with managerial
experience to the theory of statistical discrimination increased the extent to which they relied on gender
in a hiring simulation.
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Our research also relates to some recent papers that study the effects of peoples’ beliefs

about the causes of inequality on their support for policies that redistribute income and

opportunities, both overall (Alesina et al., 2020) and specifically on racial basis (Haaland

and Roth 2021; Alesina et al. 2021). The latter two papers find that beliefs about the

causes of racial inequality are highly correlated with support for race-based policies like

affirmative action; these beliefs also account for much of the partisan divide in policy

support. Informational treatments designed to change people’s beliefs, however, have

limited effects on policy support. Our paper differs from these three papers in two main

ways; the first is that we study a different outcome. Specifically, we focus on how our

respondents assess the fairness of discriminatory actions taken by private individuals

(employers in our case), not on respondents’ expressions of support for public policies.

Second, we consider a broader set of implicit fairness models that people might use to

assess either actions or policies. Specifically, we show that peoples’ fairness assessments

depend not only on an action’s consequences (implicit in utilitarian assessments of public

policies) but also on the actor’s intentions. Intentions, and rules — i.e. a desire to apply

a consistent set of rules when mapping intentions and actions into fairness levels – play

important roles in non-consequentialist ethics such as those studied by Andreoni et al.

(2019). In our paper we show that expanding the set of fairness models to include these

considerations provides a more complete accounting of which types of discriminatory

acts (and potentially which types of race-relevant public policies) are perceived as fair or

unfair.3

Finally, our analysis relates to ongoing debates among both economists and legal

scholars about which forms of discrimination are more ‘egregious’ than others (and there-

3Considering non-consequentialist factors may also provide a more complete accounting of which
public policies are seen as fair. For example, a restrictive immigration policy might be seen as more
fair if it was perceived to be motivated by a sincere desire to protect the earnings of low-income native
workers than if it was motivated by racial animus. To our knowledge, economists have not yet studied
the effects of policymakers’ perceived motivations on how observers judge the fairness of their policies.
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fore perhaps more deserving of policy remedies or legal sanctions.) For example, in a

recent review article, Bertrand and Duflo (2017) provide the following description of a

common view among economists:

While taste-based discrimination is clearly inefficient. . . , statistical discrimi-

nation is theoretically efficient and, hence, more easily defendable in ethical

terms under the utilitarian argument. Moreover, statistical discrimination

can also be argued to be “fair” in that it treats identical people with the

same expected productivity (even if not with the same actual productivity)

[equally] and is not motivated by animus. In fact, many economists would

most likely support allowing statistical discrimination as a good policy, even

where it is now illegal... (Bertrand and Duflo 2017, p. 312).4

In the case of legal debates and proceedings, influential decisions like Griggs v. Duke

Power Co. (1971) have maintained that intent is not essential for an act or policy with

race-based consequences to be unlawful, instead these decisions maintain that disparate

impact is enough. This disparate impact principle continues to be contested, however.5

Our paper contributes to both these economic and legal debates by describing how a

broad sample of Americans perceives the fairness of different types of discriminatory

actions. We find that (a) the detailed intentions underlying a discriminatory action do

matter for peoples’ fairness perceptions, but that (b) whether the action was motivated

by someone’s racial animus (‘tastes’) is not, on its own, a reliable guide to an action’s

perceived fairness.

Section 2.2 of the paper describes our survey design, data collection, and sample

characteristics. Section 2.3 presents some basic facts about fairness perceptions: How

4The word “equally” is not present in Bertrand and Duflo’s text; we have inserted it to convey what
we believe is their meaning.

5Despite these disputes, there seems to be wide agreement that the presence of racial or other animus
would make the same discriminatory act more egregious.
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do perceptions vary with respondent characteristics, survey treatments, and interactions

between the two? Section 2.4 describes four simple, preregistered models of fairness

and compares their implications to subjects’ aggregate response patterns. It shows, –

among other things—that our Group 2 respondents (Utilitarians) care about two criteria

— utilitarianism and race-blindness – that sometimes conflict. Section 2.5 then uses

within-subject variation in the discriminatee’s race to estimate the relative weight these

Utilitarian subjects place on the two criteria they care about. Section 2.6 concludes.

2.2 Design and Implementation

2.2.1 Survey Structure

Before starting our survey, all our subjects were informed that they will be exposed to

four scenarios, with the proviso that “Some of these scenarios may seem realistic to you;

others may seem unrealistic.” We also told subjects that only very limited information

about each scenario will be provided. Nevertheless, subjects were asked to “please give us

your reaction to [the scenarios] if they were to happen, based on the information that has

been provided”. The goal of these statements was to clarify that we want respondents

to assess the fairness of the hypothetical interactions (and not their realism or their

likelihood of occurring).

Next, our subjects are randomly assigned to read four vignettes in which an em-

ployer, “Michael” (or “Andrew”) makes a hiring decision between a White and a Black

applicant.6 These scenarios are designed to represent canonical examples of taste-based

and statistical discrimination. We define taste-based discrimination as a decision that

6Michael and Andrew appear to be the most common male names that are relatively race-neutral.
Between 2011 and 2016, they ranked in the top 2-6 names for White men and the top 6-12 names for
Black men in New York City birth names.
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is based on someone’s racial animus, and distinguish two forms: Less-justifiable taste-

based discrimination is based on the employer’s own distaste for people of a particular

race.7 More-justifiable taste-based discrimination occurs when the employer accommo-

dates his customers’ distastes for a particular race. Statistical discrimination, on the

other hand, is based on differences in expected job performance. Less-justifiable statis-

tical discrimination is based on low-quality information about the relative performance

of two racial groups; we frame this as a non-quantitative statement from a single, non-

expert source (a ‘neighbor’) about problems others experienced when employing White

or Black employees, such as lateness and lack of attention to detail. More-justifiable

statistical discrimination is based on “reliable statistics” from “a large and experienced

network of local business owners” who frequently hire for the same type of opening as

in the scenario.8 In both cases, the ‘justifiability’ rankings of the more detailed reasons

for the action are based on our own priors regarding how respondents would react. After

reading each vignette, the respondent is asked to rate the fairness of the employer’s hiring

decision on a scale from 1 to 7. As in Alesina et al. (2020, 2021), these questions have

no material consequences.9

The four scenarios encountered by each respondent are presented in two Stages. In

Stage 1, subjects were assigned with equal probability to one of the four possible treat-

ment combinations: SW, TW, SB, and TB, where S and T represent statistical and

taste-based discrimination, and W and B indicate the race of the discriminatee. Within

7Notice that — to the extent that it is costly to attract new customers – our employer’s decision
is profit-maximizing in the more-justifiable version of taste-based discrimination, but not in the less-
justifiable version.

8As framed in our vignettes, low-quality information could be interpreted by our subjects as an
unbiased signal with high variance, as a biased signal (Bohren et al. 2019), or even as a signal whose
bias is motivated by someone’s racial animus. In all cases we would expect that relying on such signals
will be seen as less fair than using the information described in our high-quality statistical scenario.

9Cappelen et al. (2019) and Alm̊as et al. (2020) create real income inequality (for example, between
two MTurk workers), then give third-party subjects options to reduce this inequality. Applying this
methodology to discriminatory incidents would raise serious ethical concerns. It is also unclear how we
could manipulate the motives of a real discriminator, which matter a lot for peoples’ fairness assessments.
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Stage 1, the subjects encounter the less- and more-justifiable versions of discrimination

in random order. In Stage 2, subjects were randomly assigned to one of the three treat-

ment combinations they did not encounter in Stage 1, and again encountered the more-

versus less-justifiable forms in random order.10 Thus, as illustrated in Appendix B1.2,

two thirds of the respondents encountered a switch in the discriminatee’s race, and two

thirds encountered a switch between taste-based and statistical discrimination.

Our survey concludes with Stage 3, which asks all subjects the same questions. First,

in an open-text question, we remind respondents of the final scenario they encountered

and invite them to explain the fairness assessment they made. Next, we use the following

question to elicit subjects’ assessment of Black people’s relative economic opportunities

(BRO):

Please consider the following question without referring to any of the previous

survey items, and then select the rating that best corresponds to your answer:

All in all, in the United States, how would you compare the economic oppor-

tunities available to Black and White people? Black people have:

Much less / Less / A Little Less / Roughly equal / A little more / More /

Much More opportunity than White people.

Finally, we collected information on the subjects’ age, education, race, gender, and

political affiliation.

2.2.2 Scenario and Fairness Assessments

To illustrate how our fairness assessments work, we next describe Stage 1 of the

survey for subjects who are assigned to the TB (Taste, Black) treatment combination. To

10To make the scenarios more realistic, the name of the employer also switches between the Stages.
Specifically, half the employers are Michael and the other half Andrew in Stage 1; this assignment is
random. In Stage 2, the name of the employer switches to the other, unused name for all respondents.
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introduce this Stage, we first tell subjects they will encounter two scenarios which share

many common elements but contain some differences; we also say that the differences

have been underscored to make them easier to pick out. The subjects then read and

assess the less or more justifiable forms of the Taste discrimination scenario with a

Black discriminatee in random order. The less justifiable form of taste discrimination is

motivated by the employer’s own tastes:

Michael, who is White, is about to hire his first customer representative for

his business after a few years of carrying that role alongside his managerial

duties. He has interacted with a number of Black people during his education

and work experience. While all of his interactions with Black people have been

polite and professional, he just didn’t enjoy interacting with them.

For his new hire, Michael has to choose between two applicants whose re-

sumes, interviews and references are all of equal quality, one of whom is

Black and one who is White. Michael decides to hire the White worker in

order to avoid interacting with a Black employee.

The more justifiable form is identical, except for the following underscored sections:

He has conducted focus groups with a substantial share of the people who

frequent his business. Many of these customers tell Michael that they do not

like interacting with Black people and would be hesitant about continuing to

support his business if he employed them. Michael himself is just as happy

to interact with Black workers as with workers of other races.

Michael decides to hire the White worker, in order to avoid losing sales to

customers who do not want to interact with Black representatives.

After each scenario, the respondent is asked to “indicate the extent to which you thought
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that Michael’s hiring decision was fair” on a seven-point scale, where 1 was “very unfair”,

4 was “neither fair nor unfair”, and 7 was “very fair”.

As noted, in Stage 2, respondents encountered two more scenarios in which either the

race of the discriminatee (Black or White), the motivation for the discrimination (Tastes

versus Statistical) or both of these were different from Stage 1.11 White scenarios were

identical to Black scenarios except that the races of the discriminator and the discrim-

inatee are reversed. As noted, less justifiable statistical discrimination was based on

low-quality information (hearsay from a single, uninformed source) about relative group

productivity, and more justifiable statistical discrimination was based on higher-quality

information (quantitative information from substantial sample of other employers). The

exact wording of these and all our scenarios is provided in Appendix B.1.1.

2.2.3 Implementation and Representativeness

On September 21, 2020, we pre-registered our survey design and procedures, and

posted a pre-analysis plan. Our survey was administered to a sample of MTurk workers

between September 22 and October 6, 2020. Subjects were given one hour to complete

the survey and were informed that we expected the task to take about 15 minutes. Con-

ditional on completing the entire survey, subjects were paid $5.12 A few measures were

taken to improve the accuracy and representativeness of the responses. First, respondents

were required to have a U.S. address. Second, to further discourage foreign workers from

participating, the survey was launched during U.S. Pacific daylight hours on weekdays.

11Exposing subjects to four scenarios (rather than one) has three main benefits. First, it gives us
more fairness assessments, while preserving the option to use only each subject’s first treatment for
pure cross-subject comparisons. Second, as illustrated in Section 2.5.1, it allows us to test for a specific
but plausible form of experimenter demand effects. Third, as illustrated in Section 2.5.3, it allows us
to assess the relative importance subjects assign to utilitarian, versus race-blind fairness criteria when
those criteria conflict.

12In comparison, the average effective hourly rate on MTurk is about $4.80 (Kuziemko et al., 2015).
The average actual survey completion time for our subjects was 11.5 minutes.
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Third, MTurk workers were required to have a 95 percent approval rating to discourage

robots (i.e., automated responses). Fourth, the survey included a CAPTCHA question

to further discourage robots. Finally, respondents were exposed to each vignette for at

least 30 seconds before being allowed to submit their fairness assessment. In all, we

received 779 responses; during data cleaning we dropped 137 of these, leaving us with a

final count of 642 responses in our analysis sample.13

In Appendix B.2, we present summary statistics of our survey respondents and com-

pare them to adults in the 2019 American Community Survey (ACS) and the 2020

General Social Survey. Compared to the ACS, our sample of MTurkers is quite region-

ally representative, a little more male, and a little more likely to be either White or

Black. Our respondents are also considerably better educated and much more likely to

be between 25 and 44 years of age than U.S. adults in general. For the most part, these

are well known features of the MTurk population.14 Comparing our subjects’ political

orientations to the GSS is more difficult because –despite the similarity of the survey

questions—the middle category differs between the two surveys: “moderate” in our case

versus “moderate, middle of the road” in the GSS.15 Ignoring this difference in phrasing,

it would appear that our MTurk respondents are politically more ‘extreme’ than GSS

respondents, with more candidates selecting the two extreme categories and far fewer

selecting the middle one. However, GSS respondents could be attracted to the attracted

13The main reasons for excluding responses were (i) a pinged location suggesting that the respondent
was not U.S. based, and (ii) indications that the response was automated (for example, the IP address
attempted our survey more than once, or the response copied and pasted word-for-word sentences from
the vignettes into their open text answer.) Summary statistics on the final sample’s characteristics (race,
gender, education, political orientation, and location within the U.S.) can be found in Appendix B.2.

14For additional discussions of the representativeness of MTurk samples, see Kuziemko et al. (2015),
Arechar et al. (2017), and Everett et al. (2021).

15Since the ACS does not collect information on political opinions or affiliations, we are forced to use
the GSS (with its much smaller sample size) to assess the political representativeness of our population.
Our political party preference question is not comparable to the GSS’s, but (with the exception of this
middle category) our political leaning question is identical to the GSS’s (see Table B2.2 for details).
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to the ‘middle of the road’ label.16 In sum, our MTurk-based sample differs from the U.S.

population in substantial and mostly well-known ways. In Appendices B.9 and B.10 we

estimate the implications of these differences by re-weighting our main results to match

the American Community Survey and General Social Survey respectively. The results

are very similar.

2.2.4 Question Order Effects

In all multi-part surveys, but especially in contexts like ours where framing and exper-

imenter demand effects might play a large role, the order in which respondents encounter

different questions could have large effects on the respondents’ answers. We address

this issue in detail in Appendix B.3, which shows that question order effects are absent

from our survey in two distinct senses. First, as shown in Appendix B.3.1, there is no

time trend in fairness assessments across the four scenarios encountered by each respon-

dent: Respondents become neither more nor less accepting of discrimination as they are

asked additional questions about it.17 Second, the order in which respondents encounter

the Tastes versus Statistical and the more versus less justified scenarios does not affect

their fairness ratings on subsequent scenarios. In Appendices B.3.2 and B.3.3, this is

illustrated three different ways: First, we show that subjects’ subsequent assessments

of a given type of discrimination (e.g., Taste) do not depend on which type (Tastes or

Statistical) they encountered previously. Second, we cannot reject that the fairness rat-

ings changes of subjects who switched from, say, a more to a less justified treatment

16In addition to this possible difference in variance, there is also some suggestion that, on average,
MTurkers are somewhat more liberal than GSS respondents. Almost identical shares of MTurkers and
GSS respondents choose some degree of conservative leaning (ranging from slight to extreme), but many
more MTurkers choose some liberal leaning (47.3 versus 30.2 percent). This difference could reflect the
relative youth of MTurkers.

17Recall that treatments are assigned in a balanced way across the four scenarios each respondent
encounters, so aggregate comparisons of fairness ratings over time are not contaminated by changes in
the mix of scenarios people encounter.
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were equal but opposite in sign to subjects who switched in the opposite direction. Fi-

nally, for both the type of discrimination and the justifiability treatments we show that

within-subject, between-subject and pooled fairness regression estimates are statistically

indistinguishable from each other.18

The one treatment that does, however, affect subjects’ subsequent fairness assess-

ments is the race of the discriminatee. As we document in Appendix B.3.4, our respon-

dents’ Stage 2 fairness assessments depend on the race treatment they encountered in

Stage 1. In the next two Sections of the paper (2.3 and 2.4), we will eliminate the in-

fluence of these order effects by relying only on data from Stage 1 of the survey: There

is no within-subject variation in the race treatment during Stage 1 (or during Stage 2),

because discriminatee race only varies between the experiment’s two Stages. In Section

2.5, we will document and scrutinize these order effects in greater detail, and exploit them

to shed light on the tension between two models of fairness (utilitarian versus race-blind

rules) among the moderate and liberal respondents to our survey.

2.3 Some Facts

This Section describes how fairness perceptions in our survey depend on the respon-

dent’s personal characteristics, on the experimental treatment the respondent encoun-

tered, and on some interactions between these (for example, between the respondent’s

political orientation and the race of the fictitious discriminatee). As already noted, to

avoid any influence of treatment order effects for the race treatment, this entire Section

uses only responses from Stage 1 of the survey, giving us two responses per subject.19 To

18Within-subject estimates regress fairness on a treatment indicator plus respondent fixed effects.
Between-subject estimates are pure cross-section regressions using data from the first treatment each
respondent encountered only. Pooled estimates include all four scenarios each person encountered,
without person fixed effects.

19There is no within-subject variation in the race treatment within Stage 1 (or within Stage 2). All of
the comparisons described in this Section continue to apply if we go even further and use only data from
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account for within-subject correlation of responses, all standard errors are clustered by

subject.

2.3.1 How Does Perceived Fairness Vary with Respondents’

Characteristics?

In Figure 2.1, we show how the mean perceived fairness of discriminatory acts varies

with respondents’ characteristics. To maximize our sample size for these initial compar-

isons, we pool responses across all four treatment combinations (SW, TW, SB, and TB)

as well as the more- and less-justifiable versions of both types of discrimination. In short,

Figure 2.1 shows that our subjects’ mean fairness assessments do not vary significantly

with their age or race. However, women viewed the discriminatory acts as slightly less

fair than men. Somewhat surprisingly (to us), respondents’ fairness assessments were

positively related to their education levels; we explore this correlation in Appendix B.4

and show that higher levels of education mostly reflect a higher ‘set point’ for all fairness

assessments in the following senses. First, regardless of political leaning, more-educated

individuals rate all the scenarios they encounter as more fair than less-educated individ-

uals. Furthermore, in contrast to political leaning –which has strong effects on how our

subjects respond to some of our treatments– highly-educated subjects respond to all our

treatments in very similar ways to less-educated subjects.20

Finally, Figure 2.1 shows that respondents’ political leaning is strongly related to

the perceived fairness of discriminatory acts. Self-described conservative respondents

the very first of the four scenarios each person encountered, although the standards errors are somewhat
higher. See for example Figure B5.1.1, which replicates Figure 2.1 using first-scenario data only.

20For example, Appendix B.4 shows that more-educated respondents’ greater tolerance of discrimi-
natory acts is not confined to discrimination against a particular race—it applies equally to anti-Black
and anti-White discrimination. We also show that educated peoples’ higher fairness assessments are not
related to differences in political affiliation across education categories: The positive association between
education and overall fairness ratings remains very strong within both conservative and liberal survey
respondents.
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perceive these actions to be fairer than both moderates and liberals (e.g., p = .000 for

conservatives versus liberals).21 Mean fairness assessments across U.S. political party

preferences (e.g., Democrats versus Republicans) exhibit similar patterns.22 Since the

Independent group could include people with both extreme right- and left-wing orien-

tations, we use conservative-liberal leaning rather than party affiliation to categorize

respondents’ political preferences in the remainder of the paper.23

2.3.2 Treatment Effects

In Figure 2.2, we compare the fairness assessments of subjects who were exposed to the

Tastes versus Statistical treatments, and to the more versus less justifiable forms of each.

As in Section 2.3.1. we pool both of the Stage 1 scenarios encountered by each worker

and cluster our standard errors by respondent. To simplify the presentation, we also pool

the Black and White treatments.24 To facilitate interpretation here and throughout the

paper, we report all fairness assessments on a scale from -3 (“very unfair”) to 3 (“very

fair”), where 0 was labeled in the survey as “neither fair nor unfair.”25 The standard

deviation of fairness assessments in Stage 1 is 1.657 across respondents, 0.961 within

respondents, and 1.915 overall.

According to Figure 2.2, the average respondent sees no meaningful distinction be-

tween the fairness of the statistical versus taste-based scenarios in our survey (p = .971).

Conditioning on whether discrimination is taste-based or statistical, however, subjects

21To account for the fact that our data contain multiple observations per respondent, all p-values in
the paper are clustered by respondent.

22There is a statistically insignificant non-monotonicity with respect to party preference, with Inde-
pendents being more opposed to discrimination than Democrats.

23Of the respondents who identify themselves as “Independent” within our sample, about 8.43%
suggest they are either “extremely liberal” or “extremely conservative.” Furthermore, all the results
by political party are very similar, with occasional non-monotonicities similar to Figure 2.1(e), where
Independents appear to be to the left of Democrats.

24Figure 2.3 shows that the effects of justifiability are virtually identical for White versus Black
discriminatees.

25As noted, the subjects saw these verbal descriptions, associated with the numerals 1 through 7
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view the less justifiable form of either taste-based or statistical discrimination as less fair

than the more justifiable form (p = .000 in both cases), confirming our expectations.

To illustrate the size of these differentials, we first remark that an average respondent

did not view the more-justifiable forms of either statistical or taste-based discrimination

(high quality information; accommodating the tastes of others) as unfair at all: the mean

fairness ratings of these actions were in the “somewhat fair” range with small standard

errors.26 In contrast, the less justifiable forms of taste and statistical discrimination were

both viewed much more harshly—specifically 0.925 units (on a scale of -3 to 3), or 0.483

standard deviations less fair.

In Figure 2.3 we turn our attention to the race treatment – i.e. the race of the person

who was discriminated against. Motivated by Figure 2.2 (which shows no difference

between the Statistical and Tastes treatments) we now pool these treatments but continue

to distinguish between their more- versus less-justifiable forms. In the sample as a whole,

Figure 2.3 shows that respondents view the same discriminatory acts more negatively

when they are directed at Black than at White job applicants. We call this phenomenon

the Discriminatee Race Effect (DRE). The DRE shown in Figure 2.3 is substantial in

magnitude, amounting to about 0.5 fairness units or 0.263 standard deviations, and

highly statistically significant (p = .002 and .000 within the less versus more justifiable

forms of discrimination, respectively).

26The confidence interval for the fairness of more-justifiable taste-based discrimination includes zero
(neither fair nor unfair); for more-justifiable statistical discrimination the confidence interval is bounded
above zero.
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2.3.3 Heterogeneity: Discriminatee Race Effects by Respon-

dent Race and Political Orientation

While the effects of the race treatment shown in Figure 2.3 are interesting, these

effects may not be the same for all types of respondents. For example, Black respondents

might react more negatively than White respondents to discrimination against Black job

applicants. To explore this issue, Figure 2.4 presents separate estimates of the discrim-

inatee race effect for respondents of different races. Unfortunately, our samples of both

Black and Other racial groups are too small to precisely estimate a discriminatee race

effect within either group. The point estimates for these groups however suggest that

both groups respond to the race of the discriminatee in much the same way as White

respondents do.27 In sum, Figure 2.4 underscores the fact that the discriminatee race

effect in our data – i.e., the tendency to see discrimination against Black people as less

acceptable than discrimination against White people—is driven primarily by our White

respondents, who comprise about 78 percent of the sample. Thus, while we continue to

estimate all our results on the full sample of MTurk respondents in the remainder of the

paper, it is important to bear in mind that the stark political differences we will doc-

ument throughout the paper are driven, to a substantial degree, by differences between

White respondents with different political leanings.

Turning to those political differences, Figure 2.5 presents separate estimates of the

discriminatee race effect by the respondent’s political leaning. These reveal a clear differ-

ence: the discriminatee race effect is stronger among moderate and liberal respondents

than in the sample as a whole, but is absent among conservatives. Conservatives view

discrimination against (fictitious and identically qualified) Black and White job appli-

27Interestingly, Figure 2.4 indicates that the Other group views discrimination relatively harshly.
However, there is little indication of a discriminatee race effect for this group of respondents (p = .506)
and the point estimates themselves are imprecise.
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cants the same way: as more fair than unfair.28 A final striking finding from Figure 2.5

is the strong similarity in both the levels of fairness rankings and in the discriminatee

race effects between self-described moderate and liberal respondents. Later in the paper

(starting in Section 2.4.4) we exploit this fact to simplify our analysis by comparing just

two political groups—conservatives versus moderates/liberals.

2.4 Assessing Four Models of Fairness

This Section describes four simple models of how subjects might evaluate the fairness

of discriminatory actions: (simple) utilitarianism, racial in-group bias, race-blind rules

(RBR), and belief-based utilitarianism (BBU). For each model, we compare its predic-

tions with the main empirical patterns in our data and show that two of the models

– racial in-group bias and BBU – are inconsistent with some key patterns in our data.

After examining subjects’ open-text responses for clues that might explain these incon-

sistencies, we then propose a two-group framework with three fairness criteria that does

a better job of accounting for the facts we have documented. As in Section 2.3, our

analysis only uses data from Stage 1 of the experiment to ensure that race treatment

order effects cannot affect our conclusions.

2.4.1 (Simple) Utilitarianism

In general, utilitarian models of fairness share two main features, the first of which is

that fairness depends on outcomes, not on intentions or justifications. Since our Tastes

vs. Statistical and less-versus-more justifiable treatments refer to the reasons for the

employer’s actions, and since the consequences of the employer’s actions — i.e. which

28The confidence interval for anti-Black discrimination is bounded above zero; the mean fairness
assigned to anti-White discrimination is almost identical, but not quite significantly different from zero.
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worker got the job – are statistically balanced across all our observations, the fairness

ratings of purely utilitarian respondents should not differ between any of the Taste-

based, Statistical, or less- and more-justifiable forms of discrimination. Second, utilitarian

fairness models use a social welfare function to map consequences into fairness levels. In

the simple utilitarian model we consider here, this social welfare function is a strictly

concave function of the incomes of the people depicted in our scenarios. Since mean

racial income differences which indisputably favor White people, utilitarian respondents

should be more tolerant of anti-White than anti-Black discrimination. Importantly, this

prediction holds even if we account for the direct effects of discrimination on employers’

utility: Taste-based discrimination may raise the utility of the employer, and statistical

discrimination may raise profits. This because the employer in our scenarios is always

White when the discriminatee is Black, and vice versa.

We refer to the type of utilitarianism described in this subsection as ‘simple’ because

it is based purely on racial income differences, which are publicly verifiable information.

Real respondents might, however, base their ideas of deservingness on criteria other

than income — such as opportunities – and could have inaccurate and widely varying

beliefs about racial gaps in income and opportunity. (Davidai and Walker 2021, Kraus

et al. 2017, 2019). We will consider these possibilities under the heading of belief-based

utilitarianism (BBU) below.

Turning to the evidence on simple utilitarianism, Figure 2.3 has already shown that

respondents in general do view discrimination against Black applicants more harshly

than discrimination against White applicants. That said, Figure 2.5 showed that this

tendency was confined to moderates and liberals: Conservatives do not consider race

when assessing the fairness of discriminatory actions. We conclude that our (simple)

utilitarian model is consistent with moderates’ and liberals’ fairness assessments, but
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is not consistent with conservatives’ fairness statements.29 Utilitarianism also cannot

account for the large justifiability effects on perceived fairness that are documented in

Figures 2.2 and 2.3.

2.4.2 Racial in-group bias

The phenomenon of in-group favoritism, where people value actions that benefit mem-

bers of their own identity group more than actions benefiting others, has been extensively

documented (Luttmer 2001, Chen and Li 2009, Fong and Luttmer 2009, 2011, Everett

et al. 2015). While a variety of models could explain this behavior, a simple one, based

on social preferences, modifies the preceding utilitarian model in a straightforward way:

instead of favoring actions that benefit lower-income groups, persons motivated by racial

in-group bias will favor actions that redistribute resources from members of other races to

members of their own. In our experiment, respondents who exhibit racial in-group bias

should view the discriminatory acts we depict as less fair when the fictitious discriminatee

shares the respondent’s race.30

As Figure 2.4 has already shown, we do not have the statistical power to test these

predictions for the respondents in our Black or Other racial categories.31 Our evidence

for White respondents, however, is strongly inconsistent with racial in-group bias: As a

group, White respondents view discrimination against Black people as substantially less

fair than discrimination against White people. Interestingly, when we focus our attention

29An insignificant discriminatee race effect for conservatives could imply that that they are not util-
itarians at all (i.e. they do not use a social welfare function (SWF) to make fairness assessments).
Alternatively, conservatives could be utilitarians with a linear SWF. A final possibility, considered under
belief-based utilitarianism (BBU) below, is that conservatives’ SWF depends on something other than
income (such as, for example, perceived relative opportunities).

30Related (and with the same empirical predictions in the case of our experiment) we would also
expect respondents to more forgiving of discriminatory acts committed by a member of their own racial
group.

31In this respect, our MTurk sample is no different from any nationally representative sample of this
size. Without quota-sampling minority respondents (which is not possible on MTurk) a much larger
sample would be needed to measure the amount of in-group racial bias among other racial groups.
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on the subset of White respondents who identity as conservative, this strong rejection

of in-group bias no longer holds: As shown in Figure B5.2.1, White conservatives rate

discrimination against Black people as 0.405 units more fair than discrimination against

White people. This difference is however not statistically significant at conventional

levels (p = .134). Overall, we conclude that racial in-group bias model does not provide

a useful lens for understanding the main fairness ratings patterns we have documented.

2.4.3 Race-Blind Rules (RBR)

In contrast to utilitarianism and in-group bias, rules-based models of fairness are not

consequentialist in nature; instead, they belong to the class of deontological ethics, which

associate fairness with adherence to a consistent set of rules (Andreoni et al. 2019).

Further, in deontological ethics, intentions can matter and consequences are secondary:

for example, ill-intentioned actions that unintentionally produce a good outcome are

considered unethical. Intent and motivation play key roles in civil and criminal law, and

abundant evidence from behavioral economics shows that people care about intentions

when assessing the fairness of many economic actions.32 Finally, rules-based models of

fairness are race-blind when the rules that assign fairness to actions and intentions do

not depend on the races of the people involved.

Applying these ideas to our experiment, an RBR model of fairness would – unlike

the previous two models – allow the fairness of a discriminatory action to depend on the

intentions behind it: Did the act serve to indulge the employer’s personal racial animus,

or to protect his business from retaliation by racist customers? Did the employer do his

due diligence before relying on statistical information in hiring, or did he a take hearsay-

based shortcut? Further, assuming the respondent has an implicit set of rules defining

32Intentions are relevant to the distinction between first- and second-degree murder, for example.
Charness and Levine (2000), Offerman (2002), Abeler et al. (2010) and Breza et al. (2017) document
the effects of intentions on peoples’ reactions to layoffs, pay reductions, and pay inequality.
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which of the above motivations are fairer than others, she should apply those rules in a

race-blind way. For example, if using low-quality statistical information is x units less

fair than using high-quality information, x should be the same regardless of the race of

the discriminatee.

The fairness ratings of our respondents are consistent with the use of race-blind rules

(RBRs) in at least three ways.33 First, the effects of our justifiability treatments in Figure

2.2 strongly support the idea that respondents care about the employer’s motivation for

discriminating against a job applicant. Importantly, our experimental design ensures that

the justifiability effects in Figure 2.2 hold the consequences of the discriminatory action

constant: While the material consequences of not being hired could, for example, vary

with the discriminatee’s race (because of differences in outside labor market options),

notice that Figure 2.2 varies only the reasons for not being hired: discriminatee race is

balanced between the motivation and justifiability treatments due to random assignment.

Second and more strikingly, Figure 2.3 shows that our respondents penalized the less-

justifiable forms of discrimination by the same amount (relative to the more justifiable

forms), regardless of the race of the discriminatee: (-0.953 versus -0.898 fairness points

for White versus Black discriminatees respectively, with p = .679 for a test of equality).

Third, a similar test shows that this stability to discriminatee race also applies to the

Taste/Statistical fairness differential – it is essentially zero for both Black and White

discriminatees.34 A final, remarkable feature of our respondents’ apparent adherence

to race-blind rules is that it applies just as strongly on both sides of the U.S. political

divide. We show this explicitly in Figure 2.6, which shows that respondents ranked the

33In Sections 2.5.2 and 2.5.3, we will present a third piece of evidence supporting the RBR model that
applies only to moderate and liberal respondents. Specifically, we will argue that the order effects for
the Black treatment (which are present only for moderate and liberal respondents) suggest that these
respondents prefer to maintain a form of consistency across race in their fairness assessments.

34Within Black Discriminatees, Tastes-Based scenarios are 0.121 units more fair. Within White Dis-
criminatees, Taste-Based scenarios are 0.138 units less fair. A test for equality of the Tastes vs. Statistical
gap between the Black and White treatment yields p = .319.
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relative fairness of more versus less justifiable forms of discrimination almost identically,

irrespective of their political leaning.

In sum, there is substantial prima facie evidence of deontological ethics based on race-

blind rules among our subjects: Subjects care about the reasons why a discriminatory

act occurred in a consistent manner (Tastes versus Statistics per se do not matter; other

motivational factors captured by our justifiability treatments do matter). Consistent with

a widely held desire to adhere to race-blind rules, these motivational factors affect the

perceived fairness of a discriminatory action in strikingly similar ways regardless of the

race of the discriminatee, and regardless of the political orientation of the respondent.

2.4.4 Belief-Based Utilitarianism (BBU)

In Section 2.4.1 we ruled out (simple) utilitarianism among conservative respondents

because those respondents did not object more strongly to anti-Black than to anti-White

discrimination, even though Black job applicants, on average, have lower incomes. This

fact, however, does not rule out the possibility that conservatives are motivated by a

different form of utilitarianism, which we label belief-based utilitarianism (BBU).35 Under

BBU, respondents still value redistribution from more- to less-advantaged groups, but

they use a different and possibly subjective metric of relative advantage to guide their

fairness evaluations.36 From a modeling perspective, BBU is an appealing hypothesis

because it would allow us to explain a key empirical difference between conservatives

and other respondents—conservatives do not exhibit a discriminatee-race effect—in a

35BBU is essentially the conceptual framework laid out in Alesina et al. (2020), and underlying the
empirical work in Alesina et al. (2021): People have beliefs about the relative incomes and opportunities
available to different demographic groups, then use a utilitarian ethic (favoring the lower-opportunity
group) to translate these beliefs into support (or non-support) for public policies.

36Our survey design does not allow us to distinguish whether respondents’ beliefs about relative
opportunities motivate their perceptions of the fairness of discriminatory acts, or whether these beliefs
are motivated by a desire to evaluate discriminatory actions in a certain way. Oprea and Yuksel (2021)
use a cleverly designed experiment to detect motivated beliefs in a different context from ours.
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straightforward way: Both conservatives and other respondents are in fact utilitarians

(i.e. they prefer to favor a disadvantaged group) but they simply have different beliefs

about who is disadvantaged.

Evidence that is consistent with BBU is presented in Figure 2.7, which draws on

the BRO question in Stage 3 of our survey. This question asked the respondents to

rate Black people’s relative economic opportunities in the United States on a seven-

point scale, running from “much less opportunity” (minus 3 in Figure 2.7) to “much

more opportunity” (plus 3 in Figure 2.7). Figure 7 shows that the respondents’ BRO

ratings differ dramatically by their political orientation: While liberals have a mean BRO

of -1.374 (p = .000), conservatives’ mean of -0.206 is insignificantly different from zero

(p = .089) with moderates in between. This suggests that conservatives’ belief that Black

and White people have roughly equal opportunities has the potential to account for their

observed fairness ratings, which –like their BRO ratings—are statistically the same for

discrimination against Black versus White job applicants.37

To assess whether BRO differences can actually account for the partisan gap in fair-

ness assessments, panel (a) of Figure 2.8 shows respondents’ fairness ratings for anti-Black

discrimination by BRO categories, separately for conservatives and moderates/liberals.38

If BRO accounts for the large partisan gap, we should see little or no partisan gap within

the BRO categories: Instead, the partisan gap should be explained by the higher mean

37Our findings about the partisan gap in perceived relative opportunities (BRO) mirror the partisan
differences in perceptions about inequality and mobility documented by Alesina et al. (2020), and the
stark partisan differences in beliefs about the causes of racial inequality documented by Alesina et al.
(2021). They also mirror Alesina et al.’s (2021) and Haaland and Roth’s (2021) findings that Democrats
perceive that there is much more anti-Black discrimination than Republicans do. As noted, our con-
tributions relative to these papers are that we study the fairness of individual (discriminatory) actions
(not public policies), we demonstrate the key role of the intentions behind an action in determining
its perceived fairness, and we test the BBU model that underlies the idea that changing beliefs about
opportunities can change support for policies.

38Starting in this subsection, we combine moderates and liberals into a single group to simplify the
presentation and preserve statistical power. Interested readers can view a version of Figure 2.8 with all
political groups in Appendix B.5.3; all the qualitative results discussed below are similar for moderates
and liberals individually, as well as the combined group.
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level of BRO among conservatives. The evidence, however, paints a very different picture

in two key respects. First, while BRO is very predictive of the perceived fairness of anti-

Black discrimination among moderates and liberals, it is not predictive of conservatives’

fairness ratings. In other words, we see no effect of BRO on perceived fairness of anti-

Black discrimination among conservatives, even though their beliefs about relative racial

opportunities vary widely. Second, Figure 2.8 shows that there are large political gaps in

the perceived fairness of discriminating against Black people, even when we condition on

BRO. These political gaps are particularly stark at the bottom of the BRO distribution:

While moderates and liberals who think that “Black people have much less opportunity

than White people” (BRO = -3) are strongly opposed to anti-Black discrimination, con-

servatives with the same belief are, on average, accepting of anti-Black discrimination

(with a mean fairness rating of about +0.5). This partisan gap at the bottom of the

BRO distribution is highly statistically significant. Within subjects who have BRO lev-

els of -3, and within subjects who have BRO levels of -2, the partisan gap is significant

at p = .000.

A third and even more surprising piece of evidence against the “BRO hypothesis”

emerges from panel (b) of Figure 2.8, which replicates panel (a) for discrimination against

White job applicants. Consistent with a large explanatory role for BRO in peoples’

fairness assessments, this Figure shows an effect of BRO on the perceived fairness of

discrimination that is essentially invariant to political orientation: the coefficients are

.257 (p = .094) and .265 (p = .000) for conservatives and moderates/liberals respectively.

However, for both political groups the direction of this effect is the opposite of what

the BRO hypothesis would predict: According to the BRO hypothesis, higher levels

of Black people’s perceived relative opportunities should make discrimination against

White people less acceptable. Instead, the perception that Black people have equal

or more economic opportunities than White people – which is held by 36.9 percent of
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our subjects—is associated with a greater tolerance of (hypothetical) acts of anti-White

discrimination.

Summing up, while respondents’ stated beliefs about Black peoples’ relative oppor-

tunities (BRO) are (a) correlated with their political affiliations and (b) sometimes pre-

dictive of their fairness assessments, the signs and patterns of these associations are

decidedly inconsistent with the ‘BRO hypothesis’: the idea that conservatives’ beliefs

about Black relative opportunities explain their tolerance of anti-Black discrimination.

This rejection of the BRO hypothesis in our data might help explain why interventions

designed to change beliefs about relative opportunities do not have robust effects on sup-

port for race-based policies, even when the interventions change beliefs (Alesina et al.

2021; Haaland and Roth 2021).

2.4.5 What Motivates Respondents Who Say Discrimination if

Fair?

To try to make sense of the unexpected findings in Figure 2.8, we first observe that a

large subset of our respondents (when classified by beliefs and political orientation) ex-

hibit a common pattern of fairness assessments: they assign roughly equal, non-negative

fairness to both anti-Black and anti-White discriminatory acts. In Figure 2.8, this group

of respondents includes all self-identified conservatives, plus the moderates and liberals

with BRO ≥ 0. Together, these respondents (henceforth Group 1) represent 48.9 percent

of all respondents. In Figure 2.8 they are indicated by the hollow circle markers.

To understand what types of fairness criteria might account for these respondents’

fairness assessments, we then turned to our respondents’ open-text explanations of the

last scenario they encountered. As described in Appendix B.6, we manually classified

these explanations into three broad categories, separately for respondents who rated
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discrimination as “unfair” or “very unfair”, versus respondents who said it was “fair” or

“very fair”. For the latter group, the most common type of response was some variation

of ‘the business must thrive’, such as:

“The hiring decision was fair because any individual in Michael’s shoes would

do anything within their power to protect their business by all means neces-

sary.”

“A business wants [to] retain customers and high profits. So give them what

they expect. Hiring what people prefer is reasonable.”

“Andrew needs to do what is best for his business. If he hired the black

worker, he’d lose money and perhaps even go out of business.”

“To ensure the success of his business, Michael should do everything possible

to do so. Is it racist? I don’t think so. Michael is free to hire whoever he

wants.”

Notably, almost all of these ‘business must thrive’ answers referred to scenarios in which

the employer accommodated his customers’ discriminatory tastes (i.e. the ‘more-justifiable’

version of taste-based discrimination).

Closely related, the second most common type of explanation involved some statement

of ‘employer rights ’, including:

“It’s his company he can hire whoever he choses [sic]. He does not have to

give an answer to anyone or share his hiring views. He can choose what is

best at any time.”

“It’s his business. He doesn’t need to justify to me any of his hiring practices.

. . . Seriously, he does not need to justify his hiring choices.”
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“Andrew does run the business so it is within his rights to not hire a black

man because he doesn’t enjoy interacting with them.”

“The employer should have the right to hire who he is most comfortable with

regardless of the reasons.”

“I’ve never had a problem with this as long as every business owner is allowed

to do it; I don’t feel comfortable in all-black establishments so just I don’t go

to them. They’d be uncomfortable, I’d be uncomfortable, just let them have

their thing. What’s the problem?”

“Employers are allowed to hire whoever they see as best for the job.”

Notably, these ‘employer rights’ explanations were expressed with respect to all forms of

discrimination, including discrimination based on the employer’s own tastes.

Taking all the above responses together, we propose that Group 1’s high acceptance

of discriminatory actions – regardless of the target of the action – is consistent with a

fairness system that prioritizes individual decision rights (regardless of those decisions’

effects on others), especially for business owners. As shorthand, we therefore label Group

1, defined above, as Business Rights Advocates.

2.4.6 An Interpretive Framework that ’Works’

With this decision-rights-based ethical model in hand, we can now propose a pro-

visional, ex post interpretive framework that ties together all the fairness assessment

patterns we have documented in the paper. We hasten to remind readers that — by logi-

cal necessity – this framework is not the only one that can account for all those patterns.

We offer it primarily as a simple mnemonic device that summarizes the main facts we

have established, and as a jumping-off point for future research on these questions.
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In our proposed framework, there are two main groups of respondents. Group 1

(the “Business Rights Advocates”, accounting for 48.9% of all respondents) includes all

conservatives, plus moderates and liberals with BRO ≥ 0. These respondents are, on

average, accepting of all the discriminatory actions we depict, regardless of the race of

the discriminatee. Members of Group 1 justify these fairness assessments as protecting

or raising profits and preserving employer rights. Members of Group 1 do not appear to

be motivated by any utilitarian concerns (either ‘simple’ or ‘belief-based’). Based on our

findings in Section 2.4.3, however, they share the widespread support across the political

spectrum for race-blind procedural fairness (RBRs).

Group 2 or “Utilitarians” are moderates and liberals with BRO < 0, accounting

for 51.1% of our respondents. These respondents object to both anti-Black and anti-

White discrimination, but object more strongly to anti-Black discrimination. Given their

beliefs (BRO < 0), Group 1’s fairness assessments are consistent with both simple and

belief-based utilitarianism. This group exhibits no obvious support for employer decision

rights.39 Like Group 1, Group 2 shares a strong desire for race-blind procedural fairness.

2.5 Reconciling Conflicting Fairness Criteria: Utili-

tarianism versus RBRs

In the previous Section, we proposed a two-group interpretive framework in which

one group of respondents (Group 1 – Business Rights Advocates) cares only about race-

blind rules (RBRs) and individual decision rights, while Group 2 (Utilitarians) cares

39In open-text answers, respondents who object to discrimination frequently say that it is wrong
to base hiring decisions on race, statistical information, or tastes. These respondents frequently use
words like “racism”, “bigoted”, “prejudice”, “bias” and “stereotype” in their explanations. References
to employer decision rights are essentially absent. See Appendix B.6 for a detailed analysis of subjects’
open-text responses.
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only about RBRs and utilitarian welfare criteria. In this framework, there is a clear

potential for conflict between Group 2’s two main fairness objectives: Rating anti-Black

discrimination more harshly than similar acts of anti-White discrimination may not feel

race-blind.40 In this Section, we use the race treatment order effects documented in

Section 2.2.4 to estimate the relative weight that members of Group 2 place on these two

fairness criteria. Our identifying assumption is that respondents are not aware of their

desire to make race-blind fairness assessments until they encounter a discriminatee from

a second racial group, i.e. until they encounter a switch in the race treatment.

To accomplish this goal, we proceed in three steps. First, we document that the race

treatment order effects described in Section 2.2.4 are present in Group 2 but absent in

Group 1. Second, we use a simple model of reporting behavior, combined with random

assignment of the race treatment to interpret Group 2’s order effects as a compromise

between utilitarianism versus RBRs, and to estimate the relative weight Group 2 places

on those two criteria when they conflict. Finally, for readers who may be skeptical of our

ex-post Group 1 - Group 2 dichotomy, we replicate the preceding steps for the categories

used in Section 2.4 of the paper: conservatives versus [moderates + liberals]. The results

are very similar.

2.5.1 Race Treatment Order Effects are Absent in Group 1

In Section 2.2.4 we demonstrated the existence of race treatment order effects in our

entire sample of respondents: Their Stage 2 fairness assessments depend on the race

treatment they encountered in Stage 1. In Appendix B.8.1, we show that there are no

40Since they are tolerant of both anti-White and anti-Black discrimination, Business Rights Advocates
do not experience a similar conflict when the race treatment switches. To see this, consider for example a
Business Rights advocate who said it was fair for a White business owner to accommodate his customers’
anti-Black discriminatory tastes. In this case, race-blindness would be consistent with saying the same
action is fair if the races were reversed, which is exactly how Business Rights Advocates behave in our
survey.
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such order effects for Group 1: Regardless of the discriminatee race they encountered in

Stage 1, members of Group 1 view discrimination as a little more fair than unfair (about

+0.5 on a scale from -3 to +3) in Stage 2. Respondents from Group 2, on the other

hand, exhibit a more pronounced version of the order effects we saw in the sample as a

whole. Specifically, Group 2’s Stage 2 fairness assessments of anti-Black discrimination

are much milder if they encountered a White discriminatee (as compared to a Black

discriminatee) in Stage 1 (p = .009).41 Motivated by this fact, we restrict our attention

to Group 2 respondents (Utilitarians) in the following sub-section, where we interpret

Group 2’s race treatment order effects as a compromise between the values they place on

both utilitarianism and race-blindness.

2.5.2 A Trade-off between Utilitarianism and Race-Blind Rules?

As noted above, subjects who value both utilitarianism and race blindness (e.g. mem-

bers of Group 2) face a conflict when they experience a switch in the race treatment.

For example, in Stage 2, a White-to-Black treatment switcher needs to choose between

assigning the same fairness rating they assigned to a White discriminatee in Stage 1 (race

blindness), versus respecting their utilitarian desire to object more strenuously to anti-

Black than anti-White discrimination. Subjects who do not experience race treatment

changes do not face this conflict.

To model this idea, we make the following assumptions:

Assumption 1 Subjects’ Stage 1 assessments, B1
i and W 1

i represent each respondent i’s

“pure” utilitarian fairness ratings, B∗
i and W ∗

i .

Assumption 1 seems reasonable because in Stage 1, respondents have not been asked to

make any previous fairness assessments with which they might want to be consistent.

41The race treatment a Group 2 subject received in Stage 1 does not have a statistically significant
effect on the subject’s ratings of anti-White discrimination in Stage 2.
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Assumption 2 In Stage 2, race treatment switchers care about two potentially conflict-

ing things: reporting their pure utilitarian rating (B∗
i or W ∗

i ) for the new racial group,

or making the same report they assigned to the other racial group in Stage 1 (being race-

blind).42

Using this notation, in Stage 2 White-to-Black treatment switchers have the option

of reporting their pure utilitarian rating of the group they now face in Stage 2 (thereby

setting B2
i = B∗

i ), assigning the same rating they assigned (to the other race) in Stage 1

(thereby setting B2
i = W 1

i ), or reporting a weighted average of these two choices:

B2
i = αB∗

i + (1− α)W 1
i (2.1)

Where α is the weight placed on their utilitarian preference and (1 − α) is the weight

on their desire to make race-blind assessments. Our goal is to estimate α, but this is

complicated by the fact that (unlike W 1
i and B2

i ), B
∗
i is not observed for White-to-Black

treatment switchers.

To address this unobservability problem we take advantage of the fact our race treat-

ments are randomly assigned. Thus, while B∗
i is not observed for W-to-B switchers (and

W ∗
i is not observed for B-to-W switchers), their sample means B̄∗ and W̄ ∗ in any fixed

population (such as Group 2) are observed for both groups of switchers from the mean

Stage 1 responses of the subjects in their population who were randomly assigned to the

other race treatment. We can therefore write:

B̄2 = αB̄∗ + (1− α)W̄ ∗ (2.2)

42Subjects’ exposure to the Taste and Statistical treatments can change between Stages 1 and 2, but
we abstract from that here since those treatments are randomly assigned and never appear to affect
fairness assessments.
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where B̄∗ and W̄ ∗ are sample means calculated from Stage 1 responses.

Similarly, for B-to-W switchers.

W̄ 2 = αW̄ ∗ + (1− α)B̄∗ (2.3)

After restricting our sample to Group 2 respondents, Equations (2.2) and (2.3) can

then be (separately) solved for α, yielding α = 0.49 for the White-to-Black switchers

and α = 0.68 for the Black-to-White switchers.43 Thus, W-to-B switchers’ Stage 2

ratings of anti-Black discrimination place almost equal weight on race-blindness and

utilitarianism. B-to-W switchers, on the other hand, act as if they place slightly more

weight on utilitarianism than on race-blindness. The 95% percent confidence intervals

for α are [0.243,0.800] and [0.405, 1.075] for W-to-B and B-to-W switchers, respectively.

Thus, we cannot reject equal weight on both objectives (α = 0.5) for either type of

switcher. For W-to-B switchers, we can reject both α = 0 and α = 1, indicating strictly

positive weight on both objectives. For B-to-W switchers, we reject α = 0 but not α = 1.

Summing up, the race treatment order effects we observe among our Group 2 (Utili-

tarian) respondents can be explained by a simple model that assumes these respondents

value both the race-blind application of rules (RBRs) and utilitarian objectives. When

these criteria conflict, i.e. when the respondent experiences a switch in the race treat-

ment, respondents ‘split the difference’ about equally between these two objectives when

making their fairness assessments.

2.5.3 Replicating the Analysis by Political Orientation

In Appendix B.8.2, we replicate the preceding analysis, splitting the sample by politi-

cal orientation (conservatives versus moderates/liberals) with very similar results. Specif-

43See Appendix B.8.1 for the details of the calculations reported in this Section.
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ically, we show that race treatment order effects are absent among conservatives. Among

moderates and liberals, they are stronger than in the full sample. Next, restricting at-

tention to moderates and liberals, we use the same method to calculate α, the relative

weight this group assigns to utilitarianism versus race blindness, The point estimates

are α = 0.44 for the White-to-Black switchers, and α = 0.62 for the Black-to-White

switchers, with confidence intervals [0.155,0.791] and [0.348, 1.033].44 As for Group 2, we

conclude that moderates and liberals assign roughly equal weight to utilitarianism versus

race-blindness when forced to choose between these two fairness criteria.

2.6 Robustness

One potential concern about the external validity of our results is the fact that our

data were collected in September and October 2020, following a summer of civil unrest

related to the murder of George Floyd on May 25, 2020. Together, these events led

to a mainstream conversation on systemic racism in the U.S.; it seems reasonable to

ask whether these events may have primed our respondents to answer our questions in

unusual ways. To check for this possibility, Figure B2.1 presents online search trends for

related keywords, including Black Lives Matter and racism during the spring and summer

of 2020. These trends show that searches for these terms had diminished dramatically

by the time of our survey, suggesting that this type of priming may not have been a

significant issue for our respondents.

One striking result of our analysis is the large magnitude, statistical significance, and

stability of the justifiability treatments, documented in Section 2.4.3: Respondents of

all political orientations penalized the less- justifiable forms of discrimination (relative

to more-justifiable forms) by the same amount, irrespective of the discriminatee’s race.

44See Appendix B.8.2 for the details underlying these calculations.
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A possible concern with this result is the fact that the subjects always encounter both

the less and more justifiable forms within each Stage (one right after the other), and

that we draw subjects’ attention to the sentences in the two scenarios that differ from

each other. Thus, subjects may have taken special care to how they rank the fairness of

these two types of scenarios, with respect to each other. To address this issue, Appendix

B.5.1 replicates Tables 1 and 2 using only the first individual scenario each respondent

encountered. The results are almost identical to our main estimates, suggesting that

subjects’ desires to maintain a consistent ranking of the two types of scenarios are not

responsible for this finding.

Figure 2.8 illustrated some strong and unexpected relationships among subjects’ be-

liefs about relative opportunities (BROs), subjects’ political orientation, the race of the

discriminatee, and subjects’ fairness assessments. Together, these relationships were

starkly inconsistent with the belief-based utilitarian model of fairness. To probe the ro-

bustness of these results to the fact that Figure 2.8 combines moderates and liberals into

a single group, Figure B5.3 replicates Figure 2.8, showing separate results for moder-

ates versus liberals. Consistent with other results in the paper, these two groups exhibit

very similar response patterns, both of them differing substantially from conservatives’

patterns.

In Section 2.5 of the paper, we used race treatment order effects to estimate the rel-

ative weight a subset of our subjects assign to utilitarian and race-blind fairness criteria.

These order effects could, however, be caused by a particular form of experimenter de-

mand effects that seems quite plausible in our context. To see this, consider the following

possibility: If respondents encounter the Black treatment in Stage 1, they assume that

we (the experimenters) are either moderate or liberal. Then – to please us – the respon-

dents provide Stage 1 fairness assessments that are typical for moderates and liberals

(i.e. discrimination against Black applicants is unfair, and more unfair than discrimina-
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tion against White applicants). On the other hand, if respondents encounter the White

treatment in Stage 1, they assume the experimenters are conservative and provide Stage

1 answers that are typical for conservatives (i.e., discrimination against both Black and

White applicants is neutral or fair). Finally, respondents who encounter a change in the

race treatment between Stages 1 and 2 update their priors to become uncertain about the

experimenters’ politics and moderate their fairness assessments accordingly. Together,

these patterns could account for exactly the type of race treatment order effects we ob-

serve, where (for example) respondents’ Stage 2 opposition to anti-Black discrimination

is reduced if they encountered anti-White discrimination in Stage 1.

In Appendix B.7, we provide highly suggestive evidence against this possibility based

on the idea that subjects who want to please the experimenters should tailor not just

their fairness assessments but also their answers to other survey questions to achieve the

same end. Of particular interest in this regard are the subjects’ assessments of Black

peoples’ relative economic opportunities (BRO), and potentially even subjects’ reported

political orientations (all elicited in Stage 3 of the survey). For example, suppose a

subject encountered the White treatment in both Stage 1 and 2 of the survey. Under our

assumptions about experimenter demand effects, this should send a strong signal that

the experimenters are conservatives. To please us, we would then expect the subjects to

report that Black people have a higher level of relative economic opportunity, and perhaps

even to shade their own reported political leanings in a more conservative direction on

our seven-point scale.

In Appendix B.8, we examine whether subjects’ responses to these Stage 3 questions

depend on the race treatments they received in Stages 1 and 2, and find no such effects:

Specifically, subjects’ BRO assessments, stated political party preferences, and reported

left-right leaning are highly stable with respect to the race treatments they encountered

earlier in the experiment. We conclude that experimenter demand effects of this type
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are probably not responsible for the race treatment order effects we observe.45 While not

conclusive, the stability of subjects’ Stage 3 responses to previously-encountered race

treatments also suggests the experimenter demand effects are likely not responsible for

the strong and robust justifiability effects we estimate.

A broader concern that could affect the validity of all our results is the fact that our

sample of MTurk respondents was not representative of adult Americans on a number

of key dimensions, including age and education (see Appendix B.2 for details). While

our small sample size limits what we can do to address this issue, Appendices B.9 and

B.10 replicate all our main results (Figures 2.2-2.8) two different ways. First, Appendix

B.9 uses the 2019 American Community Survey to re-weight our MTurk responses by

the relative prevalence of our respondents in 24 cells, defined by gender, race, education,

and age. All the main patterns discussed in the paper are replicated, with one small

exception: the weak positive association between BRO and the fairness of anti-Black dis-

crimination among conservative respondents in Figure 2.8(a) becomes somewhat stronger

and statistically significant. Similar to Figure 2.8, however, the slope for conservatives

remains much lower than the slope for moderates/liberals. Second, Appendix B.10 repli-

cates Figures 2.2-2.8 using weights derived from the 2020 General Social Survey (GSS)

which are based only on a 7-point political leaning scale (i.e., extremely conservative,

conservative, slightly conservative, moderate, slightly liberal, liberal, and extremely lib-

eral) that is asked in a very similar way to our survey.46 Despite significant differences

45Additional evidence against this demand-effects hypothesis is the fact, documented in Appendix
B.8.2, that race treatment order effects are absent among conservatives. For experimenter demand
effects to explain our results in Section 2.5, these demand effects must only be present among moderates
and liberals. In other words, moderates and liberals should want to please an experimenter they perceive
as moderate or liberal, but conservatives must have no such desire to please a conservative experimenter.
In contrast, the fairness reporting model in Section 2.5 has a ‘built in’ explanation for conservatives’ lack
of order effects: Conservatives do not value utilitarian objectives, so they experience no conflict between
utilitarianism and the fairness criteria they care about.

46In our GSS re-weighting exercise we ignored the difference in the wording of the middle political
leaning category between the GSS and our survey. As noted, this might exaggerate the difference
between the two surveys, so it should give us an upper bound on the effects of re-weighting. Because of
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in the political mix of the two surveys, all the main results are replicated.47

As documented in Appendix P, one of the main differences between the results re-

ported in our paper and the methods proposed in our pre-analysis plan (PAP) involves

how our main outcome variable (fairness) is measured. While the PAP proposed a stan-

dardized measure of fairness, we realized that a standardized fairness measure centered at

the mean fairness level across all respondents and treatments would obscure meaningful

cardinal information, relative to the measure we decided to use. Our measure is centered

at a conceptually meaningful level –“neither fair nor unfair” – and our measure’s inte-

ger values correspond directly to the seven fairness categories respondents could choose

from. We made a similar choice with respect to our measure of Black people’s relative

opportunities (BRO), centering it at “roughly equal opportunities” rather than the sam-

ple mean. To see if these decisions had any effects on the main relationships established

in the paper, Appendix B.11 replicates Figures 2.2-2.8 using standardized fairness and

BRO measures. There is no meaningful difference.

A common critique of non-incentivized survey experiments like ours is that subjects

have little incentive to answer the questions thoughtfully, leading to results that are noisy,

or simply different from what the same person might offer if they took more time to think

about the question. We took a number of precautions to prevent this (see Section 2.2.3),

but it remains possible that many of our respondents gave careless answers that differ

from what a thoughtful person would choose. To assess this possibility, Appendix B.12

replicates all our main results (Figures 2.2-2.8) for ‘thoughtful’ respondents only, where

‘thoughtful’ is defined as taking more than the median amount of time to complete the

survey. No meaningful differences were evident.

the small size of the MTurk and GSS samples, we did not re-weight our MTurk sample to mimic GSS
demographic characteristics; attempts to do this yielded extreme and imprecise weights. The ACS does
not ask questions about political orientation or party preference.

47The one exception noted with the ACS weights in Appendix B.9 does not occur here.
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A final important concern – which affects virtually all tests of statistical hypotheses

– is the extent to which the hypotheses were selected after a preliminary analysis of the

data. To address this concern, we posted a registered pre-analysis plan (PAP) before

launching our survey. The relationships between the analyses proposed in the PAP and

the hypotheses tested in our survey are described in detail in Appendix P. Briefly, Appen-

dices P1-P3 together comprise a “populated PAP” which reports the results of the exact

tests specified in the PAP. Appendix P4 summarizes the relationship between the PAP

and the paper. In a little more detail, Appendix P4 shows that the following key analyses

in the paper were declared in advance: all the descriptive “facts” presented in Section

2.3; all four theoretical models of discrimination described in Sections 2.4.1-2.4.4 and the

main tests thereof (the models’ names have changed slightly); the possibility of question

order effects (especially for the race treatment); and the idea of using question order

effects to learn about respondents’ preferences for race-blindness (see Appendix P2.5).

Appendix P4 also describes the five most important ways in which our main analyses in

the paper differ from the PAP. These are all relatively minor, and the populated PAP

results in Appendices P1-P3 strongly suggest they do not matter. Finally, Appendix P4

notes that there are only two PAP hypothesis tests that we decided not to include in the

main paper and discusses our motivations for those decisions.

2.7 Discussion

Inspired by a rapidly growing literature on the perceived fairness of pay and income

inequality, and by a large literature on discrimination, we have used an MTurk survey

to elicit Americans’ assessments of the fairness of canonical examples of statistical and

tasted-based racial discrimination. We find, first of all, that conservative respondents are

more accepting of discriminatory actions than moderate and liberals. Second, while dis-
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tinguishing between statistical and taste-based discrimination has been of considerable

interest to economists, whether discrimination is motivated by (someone’s) tastes or by

statistical reasons is not a reliable predictor of assessed fairness. Third and in contrast,

respondents of all political leanings do care about other aspects of the motivation be-

hind a discriminatory act. Specifically, our respondents agree that acting on one’s own

tastes is less fair than accommodating others’ tastes, and that using imprecise or inaccu-

rate statistical information is less fair than precise information. Indeed, respondents of

all political leanings penalize these less-justifiable actions by the same amount, and do

so regardless of discriminatee race, suggesting a broad area of common ground in how

Americans react to different discriminatory actions. Fourth, another important partisan

difference is that only moderates and liberals consider the race of the discriminatee when

assessing the fairness of a discriminatory act.

Comparing the preceding findings with four pre-registered models of how respondents

might make fairness assessments, we find that two of those models – in-group bias models

and belief-based utilitarianism –conflict with several key patterns in our data. Using

open-text data to identify an unanticipated rationale underlying some subjects’ fairness

assessments, we propose an ex post interpretive framework with two equally-sized political

groups and three models of fairness – simple utilitarianism, race-blind rules (RBRs),

and employer decision rights – that can account for most of the fairness patterns we

observe. In this model, both political groups value using a set of race-blind rules to

compare the fairness of different types of discriminatory actions. One group, who we call

“Business Rights Advocates” and are mostly conservative, also value employer decision

rights. The other group, “Utilitarians” is a large subset of moderates and liberals. They

value utilitarian fairness criteria in addition to RBRs, but not employer decision rights.

When their utilitarian and RBR objectives conflict – as when they experience a change

in the experiment’s race treatment – we estimate that members of Group 2 place about
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equal weight on these two objectives.

While our main objective in this paper has been to understand when and why people

view discriminatory actions as fair or unfair, our findings may also have some implications

for both managerial and public policy. In a management or human resources context,

our findings suggest that workers’ perceptions of the fairness of policies or actions with

disparate impacts on racial groups are likely to depend on the precise motivations or

circumstances surrounding those policies or actions.48 Interestingly, since our data show

that ‘reasons matter’ to members of all political groups, our evidence suggests that em-

ployers may reap wide benefits from transparent, rules-based recruitment and pay policies

that provide clear justifications for any decisions that have disparate racial impacts.

In terms of public policy, our study suggests the potential for substantial political

headwinds for certain anti-discrimination policies. While acts of anti-Black discrimina-

tion are viewed as unfair by a majority (63.1%) of our sample, the rest of our respondents

view the discriminatory actions depicted in our scenarios as either neutral or fair, regard-

less of the race of the discriminatee. Our results suggest that this group of respondents

is likely to resist policies that interfere with employers’ decision rights, even when those

hiring decisions represent canonical examples of taste-based and statistical discrimination

on the basis of race. That said, our analysis also suggests two types of situations in which

conservative Americans might be more receptive to policies that equalize racial opportu-

nities. One such situation is where a clear rule has not been applied in a race-blind way; in

these cases, restoring race-blindness should have broad appeal given our results. Second,

we show that respondents of all political leanings react more negatively to race-based

actions that were taken for less-justifiable reasons, like personal animus and low-quality

evidence. Antidiscrimination policies that target these types of behaviors may thus be

48In this sense our findings complement existing evidence that the motivations behind underlying pay
differentials (Frank, 1984; Charness and Kuhn, 2007; Gartenberg and Wulf, 2017; Mas, 2017; Breza et
al. 2017) and layoffs (Charness and Levine, 2000) have a large effect on their acceptability to workers.
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better received than other policies.

Our results in this paper are subject to some important caveats and leave some

important questions unanswered. One important caveat is that all our results are limited

to the range of actions our scenarios depict. Thus, for example, it seems likely that more

consequential discriminatory actions (like being fired from a job or convicted of a crime),

and less justifiable actions (such as ones based on racial hatred) would probably elicit

stronger negative responses from respondents than we see. We might also see stronger,

negative reactions, for example, to hiring scenarios in which the discriminatee is more

qualified than his co-applicant. (We restrict attention to equally qualified applicants).

Another limitation is that our scenarios are confined to a particular type of firm: sole

proprietorships. We chose this context because it ensures that the recruiter has total

control of the hiring decision and experiences its full financial consequences.49 In larger

firms, recruiters might not bear the full costs of indulging their own tastes or using

lower-quality information. The strong and widespread support we see for employer rights

among our respondents might also be more muted when the recruiter is an employee of

a large firm.

While we have more than enough statistical power to test our pre-registered hypothe-

ses, we also acknowledge that we lack statistical power to answer two important questions.

First, does the discriminatee race effect really reverse sign (relative to the sample as a

whole) among White conservatives? If White conservatives truly object more strongly

to anti-White and anti-Black discrimination, this would complicate our description of

conservatives, in general, as valuing race-blindness. Second, given our small sample, our

data cannot shed much light on which factors explain non-White respondents’ fairness

49In this respect, we follow Becker’s (1971) classic exposition of employer taste-based discrimination:
Becker’s ‘employers’ make all of a firm’s decisions (including hiring) and receive all the profits generated
from the firm’s operations. Assigning fairness ratings to our scenarios would be both more complex
and more interesting if, for example, recruiters are balancing their personal assessments of what is best
against company policies.
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assessments. Finally, we remind readers that the fairness assessments we elicit are not

necessarily the same as the actions our respondents might take in real-world situations

similar to our scenarios. For example, a business owner might choose to accommodate

the discriminatory tastes of her customers while still experiencing that action as unfair.50

That said, given the extensive evidence that people value fairness (e.g. Card et al. 2012;

Cullen and Perez-Truglia 2018; Dube et al, 2019) our paper quantifies, for the first time,

the fairness costs our subjects associate with taking different types of discriminatory

actions.

Given all the above limitations, we view our results in this paper as a first step

in understanding when and why ordinary people view discriminatory actions as unfair.

One of many questions that could fruitfully be addressed in extensions of our work is

the effects of the discriminatee’s individual income (and opportunities) on respondents’

fairness assessments. (Respondents’ reactions to rich discriminatees from low-income

groups could shed further light on utilitarianism, for example.) Other applications in-

clude different contexts, such as housing markets, credit markets, and judicial decisions;

different discriminatee groups (such as gender, age, sexual orientation, political orien-

tation, age, criminal and credit history); different social and psychological contexts in

the scenario (for example, is the hypothetical action seen by hypothetical observers?; is

the act depicted as conscious versus unintended?); different decision environments for

the respondent (such as priming, cognitive depletion, audience effects, and personal ex-

posure to previous discriminatory actions); and discrimination that is embedded in laws

and institutions (as opposed to an individual’s actions).

50That said, we note that on average our respondents rated this scenario as slightly more fair than
unfair, suggesting that our respondents’ real-world actions might indeed coincide with their fairness
assessments in this case.
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2.8 Figures
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Figure 2.1: Mean Fairness of Discriminatory Actions by Respondent Characteristics

Notes: Fairness is measured on a scale from -3 (“very unfair”) to 3 (“very fair”), where 0 is “neither
fair nor unfair.” This figure is based on only Stage 1 observations. 95% confidence intervals are shown.
The p-values below are clustered by respondent.

a) Gender c) Respondent race: e) Politcal party preference
Males vs. Females = 0.037 White vs. Black = 0.204 Republican vs. Independent = 0.000

Black vs. Other = 0.058 Independent vs. Democrats = 0.961
White vs. Other = 0.197 Democrats vs. Republicans = 0.000

b) Age:
Ages 18-34 vs. 35-44 = 0.368 d) Education level: f) Political leaning
Ages 35-44 vs. 45-54 = 0.766 HS/2-year College vs. 4-year College = 0.000 Conservatives vs. Moderates = 0.000
Ages 45-54 vs. 55+ = 0.805 4-year College vs. Grad School = 0.246 Moderates vs. Liberals = 0.463
Ages 18-34 vs. 55+ = 0.560 Grad school vs. HS/2-year College = 0.000 Liberals vs. Conservatives = 0.000

77



When Is Discrimination Unfair? Chapter 2

Figure 2.2: Fairness Ratings by Type of Discrimination and Justifiability

Less vs More Justifable Treatment

Overall: p = .000

Within taste-based: p = .000

Within statistical: p = .000

Taste vs Statistical Discrimination

Overall: p = .971

Within Less-Justifiable: p = .779

Within More-Justifiable: p = .710

Notes: Figure is based on Stage 1 observations only. 95% confidence intervals are shown. p-values are
clustered by respondent.

Figure 2.3: Fairness by Justifiability and Discriminatee Race

Black vs White Treatment

Overall: p = .000

Within taste-based: p = .002

Within statistical: p = .000

Less vs More Justifiable Treatment

Overall: p = .000

Within Less-Justifiable: p = .000

Within More-Justifiable: p = .000

Notes: Figure is based on Stage 1 observations only. 95% confidence intervals are shown. p-values are
clustered by respondent.

Within Black Discriminatees, less-justifiable scenarios are 0.898 units less fair. Within White Discrim-
inatees, less-justifiable scenarios are 0.953 units less fair. A test for equality of the Less versus More
Justifiability Gap between the Black and White treatment yields p = .679.
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Figure 2.5: Fairness Ratings by Political Orientation and Discriminatee Race

Black vs White Treatment

Overall: p = .000

Within Conservatives: p = .365

Within Moderates: p = .000

Within Liberals: p = .000

Notes: Figure is based on Stage 1 observations only. 95% confidence intervals are shown. All p-values
are clustered by respondent. A test for equality of the discriminatee race effect (i.e., the Black treatment)
between moderate and liberal respondents yields p = .567. A test for equality between conservatives
and (moderates + liberals) yields p = .001.

Figure 2.6: Mean Fairness Evaluations of Less- versus More-Justifiable Discrimination
Scenarios, by Respondent’s Political Leaning

Black vs White Treatment

Overall: p = .000

Within Conservatives: p = .000

Within Moderates: p = .000

Within Liberals: p = .000

Notes: Figure is based on Stage 1 observations only. 95% confidence intervals are shown. All p-
values are clustered by respondent. A test for equality of the Less versus More Justifiability Gap across
Conservatives, Moderates, and Liberals yields p = .590.
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Figure 2.7: Respondents’ Perception of Black Peoples’ Relative Economic Opportunities
(BRO) by Political Leaning

Conservatives vs Moderates: p = .000

Moderates vs Liberals: p = .001

Liberals vs Conservatives: p = .000

Notes: BRO is the respondent’s assessment of Black peoples’ relative economic opportunity on a scale of
-3 (much less) to 3 (much more). Figure is based on Stage 1 observations only. 95% confidence intervals
are shown. All p-values are clustered by respondent. A test for equality of BRO across all three political
groups yields p = .577.
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Figure 2.8: Political Differences in Fairness Ratings, by Perceived Relative Opportunities
(BRO) and Discriminatee Race

Notes: Symbol size is proportional to the number of respondents. Sample is restricted to Stage 1
fairness assessments only. The p-values below are clustered by respondent.

• Panel (a), Discrimination against Black Applicants

– For Conservatives: slope = 0.109, p = .218

– For Moderates and Liberals, slope = 0.436, p = .000

• Panel (b), Discrimination against White Applicants

– For Conservatives: slope = 0.257, p = .094

– For Moderates and Liberals, slope = 0.265, p = .000

Political leaning subsamples for anti-Black discrimination:
Conservatives vs. Mods-Libs, BRO = -3 only (p = .000)
Conservatives vs. Mods-Libs, BRO = -2 only (p = .000)
Conservatives vs. Mods-Libs, BRO = -1 only (p = .658)
Conservatives vs. Mods-Libs, BRO = 0 to +3 combined, only (p = .000)
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Chapter 3

Do Perkins Loans Come With
Perks?

3.1 Introduction

The federal government has been playing a significant role in maximizing access to

higher education since it implemented the Higher Education Act of 1965 by allocating

funds towards need-based financial aid programs. A vast economic literature has assessed

the efficacy and consequences of these programs on the outcomes of student recipients.

For example, many studies have estimated the effects of various programs on college access

and attainment (Seftor & Turner, 2002; Dynarski, 2003; Bettinger, 2004; Turner & Marx,

2018). Other studies focus on the implications of these programs on the post-graduation

returns for students (Denning et. al, 2019; Gervais & Ziebarth, 2019). While many of

these studies have focused on prominent programs, such as Pell grants and Stafford loans,

little attention has been paid to the effects of Perkins loans, which includes a unique perk

that rewards recipients who enter certain career paths.

This study estimates the effects of the Perkins Loan Program on undergraduate stu-

dents’ non-academic work status and hours (i.e., labor supply) and choice of STEM

college major and post-graduation occupation. This program provided low-interest loans
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to students with relatively high levels of financial need. This program allowed the loans

to be forgiven if recipients opted to work in certain public service occupations (e.g., a

K-12 teacher). In other words, the loan was converted to a non-repayable grant, con-

ditional on the recipient’s occupation. Although the Perkins Loan are no longer issued

as of 2018, its analysis could highlight the costs and benefits of either revitalizing it or

introducing a similar program.1

This study contributes to an emerging body of literature that considers the effects

of financial aid on student labor supply and academic performance. This literature is

motivated by increasing trends in students delaying their completion of 4-year degrees and

taking up non-academic-related jobs amid rising college costs (Bound et al., 2010; Scott-

Clayton, 2012). The primary idea behind this area of study is that any form of financial

burden or debt is detrimental to enrolled college students by giving them the incentive

to spend more time working a non-academic job than studying. Consequently, higher

work hours may lead to lower academic performance (Stinebrickner and Stinebrickner,

2003; Kalenkoski and Pabilonia, 2010). Several studies focus on the effects of need-based

grant programs, such as Pell grants, and find some evidence that they reduce students’

work hours (Broton et al., 2016; Denning, 2019; Kofoed, 2022). Kofoed (2022) also finds

evidence that such forms of financial aid increase students’ grades by roughly a third of

a letter grade, on average.

Unlike grant programs, loans need to be repaid and tend to have relatively muted

effects on student outcomes (Heller, 2008). For example, Dynarski (2004) finds little

evidence that student loan expansions in the U.S. in the early 1990s led to an increase in

college attendance. Furthermore, Park and Scott-Clayton (2018) finds that much of the

reduction in student labor supply resulting from federal financial aid can be attributed

1Federal Perkins Loans Program was phased out in 2015 due to federal budgetary issues but prolifer-
ated until 2017. However, Congress failed to renew the program and rendered it expired on September
30, 2017. Final loan disbursements were allowed through June 30, 2018.
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to the effects of Pell Grants rather than loans. Since Perkins loans can be forgiven,

they may have similar effects on student outcomes as grant programs. Furthermore,

Perkins loans could encourage recipients to persist throughout their college education

and motivate them to choose a relevant career path dictated by the program’s guidelines

for loan forgiveness.

Hence, this study also contributes to the literature by investigating the impacts of

a financial aid program that grants students conditional loan forgiveness. It determines

whether the Perkins loans incentivizes students to choose a career path that could forgive

their loan amount and therefore offers similar perks as grant programs, such as reduced

work hours and improvement in academic performance. In doing so, this study illustrates

whether this program was effective at delivering its intended incentives to students re-

ceiving the loans.

This study uses a regression and matching approach to estimate the average treatment

effect on the treated (ATT) for the Perkins Loan program. It ultimately finds that the

program decreased the likelihood of students working a non-academic job and their work

hours. However, it also finds that the program led to a marginally small reduction

in students’ grades. This pattern could reflect Perkins loan recipients taking up more

rigorous coursework or reallocating their time toward leisure or career-academic-related

extracurricular activities. Finally, this study finds that the program had any effect on

students’ choice of pursuing a post-graduation occupation that could qualify them for

loan forgiveness.

This paper proceeds as follows. Section 2.3 provides some institutional background

and details behind the Perkins Loan Program. Section 3.3 describes the data sets used in

all analyses. Section 3.4 discusses the study’s empirical strategies. Section 3.5 discusses

the results. Finally, Section 3.6 concludes.

85



Do Perkins Loans Come With Perks? Chapter 3

3.2 Background of the Perkins Loan Program

The Federal Perkins Loan Program, named for the late Kentucky Representative

Carl D. Perkins, provided undergraduate and graduate students with a need-based loan.

These loans were dispersed by the U.S. Department of Education. They had a fixed 5%

interest rate on a 10-year repayment period, and they accrued nine months after the

borrower ceased to be a student. Undergraduate borrowers were limited to $5,500 per

year, with a cumulative limit of $27,500. Graduate students were limited to $8,000 per

year with a total limit of $60,000, including any undergraduate Perkins loan debt.

As discussed in Section 3.1, this aid program had a unique feature: recipients could

get their Perkins loan amount fully canceled if they opted to work in certain public ser-

vice occupations. These include being an elementary/secondary school teacher, nurse or

medical technician, speech pathologist, military service, public defender, faculty member

at a Tribal College or University, firefighter, child or family services provider, or law

enforcement officer.2 Loan cancellation, however, occurred in increments across a 5-year

span. Specifically, 15% of the original debt was forgiven for the first year of service, 15%

for the second year, 20% for the third year, 20% for the fourth year, and 30% for the

fifth year.

To be eligible to apply for a Perkins loan, a student must be enrolled at a Title IV

participating institution as an undergraduate, graduate, or professional student.3 Fur-

thermore, they must have submitted a free application for federal student aid (FAFSA).

2Recipients who chose to work as a librarian and speech pathologist must obtain a Master’s degree
in their respective field and serve in an eligible elementary or secondary school to qualify for loan
cancellation.

3A Title IV institution is a college or university that processes U.S. federal student aid. Therefore,
qualifying students at these colleges can receive grants or loans subsidized by the Department of Educa-
tion. These institutions include public, private non-profit, and proprietary schools. To qualify as a Title
IV institution, a school must abide by certain regulations, e.g., be accredited or pre-accredited by an
accrediting agency recognized by the Education Department to grant accreditation or pre-accreditation
status.
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And to do so, they must be either a U.S. citizen or qualifying non-citizen. The informa-

tion provided by a student’s FAFSA is sent to the institution they attend, whose financial

aid office uses it to determine the student’s cost of attendance (COA) and expected family

contribution (EFC). A student’s COA is the sum of tuition, fees, and additional educa-

tional expenses (e.g., books, room & board, etc.). Financial aid offices consider factors

when determining COA, such as the student’s attendance status, dependency, and type of

housing. The EFC is the student’s estimated ability to pay for their education expenses.

Once an institution’s financial aid office calculates a student’s EFC and COA, they use

these measures to determine the student’s eligibility for federal, state, and institutional

grants as well as the amount they receive from each program. Students will qualify for

some need-based grant program if their COA exceeds their EFC (i.e., COA−EFC > 0),

and the award amounts will often be determined by the gap size between these two

measures.4 However, if a student’s COA exceeds their EFC even after accounting for

grant amounts they received, then that student can qualify for federal loans to cover

their remaining educational expenses (Gervais & Ziebarth, 2019). Hence, a student’s

qualification for some loan program is determined by their excess financial need, or needi,

which is defined by the following equation

needi = COAi − EFCi −Gi (3.1)

where Gi is the sum of grant amounts received from government or institutional sources.

In other words, a student (i) qualifies for some federal loan amount if needi > 0.

Unlike some federal loan programs, such as Stafford Loans, the Perkins Loan Pro-

gram does enforce definitive rules for determining qualification and loan amounts to be

employed uniformly among all Title IV colleges and universities. Student qualification

4An example of such program is the Federal Pell Grant program. A detailed description of how award
amounts are determined for this program can be found in Kofoed (2022).
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for this program is left to the discretion of each institution’s financial aid office, although

the Department of Education instructs them to use needi in determining Perkins loan

amounts.5 Therefore, any “cutoffs” or “thresholds” in needi for qualifying for Perkins

loans (i.e., being assigned “treatment”) are unobservable and likely to be heterogeneous

across institutions. As discussed in Section 3.4, the lack of this information limits the

alternative strategies for analyzing this program and identifying its effects, especially

with regards to addressing endogeneity.

3.3 Data

This study uses data from theNational Postsecondary Aid Survey (NPSAS), a nationally-

representative cross-sectional survey that studies the characteristics of students at U.S.

colleges & universities and how they finance their education. Each wave of this survey is

administered every four years by the Institution of Education Sciences’s (IES) National

Center of Education Statistics (NCES), a branch of the U.S. Department of Education.

The NPSAS provides a rich set of individual-specific variables such as students’ finan-

cial aid amounts (e.g., grants and loans) from various sources, FAFSA information (e.g.,

EFC), enrollment status, GPA, and demographic characteristics. It also contains infor-

mation on each students’ institution of attendance, such as its sector (e.g., 4-year private

non-profit) and degree of admissions selectivity.

This study also utilizes data from Baccalaureate & Beyond (B & B), a survey that is

administered by the NCES. The B & B follows up on the activities (e.g., occupational

choice) on select respondents from every other NPSAS survey wave shortly after they

5The outline of the Department of Education’s guidelines for selecting students for the Perkins Loan
Program can be found in Title 34, §674.10 of the Code of Federal Regulations (CFR). It establishes that
this program should be prioritized to students with exceptional financial need. However, it specifically
states, “The institution shall define exceptional financial need for the purpose of the priority [awarding
Perkins loan amounts]...and shall develop procedures for implementing that priority.”
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graduate (i.e., at least 1 year after). Therefore, only a fraction of NPSAS respondents

is chosen to participate in this follow-up survey. However, B & B is also designed to be

nationally-representative. The availability of student identifiers within both the NPSAS

and B & B allows for data linkage between these two surveys. Linkage between these

two surveys enables the observation of Perkins loan recipients’ and non-recipients’ exact

career paths following graduation.6

The specific outcome variables utilized by this study include the weekly non-academic

work hours of students, grade point average (GPA), STEM major status, and an indicator

for pursuing an occupational that could grant a student loan forgiveness.7 GPA is stan-

dardized to improve the comparability of grades between institutions. This study also

utilizes control variables, including financial need, a set of indicators for the selectivity

of a student’s institution (e.g., moderately selective, minimally selective, etc.), and a set

of indicators for underrepresented minority background status, gender, full-time status,

seeking a Bachelor’s degree, residing in the same state as the institution (i.e., state resi-

dency), and attending a private institution.8 Financial need is constructed in accordance

to its definition described in the previous section, i.e., it is a student’s COA minus EFC

minus the sum of government and institutional grants they received. This measure is

adjusted for inflation to 2016 U.S. dollars (USD) and is expressed in thousands.

Specifically, this study pools together the 2003-2004, 2007-2008, 2011-2012, and 2015-

2016 waves of the NPSAS. The 2007-2008 and 2015-2016 waves include student respon-

6The B & B survey records respondents’ occupation with a six-digit SOC code based on the Bureau
of Labor Statistics’ definitions. The high level of detail of these codes enable the identification of the
very occupations that could qualify students for Perkins loan forgiveness.

7This study excludes work hours from Federal Work Study. This need-based program provides stu-
dents funds via a part-time job with participating employers (e.g., a non-profit organization, government
agency, etc.) to cover their college costs. The government dictates how much a student can work under
this program, so students would have less flexibility toward working a job off campus versus work study.

8Students are considered dependent if they are over the age of 24, has dependents, is married, or is a
military veteran. Otherwise, they are considered independent. Also, the choice of STEM major status
corresponds to the fact that most of the loan-forgiveness granting occupations are unrelated to STEM
fields, with the exception of medical technicians and nurses.

89



Do Perkins Loans Come With Perks? Chapter 3

dents who were chosen for the B & B follow-up surveys (i.e., the 2008-2009 and 2016-2017

B & B waves). The selection of these waves is based upon the availability of some key

variables, in particular, the work hours of enrolled students.9 This study includes un-

dergraduate students from 4-year public and private not-for-profit colleges & universities

since a significant fraction of Perkins loan recipients (i.e., about 78.7% of them) attended

these types of institutions. Also, this study includes students who applied for federal

financial aid (i.e., submitted a FAFSA form) and have financial need (i.e., needi > 0).

Finally, it omits students who attended multiple institutions in a single year and those

from institutions that did not disperse Perkins loans.

The restrictions described above results in a preliminary sample size of approximately

54,080.10 Of this sample, about 11,040 were selected to participate in the B & B follow-up

surveys. Perkins loan recipients comprise of approximately 14.2% and 13.6% from the

NPSAS and B & B, respectively. The summary statistics for all variables can be found in

the left panel of Table 1.1. It shows that the Perkins loan recipients and non-recipients are

unbalanced in almost all of these variables. However, some of these differences are small

in magnitude. Table C1.1 of Appendix C contains the summary statistics for students

included in the B & B, and similarly, the recipient and non-recipient groups are mostly

unbalanced.

Table 3.2 compare the shares of Perkins loan recipients and non-recipients across

12 categories of college majors. The former indicates that a relatively greater share of

Perkins loan recipients enters some STEM-related majors (e.g., life and physical sciences)

relative to non-recipients, except for computer/information science.11 A relatively higher

9Earlier NPSAS survey waves do not record students’ work hours.
10In accordance to the IES’s data security requests, all (unweighted) sample sizes reported throughout

this paper are rounded to the nearest tens. This measure helps ensure the disclosure protection (i.e.,
privacy) of respondents surveyed for the NPSAS and B & B.

11The difference in shares between recipients and non-recipients for math is insignificant (i.e., p =
.0.175).
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fraction of non-recipients tend to be either undeclared or not enrolled in a degree program.

Finally, a relatively greater fraction of non-recipients enter business/management, other

technical/professional fields, education, and health-related fields.

Table 3.3 shows the shares of Perkins recipients versus non-recipients among various

loan-forgiveness-granting occupations. It indicates that the overwhelming majority of re-

cipients chose not to enter a profession that qualifies for loan forgiveness. Of the recipients

choosing a loan-forgiveness-granting career path, the majority opted for a primary/sec-

ondary teaching route.12 Finally, these tables show that the shares for non-recipients

across majors and occupations are similar to those of recipients. And the differences in

shares between these two groups of students are insignificant.

3.4 Empirical Strategies

Specifically, this study estimates the average treatment effect on the treated (ATT) for

the Perkins Loan program on all outcomes of interest. The estimation of this treatment

effect falls within the potential outcome framework where some outcome for student i is

defined as:

Yi =


Yi(1) , if Pi = 1

Yi(0) , if Pi = 0

. (3.2)

Above, Pi is an indicator for being a Perkins loan recipient (i.e., receiving treatment)

and Yi(1) and Yi(0) are the potential outcomes for being a recipient and non-recipient,

12None of the Perkins loan recipients from the B & B sample appears to have entered a career in
firefighting or related occupations. Furthermore, none seem to have enrolled in a graduate program that
would enable them to pursue a career in the library sciences or speech pathology.
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respectively. Under this framework, the estimand of interest is defined by the following:

τatt = E(Yi(1)− Yi(0)|Pi = 1). (3.3)

The above equation is often referred to as the population ATT.

An advantage of estimating ATT over another parameter of interest, the average

treatment effect (ATE), is that the identification assumptions for the former are rela-

tively less stringent than those required to estimate the latter, which are less likely to

be plausible in practice.13 Specifically, the identification of the ATT hinges upon the

following assumptions: (i) unconfoundedness for the untreated and (ii) partial overlap

(Heckman, Ichimura, and Todd, 1998; Imbens, 2004).14 The first assumption posits that

treatment status is as good as random among the potential outcomes for non-recipients,

conditional on observable factors. The second posits that no student can receive Perkins

loans with certainty, regardless of their observables.

This study explores two possible strategies for estimating the ATT, which are de-

scribed in the following sub-sections: ordinary least squares and (nearest-neighbor)

matching.

3.4.1 OLS

A simple, preliminary approach to estimating the ATT for the Perkins loan program

on all outcomes of interest is ordinary least squares (OLS). Essentially, this strategy

13The identification of the ATE relies on (i) (strong) unconfoundedness and (ii) overlap. The former
posits that Yi(1), Yi(0) ⊥ Pi|Xi for all i, where Xi is a vector of covariates. The latter requires
0 < P[Pi = 1|Xi] < 1 for any Xi ∈ X .

14Formally, unconfoundedness for the untreated says for each student i, Yi(0) ⊥ Pi|Xi where X is a
vector of (observable) covariates. And partial overlap states P[P = 1|X] < 1 for any X ∈ X where X is
the support of X.
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entails estimating the following regression specification:

Yi = αs + τ olsPi +X ′
iθ + ϵis (3.4)

Similar to the notation displayed earlier, Yi is the outcome variable, Pi is an indicator

for receiving the Perkins loan (i.e., treatment), and X i is a vector of covariates. Specifi-

cally, Xi includes financial need and sets of indicator variables for coming from a URM

background, gender, full-time status, dependency, seeking a BA, being a resident within

the same state as the college/university of attendance, attending a private institution,

and the selectivity of the students’ institution. Finally, αs denotes the survey wave fixed

effects.

A significant challenge of employing OLS to study Perkins loans is choosing an ade-

quate non-recipient comparison group for recipients from the sample. One way to address

control group selection is to restrict the sample across different thresholds for financial

need (e.g., all students with needi > $5, 000) when estimating equation (3.2) since that

measure plays a significant role in selecting participants for the program. Nevertheless,

OLS estimates for the ATT within these analyses may be subject to selection bias since

Perkins loan take-up is endogenous, i.e., students may choose to turn down an offer for

these loans. This endogeneity issue is motivated in Tables C2.1 and C2.2 of Appendix

B, which show that take-up depends on various characteristics of students, such as their

financial need, selectivity of their institution, and survey wave year. Furthermore, these

patterns are also evident across varying thresholds of students’ financial need.
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3.4.2 Matching

Simple Matching

The options for potential empirical strategies that could mitigate the issues described

above are limited since the NPSAS and B & B data sets do not indicate whether a

student was offered Perkins loans. Furthermore, as discussed in Section 3.2, thresholds

for needi to qualify for the program are unobservable and likely heterogeneous across

colleges and universities.15 Therefore, this study applies a nearest-neighbor matching

(NNM) approach to exploit needi as the primary determinant for receiving a Perkins

loan – i.e., pair recipients with counterfactual non-recipients with close-proximity levels

of financial need. And in particular, NNM provides the benefit of generating a balanced

sample when estimating the ATT for the Perkins Loan program.

The ATT is estimated as follows. First, every loan recipient i with some level of

financial need (needi) and a set of discrete characteristics (X̃ i) is matched with a non-

recipient, j(i), with the same X̃ i (e.g., both attend a private institution and are full-time

students) and level of financial need in “close proximity” to i’s level. Formally, the

matching non-recipient j(i) must satisfies the following criteria:

∥needj(i) − needi∥ = min
l:Pl=0

∥needl − needi∥ (3.5)

X̃ i = X̃j(i) (3.6)

where ∥·∥ denotes the Euclidean metric.16 Recipient i may be matched with more than

one non-recipients when they are “tied” in observables. I.e., there may be M ≥ 1 number

15Some studies, such as Turner and Marx (2018), are able to exploit cutoffs in financial need to identify
the local average effects of certain federal programs via fuzzy regression kink designs.

16NNM often employs the Mahalanobis metric, which essentially normalizes the Euclidean norm by the
sample variance-covariance matrix. This metric is best utilized when units are matched by two or more
continuous covariates to ensure each are scaled comparably when measuring distance. However, with one
continuous covariate, needi, the choice of the Euclidean versus Mahalanobis metric is inconsequential.
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of non-recipients that satisfy (3.4) and (3.5). Furthermore, matching is conducted with

replacement. Therefore, non-recipient j(i) may serve as a match for more than one

recipients.

Second, the outcome for non-recipient j(i), Yj, is imputed as a proxy for the counter-

factual outcome for recipient i (i.e., their outcome had they not received a Perkins loan).

This counterfactual is defined as:

Ŷi(0) =
1

M

∑
j∈JM (i)

Yj (3.7)

where JM(i) = {j1(i), j2(i), ..., jM(i)} is the set of indices of the first M matches for

student i. As discussed, multiple matches (i.e., M > 1) results from ties in observables

among non-recipients in JM(i). In these cases, as shown by equation (3.7), the outcomes

across these matches (i.e., the Yj’s) are averaged across M . Finally, the ATT is estimated

using the following estimator:

τ̂match =
1

n1

n∑
i=1

Pi

(
Yi − Ŷi(0)

)
(3.8)

where n1 is the number of recipients in the sample. Inference for the point estimates

resulting from this estimator is based on robust standard errors derived by Abadie and

Imbens (2006).

The setup of the NNM algorithm and the composition of treated students in the

sample sheds light on another critical advantage of estimating the ATT over the ATE.

In particular, the relatively large size of the non-recipient group helps ensure the avail-

ability of close matches for recipients. And as shown in Table 1.1, a significant share of

students in the sample are non-recipients. On the other hand, ATE estimation relies on

a symmetric matching algorithm that pairs non-recipients with counterfactual recipients
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satisfying (3.5) and (3.6). Given that the share of recipients within the sample is small

(i.e., less than 20%), matching discrepancies are likely to arise from this algorithm which

could ultimately hinder the balance in financial need within the matched sample and

introduce bias.

Bias-Corrected Matching

A caveat of the matching estimator from equation (3.8) is that it may be biased

due to matching discrepancies (Abadie and Imbens, 2006). This issue often arises when

matching is conducted on two or more continuous variables. The bias takes the following

form:

Bi = µ0(X i)− µ0(Xj(i)). (3.9)

where X i is a vector of covariates, µ0(X i) = E(Yi|X i = xi) and µ0(X i) = E(Yi|Xj(i) =

xj(i)). Within the context of this study, X i solely contains needi. The bias may persist

within a large sample, i.e., matching estimators may not be
√
n-consistent and its order is

independent of the number of discrete covariates including within the matching procedure

(Imbens and Wooldridge, 2009).

To address this issue, Abadie and Imbens (2011) proposes a bias-corrected estimator

that subtracts an estimate of Bi from equation (3.7). This estimator takes the form of

τ̂match′
=

1

n1

n∑
i=1

Pi

[
(Yi − Ŷi(0))− (µ̂0(X i)− µ̂0(Xj(i)))

]
. (3.10)

The µ̂0’s correspond to the predicted/fitted values obtained from regressing Yi on Xi

(or, needi).
17 Therefore, µ̂(X i) corresponds to the predicted value for recipient i while

17For example, if one estimates the following regression, Yi = γ0 + γ1Xi + ηi, then the fitted values
serve as the estimates of µ0. I.e., µ̂0(Xi) = γ̂0 + γ̂1Xi.

96



Do Perkins Loans Come With Perks? Chapter 3

µ̂(Xj(i)) is that of matching non-recipient j(i).

3.5 Results

3.5.1 Results for OLS

The results of estimating equation (3.2) are provided in Columns 1-4 of Table 3.4.

Each column corresponds to sample restrictions imposed on students’ financial need

amounts (e.g., needi > $5, 000). These estimates are primarily consistent across these

various restrictions on financial need. They suggest that the program led to a decrease

in the likelihood of working, work hours, and GPA. However, they also indicate that the

program has little effect on students’ chances of taking up a STEM major in college and

pursuing a career path that would qualify them for loan forgiveness. The point estimates

for the latter outcome, however, are relatively noisy. As discussed in Section 3.1, these

results may be subject to endogeneity, so the following sections re-estimate the effects of

Perkins loans via matching.

3.5.2 Results for Matching

The matching algorithm imposes no sample restrictions on students’ financial need

(i.e., it includes anyone with needi > 0) and matches each of them with at least 1 student,

with the maximum number of matches per recipient being 10 due to ties in distances.18

And the B & B sub-sample has between 1 and 3 matches per recipient. However, this

algorithm led to about 12.9% of observations needing to be discarded due to unmatched

18One advantage of having multiple matches per student recipient is that this reduces the sampling
variance of the matching estimator. But multiple matches come with a trade-off: this introduces bias
by increasing the average covariate discrepancy within pairs (Imbens and Rubin; 2016). However, the
overwhelming majority of Perkins loan recipients (i.e., about 7,080 out of 7,260) received at most one
match. And less than 20 recipients received over three matches.
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students. The sizable number of non-matches comes from the fact that these students are

exactly matched on many discrete covariates, such as gender and survey wave. Many of

these discarded observations are loan non-recipients. The right panel of Table 3.1 contains

the summary statistics for this trimmed, raw sample used for matching. Although the

share of Perkins loan recipients is slightly higher within this sample (i.e., 15.4%), much of

these summary statistics are similar to those of the “full” sample of the left-hand panel.

The relative stability of these summary statistics could be owed to the already large size

and representativeness of the NPSAS data set.

Similarly, 17.8% units from the B & B sub-sample are also discarded due to non-

matches. The summary statistics of the trimmed, raw B & B sub-sample can be found

in the right panel of Table C1.1, and these are mostly comparable to those of the full B

& B sub-sample. However, this trimmed sub-sample contains noticeably fewer shares of

URM students in both the Perkins loan recipient and non-recipient groups.

The NNM algorithm generates a matched sample containing about 14,520 observa-

tions – i.e., each of the 7,260 recipients receives a matching non-recipient for estimating

the ATT. Table 3.5, which displays the summary statistics for the resulting matched

sample among all covariates between recipients and non-recipients, indicates that NNM

improves covariate balance. As expected, the discrete covariates (e.g., URM status) are

perfectly balanced. The difference in financial need between non-recipients is smaller

than that of the right panel of Table 3.1 and insignificant (p = .520). And, as shown in

Figure 3.1, the distributions for financial need for recipients and non-recipients are very

similar and are indistinguishable (p = .975). As shown in Appendix C.1, the matching

procedure is conducted separately for the B & B sub-sample and indicates that NNM

improves balance within that sub-sample. Finally, the distance between matched pairs

of students is relatively small at 0.0112 (i.e., about $11.2).

The point estimates from equation (3.8) for each outcome can be found in Column 5
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of Table 3.4. Most of the point estimates are comparable to the OLS ones. In particular,

it indicates that Perkins loan recipients tend to work less for a non-academic job, i.e.,

on average, they are 0.0569 points less likely to work while enrolled and spend about

1.563 fewer hours toward working. Furthermore, on average, loan recipients’ GPAs are

0.116 standard deviations lower than non-recipients. Moreover, Table 5 shows that the

program increases the likelihood of majoring in a STEM field by a small amount, i.e.,

0.00378 points. Finally, the program has little effect on the possibility of pursuing a

career path that could grant loan forgiveness, although this point estimate has a wide

confidence interval.19

Column 6 of Table 3.4 replicates the analyses from Column 5 using the bias-corrected

estimator from equation (3.9). All of these estimates are similar to those of the latter

column. The minimal bias resulting from any matching discrepancies could be attributed

to students being matched on only one continuous variable, financial need.

3.6 Discussion

This study estimates the effects of the Perkins Loan Program on the work status and

hours of enrolled college students, as well as their choice of STEM major and occupation.

It finds that the program may not have all the perks offered by other financial aid forms.

While it reduced students’ work hours, it also hurt their grades. Furthermore, it finds

limited evidence that Perkins loans increased students’ likelihood of majoring in a STEM

field. But there is no evidence that recipients are likely to enter an occupation that could

qualify them for loan forgiveness.

The program’s negative impact on academic performance could be attributed to loan

19The results described in this paragraph are robust to a caliper of 0.1. Here, matches must be within
$100 of each other in financial need, and this mitigates outliers in wide matched distances. Furthermore,
these results are robust to a sample with financial need greater than $10,000.
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recipients being more likely to take a STEM major or complete related courses. Indeed,

Arcidiacono et al. (2012) notes that science, engineering, and economics courses tend to

give out lower grades than humanities and social science courses. However, the matching

point estimate for the choice of STEM major is small and noisy. Also, the effect size for

academic performance is relatively small, i.e., a 0.0116 decrease in standard deviations

translates to a decline in a hundredth of a grade point, assuming a 4.0 scale. Alternatively,

recipients may have shifted their time from work toward leisure or academic-related

extracurricular activities. However, the NPSAS does not provide information on the

amount of time students spend on such activities.

The lack of evidence that students choose occupations granting loan forgiveness could

be attributed to these alternatives yielding relatively lower returns. And as discussed in

Section 3, the overwhelming majority of Perkins loan recipients do not take up these

occupations. However, the Bureau of Labor Statistics (BLS) data suggests the average

annual earnings of these options (i.e., roughly $58,500) is not much higher than the overall

mean earnings of $58,260 among all occupations.20 Alternatively, recipients may have

lacked knowledge of this program’s forgiveness perk. Indeed, federal law does not require

colleges and universities to provide clear, standardized information on all their financial

aid offers (U.S. Government Accountability Office, 2023). Thus, they may not follow the

best practices in providing transparent information regarding these offers and, therefore,

facilitate information barriers that hinder recipients from understanding the full benefits

they could receive from Perkins loans.

This study has a few caveats. First, a matching approach does not entirely resolve

the endogeneity of Perkins loan take-up.21 However, this empirical strategy is an optimal

20The BLS keeps track of estimated earnings across various occupations. These observations are based
on observations from 2021.

21As discussed by Heckman, Ichimura, and Todd (1997), the framework behind matching does not
incorporate separability between observables and unobservables.
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alternative given the scope of the NPSAS and B & B data sets. Second, there are

increasingly complex interactions between different forms of financial aid (e.g., Pell grants

and institutional grants), which makes it inevitably difficult to fully isolate the effects

of one program (Turner, 2014). Thus, the estimates displayed in Table 3.4 are likely

to illustrate descriptive, rather than causal, relationships. Finally, while the B & B re-

visits respondents across a few waves beyond graduation, later follow-up survey data

was unavailable. This issue hinders this study from observing the long-run occupational

choices of students (i.e., up to 10 years after graduation).

In short, the Perkins Loan Program may not have delivered the intended career incen-

tives to its recipients. However, future studies could incorporate later B & B follow-up

waves to estimate the effects of Perkins loans on occupational choices in the long run.

Also, future studies could further investigate the impact of financial aid programs that

offer conditional loan forgiveness. For example, other forms of financial aid, such as

Texas’s B-On-Time loan, forgives recipients’ loan amounts upon successful degree com-

pletion from their college/university of attendance. Such considerations for conditional

loan-forgiving aid could help determine whether they deliver the right incentives that

affect key student outcomes, including academic performance and timely graduation.
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3.7 Figures

Figure 3.1: Distribution for Financial Need

Notes: The left panel of this figure compares the distribution for financial need between Perkins loan
recipients and non-recipients for the raw, unmatched sample. The right panel displays that of the
matched sample. This figure serves as a check for how well matching improves the balance of covariates,
in particular, financial need. Here, the distributions between recipients and non-recipients in the matched
sample are statistically indistinguishable per a Kolmogorov-Smirnov test (p = .975).
SOURCE: 2003-2004, 2007-2008, 2011-2012, and 2015-2016 NPSAS.
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3.8 Tables
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Table 3.1: Summary Statistics – Unmatched Sample

Full Sample Sample for Matching
Non- diff. Non- diff.

Recipients recipients p-val. Recipients recipients p-val.
(1) (2) (3) (4) (5) (6)

Worked at all 0.52 0.62 0.00 0.52 0.61 0.00
(0.50) (0.49) (0.50) (0.49)

Hours worked while enrolled 10.68 14.38 0.00 10.49 13.78 0.00
(13.38) (15.06) (13.32) (14.62)

Standardized GPA -0.11 0.00 0.00 -0.10 0.02 0.00
(1.00) (0.99) (1.00) (0.98)

STEM Major 0.38 0.36 0.01 0.39 0.38 0.24
(0.49) (0.48) (0.49) (0.48)

Loan-forgiveness Occupation 0.15 0.16 0.29 0.15 0.17 0.41
(0.36) (0.37) (0.36) (0.37)

Financial need 19.37 14.43 0.00 19.34 14.43 0.00
(10.48) (10.13) (10.49) (10.08)

Underrepresented Minority 0.25 0.24 0.03 0.24 0.21 0.00
(0.44) (0.43) (0.44) (0.43)

Female 0.57 0.56 0.54 0.57 0.57 0.92
(0.50) (0.50) (0.49) (0.49)

Full-time status 0.80 0.71 0.00 0.82 0.75 0.00
(0.40) (0.46) (0.38) (0.43)

Dependent 0.80 0.70 0.00 0.82 0.74 0.00
(0.40) (0.46) (0.38) (0.43)

Seeking a Bachelor’s degree 0.99 0.96 0.00 1.00 1.00 0.21
(0.12) (0.19) (0.06) (0.04)

State Resident 0.74 0.84 0.00 0.76 0.86 0.00
(0.44) (0.36) (0.43) (0.35)

Attends a private institution 0.54 0.35 0.00 0.55 0.34 0.00
(0.50) (0.48) (0.50) (0.47)

Very selective institution 0.34 0.25 0.00 0.35 0.34 0.00
(0.47) (0.43) (0.50) (0.47)

Moderately selective institution 0.53 0.58 0.00 0.55 0.62 0.00
(0.50) (0.49) (0.50) (0.49)

Minimally selective institution 0.09 0.10 0.28 0.08 0.08 0.86
(0.29) (0.30) (0.27) (0.27)

Open admissions institution 0.04 0.03 0.00 0.02 0.04 0.00
(0.18) (0.25) (0.15) (0.19)

Observations 7,680 46,390 – 7,260 40,620 –

Notes: This table displays summary statistics. The left panel includes those of the “full” sample.
Column 1 and 2 contains the means with standard deviations in parentheses for loan recipients and
non-recipients, respectively. Column 3 contains the p-values for the difference in means. The right panel
is arranged similarly and reflects the sample used for matching. Financial need is expressed in thousands
and 2016 USD. Sample sizes are rounded to the nearest tens per the IES’s data security requests.
SOURCE: 2003-2004, 2007-2008, 2011-2012, & 2015-2016 NPSAS, and 2008-2009 & 2016-2017 B & B.
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Table 3.2: Majors Among Perkins Loan Recipients

Major Recipients Non-recipients p-value
for diff.

Undeclared of not in a degree program 0.068 0.039 0.000
Humanities 0.126 0.121 0.147

Social/behavioral sciences 0.121 0.116 0.099
Life sciences 0.138 0.129 0.035

Physical sciences 0.026 0.024 0.024
Math 0.017 0.015 0.175

Computer/information science 0.026 0.036 0.000
Engineering 0.082 0.074 0.014
Education 0.081 0.089 0.027

Business/management 0.120 0.138 0.000
Health 0.082 0.096 0.000

Vocation/technical 0.010 0.010 0.166
Other technical/professional 0.103 0.113 0.007

Total Count 7,680 46,390 –

Notes: This table displays the shares of Perkins loan recipients and non-recipients across different
college majors in 12 categories. The total counts in the bottom row are rounded to the nearest tens per
the IES’s data security requests. All shares are based on these rounded values.
SOURCE: 2008-2009 and 2016-2017 B & B.
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Table 3.3: Choice of Occupation Among Perkins Loan Recipients

Occupation Recipients Non-Recipients p-value
for diff.

Primary or Secondary School Teacher 0.080 0.090 0.175
Military Service 0.030 0.040 0.928

Nursing 0.033 0.041 0.120
Medical Technician 0.027 0.020 0.163

Law Enforcement or Correctional Officer 0.003 0.004 0.825
Child or family services 0.007 0.004 0.528

Other – does not qualify for loan forgiveness 0.857 0.838 0.253

Total Count 1,500 9,440 –

Notes: This table displays the shares of Perkins loan recipients and non-recipients across different
occupational categories that could qualify the former group of students for loan forgiveness. The total
counts in the bottom row are rounded to the nearest tens per the IES’s data security requests. All shares
are based on these rounded values.
SOURCE: 2008-2009 and 2016-2017 B & B.
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Table 3.5: Summary Statistics for Covariates in the Matched Sample

Non- diff.
Recipients recipients p-val.

(1) (2) (3)

Financial need 19.34 19.23 0.52
(10.49) (10.27)

Underrepresented Minority 0.24 0.24 1.00
(0.44) (0.44)

Female 0.57 0.57 1.00
(0.49) (0.49)

Full-time status 0.82 0.82 1.00
(0.38) (0.38)

Dependent 0.82 0.82 1.00
(0.38) (0.38)

Seeking a Bachelor’s degree 1.00 1.00 1.00
(0.06) (0.06)

State Resident 0.76 0.76 1.00
(0.43) (0.43)

Attends a private institution 0.55 0.55 1.00
(0.47) (0.47)

Very selective institution 0.35 0.35 1.00
(0.50) (0.50)

Moderately selective institution 0.55 0.55 1.00
(0.50) (0.50)

Minimally selective institution 0.08 0.08 1.00
(0.27) (0.27)

Open admissions institution 0.02 0.02 1.00
(0.15) (0.15)

Observations 7,260 7,260 –

Notes: This table displays summary statistics for all covariates in the matched sample. Column 1
contains the means with standard deviations in parenthesis for Perkins loan recipients. Columns 2
contains those of non-recipients. Column 3 contains the p-values for the difference in means between
these two groups. Financial need is expressed in thousands and 2016 USD. Sample sizes are rounded to
the nearest tens per the IES’s data security requests.
SOURCE: 2003-2004, 2007-2008, 2011-2012, and 2015-2016 NPSAS, and 2008-2009 and 2016-2017 B
& B.
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A.1 Sample Details

Table A1.1: List of Test-Optional Liberal Arts Colleges

Year School State Year School State

2002 Mount Holyoke College MA 2014 Trinity College CT
2004 Pitzer College CA 2014 Beloit College WI
2005 St. Lawrence University WI 2014 Wesleyan University CT
2005 Knox College IL 2015 University of Puget Sound WA
2005 Juniata College PA 2015 The College of Idaho ID
2005 Lawrence University NY 2015 Kalamazoo College OH
2005 College of the Holy Cross MA 2015 Emanuel College MA
2006 Susquehanna University PA 2015 Transylvania University PA
2006 Franklin & Marshall College PA 2015 Allegheny College PA
2006 Drew College NJ 2016 Whittier College CA
2006 Bennington College VT 2016 Skidmore College NY
2006 Gustavus Adolphus College MN 2016 Warren Wilson College NC
2007 Lake Forest College IL 2016 Whitman College WA
2007 Gettysburg College PA 2016 Willamette University OR
2007 Wittenberg University OH 2016 Houghton University NY
2007 Hobart William Smith College NY 2016 Cornell College IA
2007 Denison University OH 2016 Presbyterian College SC
2008 Stonehill College MA 2017 Hanover College IN
2008 Guilford College NC 2017 Linfield University OR
2008 Goucher College MD 2017 Wells College NY
2008 Augustana College IL 2017 Ripon College WI
2009 Albright College PA 2017 Bloomfield College NJ
2009 Agnes Scott College GA 2017 Wofford College SC
2009 Smith College MA 2018 Doane University NE
2009 Ursinus College PA 2018 Birmingham-Southern College AL
2010 The University of the South TN 2018 Austin College TX
2010 Washington & Jefferson College PA 2019 Spring Hill College AL
2010 Lycoming College PA 2019 Bucknell University PA
2010 Saint Michael’s College VT 2019 Southwestern University TX
2011 Saint Anselm College NH 2019 Randolph College VA
2012 Earlham College IN 2019 Hendrix College AK
2013 Ohio Wesleyan University OH 2019 Monmouth College NJ
2013 Washington College MD 2019 DePauw University IN
2014 Bryn Mawr College PA

Notes: This table provides a list of included in the sample. The “Year” column correspond to each
institution’s year of adopting their test-optional policy. For example, Pitzer College’s policy was effective
in the Fall 2004 round of admissions.

110



Additional Material for Chapter 1 Chapter A

Table A1.2: Summary Statistics (selective colleges)

Test- Test- p-value
optional requiring of diff.

(1) (2) (3)

First-time URM students 26.54 20.20 0.27
(20.10) (21.81)

Fraction of first-time students that are URM 0.08 0.06 0.26
(0.06) (0.05)

4-year URM grad rate 0.45 0.34 0.04
(0.17) (0.21)

6-year URM grad rate 0.57 0.42 0.01
(0.18) (0.21)

Tuition & Fees 26,617 22,681 0.00
(4,492) (5,300)

Full-time enrollment 1,267 1,088 0.18
(469) (494)

Institutional grants per FTE 10.16 19.47 0.16
(5.29) (35.11)

E & R expenditures per FTE 29.25 49.47 0.16
(22.80) (73.85)

College prep courses not considered 0.04 0.00 0.32
(0.20) (0.00)

College prep courses recommended 0.29 0.63 0.01
(0.46) (0.49)

College prep courses required 0.67 0.37 0.03
(0.48) (0.49)

Observations 24 30 –

Notes: This table is equivalent to Table 1.1, except it solely reflects colleges within the sample that are
considered to be “selective” in admissions. The sample size varies slightly across each variable due to
non-reporting.
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Table A1.3: Summary Statistics (highly selective colleges)

Test- Test- p-value
optional requiring of diff.

(1) (2) (3)

First-time URM students 33.49 35.44 0.69
(20.36) (26.61)

Fraction of first-time students that are URM 0.08 0.09 0.58
(0.05) (0.05)

4-year URM grad rate 0.57 0.62 0.24
(0.19) (0.19)

6-year URM grad rate 0.66 0.71 0.14
(0.14) (0.17)

Tuition & Fees 32,340 31,000 0.29
(5,028) (7,287)

Full-time enrollment 1,613 1,536 0.60
(631) (773)

Institutional grants per FTE 9.45 20.31 0.10
(4.43) (47.32)

E & R expenditures per FTE 27.95 81.72 0.06
(14.95) (201.43)

College prep courses not considered 0.02 0.04 0.67
(0.15) (0.19)

College prep courses recommended 0.40 0.62 0.03
(0.49) (0.49)

College prep courses required 0.56 0.33 0.02
(0.50) (0.47)

Observations 43 52 –

Notes: This table is equivalent to Table 1.1, except it solely reflects colleges within the sample that are
considered to be “highly selective” in admissions. The sample size varies slightly across each variable
due to non-reporting.
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A.2 Results without Control Variables

This section reproduces the estimates for Tables 1.3-1.5, but it excludes the use of

control variables while retaining the institution and academic year fixed effects. The

results for these exercises are provided in Tables A2.1-A2.3. In short, the point estimates

are similar to the ones in Tables 1.3-1.5. Thus, the results are not sensitive to the

exclusion of control variables (i.e., these variables merely improve the precision of the

TWFE estimates).
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Table A2.1: Primary Results – without control variables

Logged Number Fraction of
of first-time first-time students 4-year URM 4-year URM

URM students that are URM grad rate grad rate
(1) (2) (3) (4)

Test-optional 0.123** 0.0191** -0.00272 0.00580
(0.0406) (0.00644) (0.0125) (0.0119)

Observations 2,827 2,831 2,790 2,819

Notes: This table displays the results from estimating equation (1.1) on all outcome variables, but with
a specification excluding control variables. The row labeled with “Test-optional” contains the point
estimate of TWFE coefficient. Each column corresponds to an outcome variable. Columns (3) and (4)
correspond to graduation outcomes, so the regressions for those use a lagged treatment indicator (i.e.,
Pi,t−6). One star indicates a 5% significance level and two stars indicate a 1% level. Standard errors
are in parenthesis and clustered by institution. Sample sizes across each regression slightly vary due to
non-reporting for some left-handed variables.
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Table A2.3: Effects of the Policy by Adoption Timing – without control variables

Logged Number Fraction of
of first-time first-time students

URM students that are URM
(1) (2)

Early adopter 0.121* 0.0215*
(0.0586) (0.0106)

Late adopter 0.127* 0.0179*
(0.0510) (0.00791)

p-value .939 .799

Observations 2,827 2,831

Notes: This table displays the point estimate from equation (1.3), but with a specification that excludes
control variables. The row labeled “Early adopter” corresponds to the estimated effect of the policy
on institutions that dropped the test requirement early. Similarly, the row labeled “Later adopter”
corresponds to the effect on institutions adopting the policy later. Each column corresponds to a first-
time URM outcome variable. The p-values on the bottom row reflect the test of β1 = β2. One star
indicates a 5% level and two stars indicate a 1% level. Standard errors are in parenthesis and clustered by
institution. Sample sizes across each regression slightly vary due to non-reporting for some left-handed
variables.
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A.3 Propensity-Trimmed Sample

This section replicates the estimates of equations (1.1) and (1.2) using a sample

derived from a propensity trimming technique suggested by Crump et al. (2009).1 A

propensity-trimmed sample is constructed in a few steps. First, this study estimates a

logit model of the probability that an institution adopted the policy as a function of the

2001-2002 (pre-treatment) observations of the covariates used in equation (1.1), as well

as the fraction of students that are from a URM background (i.e., regardless of freshman

status), and the 6-year URM graduation rate. Motivated by Section 1.5.2, this logit

model is estimated for selective and highly selective institutions. Second, it calculated the

fitted values of these regressions, which serve as each institution’s estimated propensity

for adopting the test-optional policy. Third, it discards all institutions whose propensity

score lies outside of [0.1,0.9]. Therefore, this method effectively excludes institutions that

have virtually no probability of adopting as well as those that will almost certainly do

so.

Figure A3.1 contains the densities of the institutions’ propensity scores, which were

calculated by the logit regressions, across treatment groups and selectivity levels. Fur-

thermore, the results of these regressions can be found in Table A3.1.2 Interestingly, they

show that the coefficients for overall campus diversity and the 6-year URM graduation

rate are insignificant. Therefore, these variables may not be strong predictors of adopting

the test-optional policy, regardless of selectivity.

The resulting propensity-trimmed sample contains 130 institutions, of which 44 and

86 are selective and highly selective, respectively (i.e., 19 institutions are dropped due to

1This technique was originally proposed to address a lack of overlap in the distribution of outcome
and control variables. This issue could lead to estimates being substantially biased and having large
variances.

2None of the selective institutions required college prep courses in 2001, the logit regression does not
estimate a coefficient for the corresponding indicator variable.
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having propensities less than 0.10 or greater than 0.90). In each of these sub-samples, at

least 48% of institutions are test-optional. The summary statistics for the full sample,

selective institutions, and highly selective institutions can be found in Tables A3.2, A3.4,

and A3.5. Compared to Table 1.4, the differences in mean for the 4-year and 6-year

URM graduation rates among selective colleges are relatively balanced. Although the

differences are sizable (e.g., approximately 0.08 for the 6-year URM graduation rate),

they are statistically indistinguishable from zero. Finally, Tables A3.3 and A3.6 replicate

Tables A1.2 and A1.3 the propensity-trimmed sample. The point estimates between

these sets of tables are comparable in magnitude. Thus, the estimates from Tables 1.3

and 1.4 are not biased by the inclusion of institutions that were either likely to adopt

the test-optional policy or were unlikely to do so.
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Figure A3.1

Notes: This figure displays the distribution of institutions’ propensity to adopt the test-optional policy
across selectivity and treatment group (i.e., test-optional versus test-requiring schools).
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Table A3.1: Logit Regressions

Selective Highly selective
(1) (2)

Fraction of students that are URM 7.629 6.097
(5.042) (7.195)

6-year graduation rate 3.329 -1.565
(2.099) (2.003)

Logged tuition & fees 7.962 1.455
(4.943) (1.886)

Logged full time enrollment -2.347 1.042
(1.816) (0.597)

Logged institutional grants per FTE -1.352 2.768*
(1.221) (1.202)

Logged E & R expenditures per FTE -1.993 -2.329*
(1.927) (1.028)

College prep courses recommended -0.211 -0.940
(0.775) (1.629)

College prep courses required 0.136
(1.635)

Observations 54 95

Notes: This table contains the results of the logistic regressions used to construct the propensity
trimmed sample. These regressions incorporate 2001-2002 (pre-treatment) observations. They were run
separately for selective and highly selective colleges. The point estimates for the former and latter are
in columns (1) and (2), respectively. One star corresponds to a 5% significance level while two stars
correspond to a 1% level. Standard errors are in parenthesis and clustered by institution.
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Table A3.2: Summary Statistics

Test- Test- p-value
optional requiring of diff.

(1) (2) (3)
First-time URM students 31.19 30.53 0.87

(20.77) (23.23)
Fraction of first-time students that are URM 0.08 0.08 0.68

(0.05) (0.05)
4-year URM grad rate 0.53 0.55 0.64

(0.19) (0.20)
6-year URM grad rate 0.63 0.63 0.98

(0.16) (0.20)
Tuition & Fees 30,351.33 29,355.47 0.32

(5,396.33) (6,036.80)
Full-time enrollment 1,494.63 1,475.33 0.86

(606.94) (677.58)
Institutional grants per FTE 9.71 18.53 0.11

(4.80) (43.90)
E & R expenditures per FTE 28.49 62.10 0.11

(18.34) (167.21)
College prep not considered 0.03 0.03 0.98

(0.18) (0.17)
College prep recommended 0.36 0.58 0.01

(0.48) (0.50)
College prep required 0.59 0.38 0.01

(0.50) (0.49)

Observations 64 66 –

Notes: Columns (1) and (2) contain summary statistics for test-optional and test-requiring institutions
using the 2001-2002 (i.e., pre-treatment) observations. However, this table incorporates the propensity-
trimmed sample. Standard deviations are in parenthesis. Column (3) contains the p-values from the
difference means between these two groups. These p-values are clustered by institution. None of the
variables are logged. Therefore, the means for tuition & fees, E & R expenditures per FTE, and
institutional grants per FTE are in terms of dollars. The sample size varies slightly across each variable
due to non-reporting.
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Table A3.3: Primary Results under Propensity-Trimmed Sample

Logged Number Fraction of
of first-time first-time students 4-year URM 4-year URM

URM students that are URM grad rate grad rate
(1) (2) (3) (4)

Test-optional 0.124** 0.0169** 0.00773 0.00843
(0.0413) (0.00634) (0.0145) (0.0135)

Observations 2,459 2,463 2,428 2,454

Notes: This table displays the results from estimating equation (1.1) on all outcome variables. However,
these estimates are based on the propensity-trimmed sample The row labeled with “Test-optional”
contains the point estimate of the TWFE coefficient. Each column correspond to an outcome variable.
Columns (3) and (4) correspond to graduation outcomes, so the regressions for those use a lagged
treatment indicator (i.e., Pi,t−6). One star indicates a 5% level and two stars indicate a 1% level.
Standard errors are in parenthesis and clustered by institution. Sample sizes across each regression
slightly vary due to non-reporting for some left-handed variables.
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Table A3.4: Summary Statistics (selective colleges)

Test- Test- p-value
optional requiring of diff.

(1) (2) (3)
First-time URM students 26.95 24.09 0.68

(20.90) (24.38)
Fraction of first-time students that are URM 0.08 0.07 0.52

(0.06) (0.06)
4-year URM grad rate 0.45 0.42 0.59

(0.18) (0.17)
6-year URM grad rate 0.58 0.50 0.16

(0.18) (0.17)
Tuition & Fees 26,584.54 24,644.84 0.11

(3,764.73) (4,025.50)
Full-time enrollment 1,279.45 1,219.14 0.67

(488.19) (448.53)
Institutional grants per FTE 10.19 16.80 0.36

(5.42) (33.01)
E & R expenditures per FTE 29.00 40.03 0.47

(23.83) (67.37)
College prep not considered 0.05 0.00 0.32

(0.21) (0.00)
College prep recommended 0.27 0.55 0.07

(0.46) (0.51)
College prep required 0.68 0.45 0.13

(0.48) (0.51)

Observations 22 22 –

Notes: This table is equivalent to Table A1.2, but it reflects the “selective” colleges from the propensity-
trimmed sample. The sample size varies slightly across each variable due to non-reporting.
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Table A3.5: Summary Statistics (highly selective colleges)

Test- Test- p-value
optional requiring of diff.

(1) (2) (3)
First-time URM students 33.40 33.75 0.94

(20.60) (22.21)
Fraction of first-time students that are URM 0.08 0.08 0.98

(0.05) (0.05)
4-year URM grad rate 0.58 0.61 0.36

(0.19) (0.18)
6-year URM grad rate 0.66 0.70 0.26

(0.14) (0.17)
Tuition & Fees 32,324.42 31,710.78 0.59

(5,087.73) (5,490.42)
Full-time enrollment 1,607.33 1,603.43 0.98

(637.27) (738.50)
Institutional grants per FTE 9.45 19.40 0.18

(4.49) (48.77)
E & R expenditures per FTE 28.22 73.13 0.14

(15.02) (199.18)
College prep not considered 0.02 0.05 0.59

(0.15) (0.21)
College prep recommended 0.40 0.59 0.09

(0.50) (0.50)
College prep required 0.55 0.34 0.05

(0.50) (0.48)

Observations 42 44 –

Notes: This table is equivalent to Table A1.3, but it reflects the highly “selective colleges” from the
propensity-trimmed sample. The sample size varies slightly across each variable due to non-reporting.
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A.4 Heterogeneity Robust Estimation

This section replicates Figures 1.2-1.5 using alternative estimators suggested by de

Chaisemartin and D’Haultfœuille (2021). These estimators, denoted as DIDℓ, are robust

to treatment heterogeneity and dynamic effects. So, in place of leads and lags, this study

estimates dynamic and placebo effects, respectively. Therefore, a joint placebo test serves

as an analogous and robust test for the common trends assumption. Figures A4.1-A4.4

contain the plotted placebo and dynamic effect estimates across “event time” (i.e., the

period relative to adoption) for all outcome variables. The p-values for the joint placebo

tests are displayed in Table D1 across each outcome variable. Similar to the joint F-test

of the leads, these tests also fail to find strong evidence that at least one placebo is

statistically different from 0. Thus, the common trends assumption is presumed to hold

under this specification.

This section also re-estimate the URM enrollment effects from columns (1)-(4) of

Table 1.3 using the average of the dynamic DIDℓ estimates discussed above. These serve

as analogues to the original two-way fixed effects estimates from Table 1.3. The average

effect for each outcome is reported in Table A4.2, with bootstrapped standard errors

displayed in parenthesis. The point estimates are mostly comparable to the ones from

the primary two-way fixed effects specification, so, therefore, heterogeneous treatment

effects may not be a significant issue. Although the DIDℓ point estimates for the URM

graduation rates differ from that of TWFE, they are imprecise.
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Figure A4.1

Notes: This figure illustrate the computed placebo and dynamic effects of the test-optional policy on
the logged number of URM students enrolling for the first-time. The placebo and dynamic effects are
analogous to the leads and lags of an event-study. These estimates are plotted across “event time.”
They are represented by the dots. The accompanying bands represent the 95% confidence intervals of
these estimates, which were bootstrapped across 100 replications. All proceeding figures are arranged
similarly, but they reflect different outcome variables.

Figure A4.2

Notes: This figure illustrates the computed placebo and dynamic effects of the test-optional policy on
the fraction of first-time students enrolling at liberal arts colleges that are of URM status.
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Figure A4.3

Notes: This figure illustrates the computed placebo and dynamic effects of the test-optional policy on
the 4-year graduation rate for URM students.

Figure A4.4

Notes: This figure illustrates the computed placebo and dynamic effects of the test-optional policy on
the 6-year graduation rate for URM students.
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Table A4.1: Results of Joint Placebo Test

p-value for
joint placebo test

a) Logged number of first-time URM Students 0.561

b) Fraction of first-time students that are URM 0.913

c) 4-year URM graduation rate 0.212

d) 6-year URM graduation rate 0.192

Notes: This table displays the p-values for the joint placebo tests across all outcome variables of interest.
The point estimates of the placebo effects are displayed in Figures A4.1-A4.4.
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Table A4.2: Heterogeneity-Robust Estimates

DIDℓ estimate TWFE estimate
(1) (2)

a) Logged number of first-time URM students 0.133 0.125
(0.0358) (0.0419)

b) Fraction of first-time students that are URM 0.0174 0.0188
(0.00453) (0.00628)

c) 4-year URM grad rate -2.32e-05 0.00247
(0.0244) (0.0142)

d) 6-year URM grad rate URM -0.00507 0.00450
(0.0255) (0.0131)

Notes: This table reflects the DIDℓ estimates for each outcome variable. Thus, these estimates are
robust to heterogeneous and dynamic treatment effects. Column (1) contain the point estimates with
bootstrapped standard errors in parenthesis. These standard errors are iterated across 100 replications.
Column (2) displays the two-way fixed effects estimates from Table 1.3 for comparison. Clustered
standard errors are in parenthesis. Sample sizes across each regression are roughly 2,820, but they
somewhat vary due to some non-reporting for some left-handed variables.
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A.5 Effects of the Policy on Non-first-time students

The effects of the policy should have little impact on the enrollment outcomes of

URM students that are not in their first year of college (i.e., non-freshman). This study

estimates equation (1.1) using the outcome variables for non-freshman URM enrollment

to investigate this possibility, i.e., the logged number of non-freshman URM students and

the fraction of non-freshman students that are of a URM background. Figures A5.1 and

A5.2 illustrate dynamic effects the policy on these outcomes, and they do indicate any

strong evidence of pre-treatment trends. Although the dynamic effects increase across

event time in Figure A5.2, they are not significant. Columns (1) and (2) of Table A5.2

displays the point estimates of estimating equation (1.1). Column (1) indicates that the

policy has a negligible effect on the volume of non-freshman URM students. Interestingly,

however, this policy has a small and significant impact on the fraction of non-freshmen

of a URM background.

To investigate this phenomenon further, this section re-estimates equation (1.2) using

these outcome variables to distinguish the effects between selective and highly selective

colleges. The respective estimates are displayed in columns (1.3) and (1.4). It shows that

the policy has little impact on the volume of non-freshman URM students at selective

and highly selective colleges. Similarly, the policy has little impact on the fraction of non-

freshman students from a URM background for both types of colleges. In short, there is

insufficient evidence that the policy increased this fraction at each type of college. But it

is possible that pooled effect on this outcome merely reflects sufficient statistical power.
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Figure A5.1

Notes: This figure illustrate the dynamic effects on the logged number of non-first-time URM students.
The p-value for the joint test of the leads is 0.450.

Figure A5.2

Notes: This figure illustrate the dynamic effects for the share of non-first-time students from a URM
background. The p-value for the joint test of the leads is 0.269.

132



Additional Material for Chapter 1 Chapter A

T
ab

le
A
5.
1:

E
ff
ec
ts

of
th
e
p
ol
ic
y
on

n
on

-fi
rs
t-
ti
m
e
U
R
M

en
ro
ll
m
en
t

L
og
ge
d
N
u
m
b
er

F
ra
ct
io
n
of

L
og
ge
d
N
u
m
b
er

F
ra
ct
io
n
of

of
n
on

-f
re
sh
m
en

n
on

-f
re
sh
m
en

of
n
on

-f
re
sh
m
en

n
on

-f
re
sh
m
an

U
R
M

st
u
d
en
ts

th
at

ar
e
U
R
M

U
R
M

st
u
d
en
ts

th
at

ar
e
U
R
M

(1
)

(2
)

(3
)

(4
)

T
es
t-
op

ti
on

al
0.
02
04

0.
01
06
*

-0
.0
15
5

0.
00
98
5

(0
.0
42
7)

(0
.0
04
86
)

(0
.0
70
5)

(0
.0
08
95
)

H
ig
h
ly
-s
el
ec
ti
ve

×
T
es
t-
op

ti
on

al
0.
06
26

2.
66
e-
05

(0
.0
86
6)

(0
.0
10
7)

O
b
se
rv
at
io
n
s

2,
82
4

2,
81
9

2,
82
4

2,
81
9

N
o
te
s:

C
ol
u
m
n
s
(1
)
an

d
(2
)
d
is
p
la
y
s
th
e
p
o
in
t
es
ti
m
a
te
s
th
e
p
o
li
cy
’s

eff
ec
ts

fr
o
m

eq
u
a
ti
o
n
(1
.1
)
w
h
il
e
co
lu
m
n
s
(3
)
a
n
d
(4
)

d
is
p
la
y
th
os
e
of

eq
u
at
io
n
(1
.2
).

E
ac
h
co
lu
m
n
co
rr
es
p
o
n
d
s
to

a
n
o
u
tc
o
m
e
va
ri
a
b
le
.
T
h
e
ro
w
la
b
el
ed

w
it
h
“
T
es
t-
o
p
ti
o
n
a
l”

co
n
ta
in
s

th
e
p
oi
n
t
es
ti
m
at
e
fo
r
th
e
co
effi

ci
en
t
of

th
e
tr
ea
tm

en
t
in
d
ic
a
to
r
o
f
h
av
in
g
th
e
p
o
li
cy

in
p
la
ce
.
T
h
e
ro
w

la
b
el
ed

“
H
ig
h
ly

se
le
ct
iv
e

×
T
es
t-
op

ti
on

al
”
co
n
ta
in
s
th
e
p
oi
n
t
es
ti
m
a
te

fo
r
th
e
co
effi

ci
en
t
o
f
th
e
in
te
ra
ct
io
n
te
rm

b
et
w
ee
n
th
e
tr
ea
tm

en
t
in
d
ic
a
to
r
a
n
d

an
ot
h
er

in
d
ic
at
or

fo
r
b
ei
n
g
h
ig
h
ly

se
le
ct
iv
e
in

a
d
m
is
si
o
n
s.

O
n
e
st
a
r
co
rr
es
p
o
n
d
s
to

a
5
%

si
g
n
ifi
ca
n
ce

le
ve
l.

S
ta
n
d
a
rd

er
ro
rs

ar
e
in

p
ar
en
th
es
is

an
d
cl
u
st
er
ed

b
y
in
st
it
u
ti
o
n
.
S
a
m
p
le

si
ze
s
a
cr
o
ss

ea
ch

re
g
re
ss
io
n
sl
ig
h
tl
y
va
ry

d
u
e
to

n
o
n
-r
ep

o
rt
in
g
fo
r
so
m
e

le
ft
-h
an

d
ed

va
ri
ab

le
s.

133



Additional Material for Chapter 1 Chapter A

A.6 Enrollment of First-time Non-URM Students

This section discusses the effects of the test-optional policy on the logged number

of first-time non-minority students. The purpose of this analysis is to show whether

institutions within the sample are likely to implement the test-optional policy to merely

boost their enrollment of students (i.e., regardless of racial background) rather than to

improve their racial diversity. In this case, the policy should increase the overall number

of non-URM first-time students concurrently with that of UMR students enrolling at

these institutions.

Figure A6.1 displays the dynamic effects of test-optional admissions on the logged

number of non-URM first-time students. It indicates that the parallel trends assumption

is likely to be plausible (p = .160), although the point estimates for a few leads are

significant. Column (1) of Table A6.1 displays the point estimate of the test-optional

policy using equation (1.1). It suggests that within the sample as a whole, the policy

has a small, negative impact on the volume of these students enrolling at these colleges

(i.e., by 1.35%). However, this point estimate is insignificant. Column (2) displays the

point estimates from estimating equation (1.2) to distinguish the enrollment effects across

institution selectivity, and it shows that the enrollment of first-year non-URM students

decreased by 22.4% as a result of the policy. This point estimate is also insignificant.

Similarly, the policy has little impact on this outcome selective colleges (p = .889). All

in all, these results suggest that most of the colleges in the sample are likely to be aiming

to improve campus racial diversity rather than simply bolstering their enrollment levels.
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Figure A6.1

Notes: This figure illustrate the dynamic effects on the logged number of non-URM first-time students.
Coefficient estimates from equation (1.4). are plotted across event time. They are represented by the
blue dots. The accompanying bands represent the 95% confidence intervals of these coefficients. The
p-value for the joint test of the leads is 0.160.
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Table A6.1: Effect of Test-Optional Policy on Logged First-time Enrollment

Main Selectivity
Specification Heterogeneity

(1) (2)

Test-optional -0.0135 -0.00618
(0.0112) (0.0200)

Highly Selective × Test-optional -0.0162
(0.0239)

Observations 2,820 2,820

Notes: This table displays the results from estimating equation (1.1) and (1.2) on the logged number of
first-time students. The point estimates from each equation correspond to columns 1 and 2, respectively.
The row labeled with “Test-optional” contains the point estimate for the coefficient of the treatment
indicator of having the policy in place. The row labeled “Highly selective × Test-optional” contains the
point estimate for the coefficient of the interaction term between the treatment indicator and another
indicator for being highly selective in admissions. Standard errors are in parenthesis and clustered by
institution.
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A.7 Inclusion of HBCU Institutions

The initial sample of institutions included three Historically Black Colleges & Uni-

versities (HBCUs): Morehouse College, Spelman College, and Fisk University. All of

these are considered to be “selective” by the USNWR. However, they are excluded from

the primary analyses. Tables A7.1 and A7.2 replicate the results from Tables 1.3 and

1.4 while including HBCUs. In Table A7.1, the point estimates for the effects of policy

on URM enrollment outcomes (e.g., the fraction of freshman students that are URM)

are slightly larger than the point estimates from Table 1.3. Similarly, in Table A7.2, the

point estimates for these outcomes among selective colleges are also larger than the point

estimates from Table 1.4. The larger point estimates could be attributed to the trends

in these outcomes that these HBCU institutions follow across time within the panel.

However, the difference in point estimates between selective and highly selective colleges

remains statistically insignificant.
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Table A7.1: Primary Results (with HBCUs)

Logged Number Fraction of
of first-time first-time students 4-year URM 6-year URM

URM students that are URM grad rate grad rate
(1) (2) (3) (4)

Test-optional 0.140** 0.0218** 0.00123 0.00609
(0.0428) (0.00667) (0.0140) (0.0129)

Observations 2,877 2,881 2,837 2,869

Notes: This table displays the results from estimating equation (1.1) on all outcome variables. This
table, however, reflect the point estimates from a sample that includes HBCUs. The row labeled with
“Test-optional” contains the point estimate of the TWFE coefficient. Each column correspond to an
outcome variable. Columns 4-7 correspond to graduation outcomes, so the regressions for those use
a lagged treatment indicator (i.e., Pi,t−6). One stars indicates a 5% significance level and two stars
indicate a 1% level. Standard errors are in parenthesis and clustered by institution. Sample sizes across
each regression may vary slightly due to some non-reporting for some left-handed variables. Sample sizes
across each regression slightly vary due to non-reporting for some left-handed variables.
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A.8 Non-URM Graduation Rates

In this section, this study investigates whether the policy affects the graduation rates

for non-URM students (e.g., White and Asian students). Figures A8.1 and A8.2 illustrate

the dynamic effects of the policy on these graduation rates and shows little evidence for

pre-treatment trends. Columns (1) and (2) of Table H1 shows that the policy has little

impact on 4 and 6-year graduation rates for non-URM students throughout the sample

as a whole. Furthermore, columns (3) and (4) indicate that neither selective nor highly

selective colleges experience non-URM graduation rate effects as a result of this policy.

This shows that the decline in the URM graduation rates at selective institutions are not

driven by a drop in the overall campus graduation rates.
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Figure A8.1

Notes: This figure illustrate the dynamic effects on the logged number of the 4-year graduation rate
for non-URM students. The p-value for the joint test of the leads is 0.519.

Figure A8.2

Notes: This figure illustrate the dynamic effects for the share of the 6-year graduation rate for
non-URM students. The p-value for the joint test of the leads is 0.239.
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Table A8.1: Graduation rate of non-URM students

4-year grad 6-year grad 4-year grad 6-year grad
rate rate rate rate
(1) (2) (3) (4)

Test-optional 0.000254 0.00689 -0.0187 -0.00582
(0.00793) (0.00701) (0.0192) (0.0148)

Highly selective × Test-optional 0.0253 0.0148
(0.0210) (0.0169)

Observations 2,792 2,821 2,792 2,821

Notes: Columns (1) and (2) of this table results from estimating equation (1.1). Similarly, columns
(3) and (4) results from estimating equation (1.2). Each column corresponds to an outcome variable.
One stars indicates a 5% significance level and two stars indicate a 1% level. Standard errors are in
parenthesis and clustered by institution. Sample sizes across each regression may vary slightly due to
some non-reporting for some left-handed variables.
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A.9 Analysis at the State Level

Colleges included within the sample are located across 37 states. Of these, 29 contain

at least one test-optional institution. However, some states, such as Pennsylvania, have

multiple test-optional colleges. As discussed in Section 1.5.1, colleges may drop their

test requirement when neighboring colleges within a state do so. For example, as shown

in Table A1.1, Southwestern University in Texas dropped the test requirement one year

after Austin College. Furthermore, several colleges from the same state switched to

test-optional admissions simultaneously (e.g., Trinity College and Wesleyan University

in 2015).

This study collapses the panel to the state level to investigate this possible phe-

nomenon. It estimates a version of equation (1.1) displayed below:

yst = βAst +X ′
stγ + θs + λt + ηst. (A.1)

Here, yst either corresponds to the logged number of URM students in each state s

or the share of students in each state from a URM background (i.e., these are state-

level freshman URM enrollment outcomes). Ast corresponds to the share of students in

each state that are enrolled at a test-optional college. Finally, θs and ηst are the state

fixed effects and the stochastic error term, respectively. The covariates within Xst are

primarily state-level averages (e.g., logged average tuition & fees among colleges in state

s).

The results of estimating equation (1.5) are displayed in Table A9.1. The point

estimates for each state-level freshman URM enrollment outcome are, in short, noisy.

Thus, there is little evidence that colleges self-select themselves for treatment to follow

the steps of other colleges in the same state.
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Table A9.1: State-level Effects of Test-Optional Admissions

Logged number of Portion of first-time
URM that are URM
(1) (2)

Share Test-Optional 0.115 0.00921
(0.110) (0.0148)

Observations 703 703

Notes: This table results from estimating equation (1.5). Each column corresponds to an outcome
variable related to freshman URM enrollment. Standard errors are in parenthesis and clustered by state.
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A.10 Miscellaneous Figures and Tables

Figure A10.1

Notes: This figure is a screenshot of the Common Application page for Wesleyan University, a test-
optional college. Similar to other test-optional institutions, the application for this college asks the
applicant to choose whether they wish to submit their SAT or ACT test scores for admission consider-
ation.

Figure A10.2

Notes: This figure is a screenshot of the admissions page for a test-optional school, Skidmore College.
They suggest that they will provide equitable consideration between applicants that choose to submit
their SAT or ACT test scores and those that do not.
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Figure A10.3

Notes: This figure is a screenshot of the admissions page for a test-optional school, Denison University.
They indicate that applicants withholding their standardized test scores will be scrutinized more heavily
by the rigor of their high school coursework, as well as their performance in their respective classes.
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B.1 Survey Design

B.1.1 Instructions and Questions

This section reproduces the instructions and questions that were encountered by a

participant who was allocated to the TB (Tastes, Black) and SB (Statistical, Black)

treatment combinations in Stages 1 and 2 respectively. White treatments were identical

to the Black treatments with the races of the discriminator and discriminatee reversed.

Less and more justifiable forms of discrimination were administered in random order

within a Stage. Items in [square brackets] were not seen by the participants.

[Overall Instructions]

In this survey, you will be asked to read and react to four hypothetical scenarios, or

vignettes that happen in a workplace. We will also ask you to explain one of your choices

and collect some background information about you.

The scenarios you’ll evaluate have been randomly selected from a larger variety of sit-

uations we are asking many people about. These situations describe different types of
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people interacting in different ways.

Some of these scenarios may seem realistic to you; others may seem unrealistic. In all

cases you will have only very limited information about what happened.

Regardless of how likely you think these situations might be, and despite the limited

information, we ask that you please give us your reaction to them if they were to happen,

based on the information that has been provided.

[Stage 1 Introduction]

Please read the following two hypothetical scenarios carefully. They are similar in many

respects, but they differ in a few ways. To help you see the differences, we have

underlined them. After you read each scenario, we will ask you for your reaction to it.

Situation 1 [Tastes, Black, less justifiable (based on own tastes)]:

Michael, who is White, is about to hire his first customer representative for his business

after a few years of carrying that role alongside his managerial duties. He has interacted

with a number of Black people during his education and work experience. While all of

his interactions with Black people have been polite and professional, he just didn’t enjoy

interacting with them.

For his new hire, Michael has to choose between two applicants whose resumes, inter-

views and references are all of equal quality, one of whom is Black and one who is White.

Michael decides to hire the White worker in order to avoid interacting with a Black

employee.
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Given the information provided in the preceding scenario, please indicate the extent to

which you thought that Michael’s hiring decision was fair:

[Choose one from: 1-very unfair, 2-unfair, 3-somewhat unfair, 4-neither fair nor unfair,

5-somewhat fair, 6-fair, 7-very fair].

Situation 2 [Tastes, Black, more justifiable (based on others’ tastes)] Michael,

who is White, is about to hire his first customer representative for his business after a

few years of carrying that role alongside his managerial duties. He has conducted focus

groups with a substantial share of the people who frequent his business. Many of these

customers tell Michael that they do not like interacting with Black people and would be

hesitant about continuing to support his business if he employed them. Michael himself

is just as happy to interact with Black workers as with workers of other races.

For his new hire, Michael has to choose between two applicants whose resumes, inter-

views and references are all of equal quality, one of whom is Black and one who is White.

Michael decides to hire the White worker, in order to avoid losing sales to customers who

do not want to interact with Black representatives.

Given the information provided in the preceding scenario, please indicate the extent to

which you thought that Michael’s hiring decision was fair:

[Choose one from: 1-very unfair, 2-unfair, 3-somewhat unfair, 4-neither fair nor unfair,

5-somewhat fair, 6-fair, 7-very fair].

[Stage 2 Introduction]

Please read the following two scenarios carefully. As a result of random assignment, the

types of people involved and their actions may or may not change from the last two
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scenarios.

Like the first two scenarios, the next two scenarios are quite similar to each other. To

help you see the differences, we have underlined them. After you read each scenario,

we will ask you for your reaction to it.

Situation 1 [Black, Statistical, less justifiable (based on hearsay)]:

Michael, who is White, is about to hire his first customer representative for his business

after a few years of carrying that role alongside his managerial duties. He has discussed

his business plans with a neighbor. This neighbor says he once met a business owner

who had trouble with some Black employees. Problems included unexcused absenteeism,

being late for work, and a lack of attention to detail on the job.

For his new hire, Michael has to choose between two applicants whose resumes, inter-

views and references are all of equal quality, one of whom is Black and one who is White.

Michael decides to hire the White worker based on a brief conversation he had with his

neighbor about problems with Black workers.

Given the information provided in the preceding scenario, please indicate the extent to

which you thought that Michael’s hiring decision was fair:

[Choose one from: 1-very unfair, 2-unfair, 3-somewhat unfair, 4-neither fair nor unfair,

5-somewhat fair, 6-fair, 7-very fair].

Situation 2 [Black, Statistical, more justifiable (based on higher quality in-

formation)]:

Michael, who is White, is about to hire his first customer representative for his business
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after a few years of carrying that role alongside his managerial duties. He has discussed

his business plans with a large and experienced network of local business owners who

frequently hire customer representatives. They tell Michael that they have had trouble

with a large share of their Black representatives, and they show Michael some reliable

statistics from their businesses that verify these claims. Problems included unexcused

absenteeism, being late for work, and a lack of attention to detail on the job.

For his new hire, Michael has to choose between two applicants whose resumes, inter-

views and references are all of equal quality, one of whom is Black and one who is White.

Michael decides to hire the White worker based on the information and statistics about

local Black workers that he got from experienced local business owners.

Given the information provided in the preceding scenario, please indicate the extent to

which you thought that Michael’s hiring decision was fair:

[Choose one from: 1-very unfair, 2-unfair, 3-somewhat unfair, 4-neither fair nor unfair,

5-somewhat fair, 6-fair, 7-very fair].

[Stage 3/Follow-up Introduction]

Recall the scenario that you just evaluated, in which [brief description of second scenario

encountered in Stage 1]. You thought that Michael’s hiring decision was [very unfair/un-

fair/somewhat unfair/neither fair nor unfair/somewhat fair/fair/very fair]. In 50 words

or less, please explain your response.

If you would like to skip this question, please type: “Prefer not to answer.”

1. This question refers to the final vignette encountered. [Open-ended].
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You thought that Michael’s hiring decision was [very unfair / unfair / somewhat

unfair / neither fair nor unfair / somewhat fair / fair / very fair]. In 50 words or

less, please explain your response.

2. Please consider the following question without referring to any of the previous

survey items, and then select the rating that best corresponds to your answer:

All in all, in the United States, how would you compare the economic opportunities

available to Black and White people?

[Choose one from:]

1- Black people have much less opportunity than White people,

2- Black people have less opportunity than White People,

3- Black people have a little less opportunity than White people,

4- Black and White people have roughly equal opportunities,

5- Black people have a little more opportunity than White people,

6- Black people have more opportunity than White people,

7- Black people have much more opportunity than White people.

[Background Questions Introduction]

Please answer the following background questions.

1. Please indicate your gender.

• Male

• Female

• Other/decline to state

2. Please indicate your age.
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• 18-24

• 25-34

• 35-44

• 45-54

• 55-64

• 65-74

• 75-84

• 85 and older

3. Please indicate the highest level of education you have completed.

• Primary school or below (Grades 1-8)

• High School (grades 9-12)

• Some College (includes two-year college degrees)

• Four-year College or University Degree

• Higher Degrees (e.g., MD, MBA, Master’s, PhD)

4. Please select the category that best describes your race.

• Hispanic, Latino, or Spanish Origin

• White

• Black or African American

• American Indian or Alaska Native

• Asian

• Native Hawaiian or Other Pacific Islander
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• Other

5. What is your U.S. Political Party Preference?

• Democrat

• Republican

• Independent or no party affiliation

• Other

6. Which of these best describes your political views?

• Extremely liberal

• Liberal

• Slightly liberal

• Moderate

• Slightly conservative

• Conservative

• Extremely conservative

[Final Instructions]

Here is your ID: ####

To receive your payment for participating, click “Accept HIT” in the MTurk win-

dow, enter this ID number, and then click “submit.”

Please do not exit the survey from this page. You must click on the “next

button” to reach the “end of survey” page so that your responses are recorded.

This button will appear in a few seconds.
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B.1.2 Randomization

As illustrated in Figure B1.2.1, subjects were randomly assigned to one of four treat-

ment combinations in Stage 1 of the Survey. In Stage 2, subjects were randomly re-

assigned to one of the three treatment combinations they had not encountered in Stage

1. Within each Stage, the more- versus less-justifiable versions of the scenarios for that

treatment combination were administered in random order.

Thus, two thirds of the subjects experienced a change in the Statistical / Tastes

treatment, and two thirds experience a change in the race treatment. The discriminator’s

name (Michael or Andrew) was randomly assigned in Stage 1, then switched for all

respondents in Stage 2.
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B.2 Representativeness

Table B2.1 shows the mean demographic characteristics of our MTurk sample in

column (1). Column (2) contains means of the same characteristics for adults in the

2019 American Community Survey (ACS), a nationally representative survey sample, for

comparison. As is well known, MTurkers are more male, better educated, and much more

likely to be between 25 and 44 years of age than U.S. adults in general. MTurkers are

also slightly more likely to be White and Black, and less likely to belong to other racial

groups than the U.S. population.

Table B2.2 shows the mean shares of respondents by political orientation of our MTurk

respondents in column (1). Column (2) contains these means from the General Social

Survey (GSS), another nationally representative survey sample.1 Overall, Table B2.2

suggests that MTurk respondents differ from the GSS in two main ways: First, compared

to the GSS a smaller share of MTurk respondents choose the middle three categories:

‘moderate’ or ‘slightly’ liberal / conservative, while MTurkers are also more likely to

locate in the two ‘extreme’ categories. In this sense, MTurkers are politically more

extreme than GSS respondents. It is possible, however, that some of this is caused by a

difference in phrasing of the middle category between the two surveys. Second, almost

identical shares of MTurkers and GSS respondents choose some degree of conservative

leaning (ranging from slight to extreme), but many more MTurkers choose some liberal

leaning (47.3 versus 30.2 percent). Thus, on average, MTurkers are more liberal than the

U.S. population as a whole.

Tables B2.3 and B2.4 compare the geographical distribution of our MTurk sample

obtained from the approximate geocoordinates of respondents recorded by the survey

1Since the ACS does not collect information on political opinions or affiliations, we are forced to use
the GSS (with its much smaller sample size) to assess the representativeness of our population. Our
political party preference question is not comparable to the GSS’s, but our political leaning question is
almost identical to the GSS’s (see Table B2.2 for details).
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software to the distribution of the adult ACS population by Census regions/subregions

and across states with populations of 5 million or more. (MTurk sample shares become

very imprecise in smaller states). While MTurkers are slightly more likely to live in the

Northeast and West, they are widely represented across all the larger states, with no

clear pattern in over- versus under-representation.

Finally, Figure B2.1 shows Google search trends for “Black Lives Matter”, “racism”

and “discrimination” during the period surrounding our survey. It shows that the high

level of public concern surrounding these issues associated with the killing of George

Floyd had essentially dissipated by the time our survey was in the field.
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Table B2.1: Demographic Composition of MTurk Sample versus the American Commu-
nity Survey (ACS)

CHARACTERISTIC MTurk Sample 2019 ACS Sample
(1) (2)

Male 0.600 0.4850
Female 0.400 0.5150
White respondent 0.780 0.713
Black respondent 0.115 0.090
Asian respondent 0.042 0.084
Hispanic respondent 0.037 0.020
Indigenous respondent 0.009 0.010
Islander respondent 0.005 0.003
Other race respondent 0.011 0.080
Age 18-24 0.037 0.103
Age 25-34 0.435 0.152
Age 35-44 0.294 0.148
Age 45-54 0.146 0.156
Age 55-64 0.061 0.181
Age 65 and over 0.026 0.261
High School or less 0.098 0.362
2-year or some college 0.196 0.307
4-year college or university 0.519 0.203
Higher degree 0.187 0.128
Observations 642 846,557

Notes: Column 1 contains the percentage of respondents across various demographic charac-
teristics within the MTurk sample. Column 2 contains these percentages for the 2019 American
Community Survey (ACS) sample for comparison. The racial categories in our ACS data use
the mutually exclusive categories derived by Center for Economic and Policy Research (CEPR)
(variable wbhapo), which match our own survey question.

159



Additional Material for Chapter 2 Chapter B

Table B2.2: Composition of MTurk Sample versus the General Social Survey (GSS), by
Political Leaning

CHARACTERISTIC MTurk Sample of GSS Sample
(1) (2)

Extremely conservative 0.101 0.051
Conservative 0.164 0.168
Sightly conservative 0.092 0.146
Moderate 0.170 0.332
Slightly liberal 0.095 0.121
Liberal 0.274 0.132
Extremely Liberal 0.104 0.049
Observations 642 1,776

Notes: Column 1 contains the percentage of respondents by political leaning while Column
2 contains that of the 2020 GSS. Our political party preference question is not comparable
to the GSS. The only difference between our political leaning question and the GSS is in the
phrasing of the middle category:

Our political leaning question asks for “political views” on this seven-point scale:
extremely liberal; liberal; slightly liberal
moderate
slightly conservative; conservative; extremely conservative

The GSS political leaning question ask for “political views” on this seven-point scale:
extremely liberal; liberal; slightly liberal
moderate; middle of the road
slightly conservative; conservative; extremely conservative
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Table B2.3: Composition of MTurk Sample by Census Region

CENSUS REGION MTurk Sample of 2019 ACS Sample
(1) (2)

Northeast 0.238 0.178
New England 0.028 0.048
Middle Atlantic 0.210 0.130
Midwest 0.189 0.212
East North Central 0.136 0.146
West North Central 0.053 0.066
South 0.394 0.376
South Atlantic 0.251 0.201
East South Central 0.047 0.059
West South Central 0.097 0.116
West 0.179 0.234
Mountain 0.051 0.073
Pacific 0.128 0.161
Observations 642 1,776

Notes: Column 1 contains the percentage of respondents across U.S. census regions and their
respective divisions. Column 2 contains these percentages for the 2019 American Community
Survey (ACS) sample for comparison.
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Table B2.4: Composition of MTurk Sample versus ACS by U.S. State (pop. exceeds 5
million)

STATE MTurk Sample MTurk Sample 2019 ACS Sample State Pop.
shares Count shares in thousands
(1) (2) (3) (4)

Arizona 0.023 11 0.031 5,638
California 0.119 57 0.167 30,618
Florida 0.131 63 0.094 17,248
Georgia 0.040 19 0.044 8,114
Illinois 0.060 29 0.055 9,854
Indiana 0.033 16 0.029 5,164
Massachusetts 0.013 6 0.032 5,540
Michigan 0.029 14 0.044 7,843
New Jersey 0.048 23 0.039 6,944
New York 0.158 76 0.089 15,425
North Carolina 0.038 18 0.046 8,187
Ohio 0.048 23 0.053 9,111
Pennsylvania 0.075 36 0.058 10,167
Tennessee 0.019 9 0.030 5,319
Texas 0.092 44 0.116 21,596
Virginia 0.040 19 0.037 6,675
Washington 0.035 17 0.034 5,952
Observations 480 480 1,821,247 –

Notes: Column 1 contains the percentage of respondents across U.S. states with adult popula-
tions of at least 5 million. Column 2 contains the raw number of MTurk respondents from each
state. Column 3 contains the percentages for the 2019 American Community Survey (ACS)
sample for comparison. Column 4 contains the 2019 state populations (in thousands) of those
at least 18 years of age.
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Figure B2.1: Frequency of Google Searches for BLM and Related Keywords around the
Survey Date

Notes: This figure illustrates trends in Google searches for keywords related to three topics:
“Black Lives Matter (blm), racism, and discrimination. The vertical axis represents search
interest relative to the highest point on the chart for the given region and time. A value of 100
is the peak popularity for the term. A value of 50 means that the term is half as popular. The
region bounded by the two dotted lines represent the dates our survey was live on MTurk. The
data on these interest values was drawn from Google Trends.
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B.3 Order Effects

B.3.1 Pure Order Effects

Figure B3.1.1 shows there is no strong association between the respondents’ fairness

evaluations and the order of scenarios they encountered throughout the survey.

Figure B3.1.1

Notes: The p-values below are clustered by respondent.

• First scenario vs. second = 0.412

• Second scenario vs. third = 0.778

• Third scenario vs. fourth = 0.644

• Fourth scenario vs. first = 0.112
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B.3.2 Order Effects for the Taste versus Statistical Treatments

In this Section we test for whether the order in which the respondents encounter the

Taste and Statistical treatments affects their fairness assessments. First, we compare the

Stage 2 fairness ratings of workers who received different treatments in Stage 1. Next, we

compare the within-subject fairness changes of respondents who switched from to Tastes

to Statistical to the changes of respondents who switched in the other direction. Finally,

we compare aggregate, within-subject, and between-subject regression estimates of the

Taste treatment effect. None of these exercises reveal any treatment order effects.
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B.3.2.1 Stage 2 Assessments as a Function of Stage 1 Treatment

Figure B3.2.1 (a) shows that Respondents who encountered Taste-based scenarios in

Stage 1 view Statistical and Taste discrimination as equally fair in Stage 2. Figure B3.2.1

(b) shows that respondents who encountered Statistical scenarios in Stage 1 also view

Statistical and Taste discrimination as equally fair in Stage 2. Thus, we see no evidence

of order effects.

Figure B3.2.1: Stage 2 Fairness Assessments by Stage 1 Treatment – Taste versus Sta-
tistical

Notes: the p-values below are clustered by respondent.

• A vs B = 0.834

• C vs D = 0.755

• A vs C = 0.675

• B vs D = 0.314
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B.3.2.2 Ratings Changes of Subjects Who Switched Treatments

We cannot reject that the fairness ratings changes of respondents who were switched

from the Taste to the Statistical treatment between Stages 1 and 2 are equal but opposite

in sign to respondents who were switched in the opposite direction. Specifically, the

ratings change of Taste-Statistical switchers was -0.113 (p = .288); the ratings change of

Statistical-Taste switchers was -0.091; (p = .344). A test for equality between these two

changes cannot reject the null (p = .879; clustered by respondent).
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B.3.2.3 Comparing within-subject, between-subject and pooled estimates of

the Taste treatment effect

Figure B3.2.3 presents three types of regression estimates of the Taste treatment

effect. Within-subject estimates regress fairness on a treatment indicator (i.e., it takes on

a value of “1” if the scenario illustrates taste-based discrimination) plus respondent fixed

effects. Between-subject estimates are pure cross-section regressions using data from only

the first of the four scenarios each respondent encountered. Pooled estimates include all

four scenarios each person encountered, without person fixed effects. All three treatment

effects are very small in magnitude and indistinguishable from zero. Tests for equality

between all pairs of estimated treatment effects cannot reject the null hypothesis.

Figure B3.2.3: Comparison of Taste Treatment Effect Estimates

Notes: The p-values below are clustered by respondent:

• Between vs. Within-subject = 0.574

• Within-subject vs. Pooled = 0.312

• Pooled vs. Between-subject = 0.205
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B.3.3 Order Effects for the Less versus More Justifiable Treat-

ments

In this Section we test for whether the order in which the respondents encounter the

less versus more justifiable scenarios affects their fairness assessments. We focus first on

the effects of justifiability treatment variation within Stage 1, next on variation within

Stage 2, and then pool the within-Stage variation from both Stages. Finally, we compare

aggregate, within-subject, and between-subject regression estimates of the less justifiable

treatment using data from the entire survey. None of these exercises reveal any treatment

order effects.
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B.3.3.1 Justifiability Treatment Variation within Stage 1

Figure B3.3.1 focuses on treatment order effects within Stage 1, and shows that re-

spondents’ fairness evaluations of the less and more justifiable treatments in the second

scenario they encountered do not depend on which of those treatments they encoun-

tered in the preceding scenario. It also shows that the ratings changes of less- to more-

justifiability switchers are statistically equal but opposite in sign the ratings changes of

more- to less-justifiability switchers.

Figure B3.3.1: Mean Fairness Ratings by the First Scenario Encountered in Stage 1

Notes: The p-values below are clustered by respondent:

• M vs. N = 0.000

• O vs. P = 0.000

• M vs. O = 0.537

• N vs. P = 0.521

Equality test for switchers: M – N = O – P: p = .979

170



Additional Material for Chapter 2 Chapter B

B.3.3.2 Justifiability Treatment Variation within Stage 2

Figure B3.3.2 focuses on treatment order effects within Stage 2, and shows that re-

spondents’ fairness evaluations of the less and more justifiable treatments in the second

scenario they encountered do not depend on which of those treatments they encoun-

tered in the preceding scenario. It also shows that the ratings changes of less- to more-

justifiability switchers are statistically equal but opposite in sign the ratings changes of

more- to less-justifiability switchers.

Figure B3.3.2: Mean Fairness of Respondents by the First Scenario they Encountered in
Stage 2

Notes: The p-values below are clustered by respondent:

• Q vs. R = 0.000

• R vs. S = 0.000

• Q vs. S = 0.854

• R vs. T = 0.513

Equality test for switchers: Q – R = S – T: p = .350
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B.3.3.3 Pooling within-Stage Justifiability Treatment Variation from both

Stages

Figure B3.3.3 pools data from the two Stages of our survey, and continues to find that

subjects’ fairness evaluations of the less and more justifiable scenarios do not depend on

which one they encountered previously in the current Stage of the survey. Once again,

the fairness changes of the less-to-more switchers are statistically equal but opposite in

sign to the more-to-less justifiable switchers.

Figure B3.3.3: Mean Fairness of Respondents by the First Scenario they Encountered in
Stage 2

Notes: The p-values below are clustered by respondent:

• U vs. V = 0.000

• W vs. X = 0.000

• U vs. W = 0.610

• V vs. X = 0.967

Equality test for switchers: U – V = W – X: p = .782
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B.3.3.4 Comparing within-subject, between-subject, and pooled estimates of

the less justifiable treatment effect

Using data from all four scenarios each respondent encountered in the survey, Figure

B3.3.4 compares within-subject, between-subject and pooled regression estimates of the

less justifiable treatment on subjects’ fairness assessments. All three estimates of the

treatment effect are substantial in magnitude, negative, and statistically significant. In

addition, all three estimates are very similar, and are statistically indistinguishable from

each other.

Figure B3.3.4: Mean Fairness of Respondents by the First Scenario they Encountered in
Stage 2

Notes: The p-values below are clustered by respondent:

• Between vs. Within-subject = 0.498

• Within-subject vs. Pooled = 1.00

• Pooled vs. Between-subject = 0.498

Within-subject estimates regress fairness on a treatment indicator plus respondent fixed effects.
Between-subject estimates are pure cross-section regressions using data from the first scenario
each respondent encountered only. Pooled estimates include all four scenarios each person
encountered, without person fixed effects.
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B.3.4 Order Effects for the Race Treatment

In this Section we test for whether the order in which the respondents encounter a

Black versus a White discriminatee affects their fairness assessments. First, we compare

the Stage 2 fairness ratings of workers who received different treatments in Stage 1.

Next, we compare the within-subject fairness changes of respondents who switched from

to Black to White to the changes of respondents who switched in the other direction.

Finally, we compare aggregate, within-subject, and between-subject regression estimates

of the Black treatment effect. Overall, we find substantial evidence of a particular type

of treatment order effect: Subjects who encountered the White treatment in Stage 1

were more tolerant of anti-Black discrimination in Stage 2 (compared to subjects who

encountered the Black treatment in Stage 1).
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B.3.4.1 Stage 2 Assessments as a Function of Stage 1 Treatment

Figure B3.4.1 (a) shows subjects’ Stage 2 fairness assessments, separately for subjects

who encountered the Black versus White treatment in Stage 1. In contrast to the preced-

ing results for the Statistical versus Tastes or the less versus more justifiable treatments,

treatment order matters here. Specifically, subjects who encountered anti-Black discrim-

ination in Stage 2 rated it more harshly if they also encountered it in Stage 1, compared

to subjects who encountered anti-White discrimination in Stage 1.

Figure B3.4.1: Mean Fairness of Respondents by the First Scenario they Encountered in
Stage 2

Notes: The p-values below are clustered by respondent:

• A vs B = 0.055

• C vs D = 0.385

• A vs C = 0.012

• B vs D = 0.767
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B.3.4.2 Ratings Changes of Subjects Who Switched Race Treatments

The mean ratings change of Black-to-White switchers was 0.243 (p = .005); the

ratings change of White-to-Black switchers was -0.381; (p = .000). A test for equality

between these two ratings changes indicated that they are statistically distinguishable

from each other (p = .000).

B.3.4.3 Comparing within-subject, between-subject and pooled estimates of

the Race treatment effect

Figure B3.4.3 presents three types of regression estimates of the race treatment effect.

Within-subject estimates regress fairness on a treatment indicator (i.e., it takes on a value

of “1” if the discriminatee is Black) plus respondent fixed effects. Between-subject esti-

mates are pure cross-section regressions using data from only the first of the four scenarios

each respondent encountered. Pooled estimates include all four scenarios each person en-

countered, without person fixed effects. The figure shows that the within-subject and

pooled estimates are similar in magnitude, and they are statistically indistinguishable

from each other. However, the between-subject estimate is roughly twice as large as

those two estimates and statistically distinguishable from them.
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Figure B3.4.3: Comparison of Black Treatment Effect Estimates

Notes: The p-values below are clustered by respondent:

• Between vs. Within-subject = 0.001

• Within-subject vs. Pooled = 0.647

• Pooled vs. Between-subject = 0.007
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B.4 Exploring the Effects of Education on Fairness

Ratings

This Section explores the unexpected (to us) positive association between respon-

dents’ education and their ratings of the fairness of discriminatory actions. We show,

first of all, that the positive association between education and fairness is not an artifact

of political differences between the education groups. Instead, Figure B4.1 shows that

education is associated with increased perceived fairness within each of our three political

groups. Next, while our respondents’ political leanings affect the way they respond to

our Race treatment, we show that education does not have this effect: Despite being

more tolerant of discriminatory acts in general, respondents of all education levels react

more negatively to anti-Black and to anti-White discrimination (Figure B4.2). In fact,

this discriminatee race effect is remarkably constant across education groups, despite the

differences in their mean fairness assessments.

Finally, one of our main findings in the paper is that conservatives do not exhibit a

discriminatee race effect, while moderates and liberals do. In Figure B4.3, we show that

education differences do not account for this fact either. In fact, our that liberals exhibit

a discriminatee race effect and conservatives do not is present within all three education

groups (Figure B4.3).

Taken together, these three findings show that the positive education-fairness asso-

ciation is broadly distributed across political groups and experimental treatments, and

does not affect how people respond to our experimental treatments. Thus, we conclude

that it likely reflects different set points for fairness by education rather than differences

in political affiliation or racial attitudes across education groups.
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Figure B4.1: Mean Fairness Assessments by Education and Political Leaning

The positive association between education and fairness is not an artifact of political differences
between the education groups- we see it within each of our three political groups:

Notes: This figure is based on only Stage 1 observations. The p-values below are clustered by
respondent.

• For conservative respondents:

– HS/2-year vs. 4-year College = 0.304

– 4-year College vs. Grad School = 0.199

– Grad School vs. HS/2-year College = 0.506

• For moderate respondents:

– HS/2-year vs. 4-year College = 0.032

– 4-year College vs. Grad School = 0.564

– Grad School vs. HS/2-year College = 0.457

• For liberal respondents:

– HS/2-year vs. 4-year College = 0.001

– 4-year College vs. Grad School = 0.974

– Grad School vs. HS/2-year College = 0.008
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Figure B4.2: Discriminatee Race Effects by Education

Despite being more tolerant of discriminatory acts in general, highly educated respondents
react very similarly to the Race treatment.

Notes: This figure is based on only Stage 1 observations. The p-values below are clustered by
respondent.

• For HS/2-yar College graduates: Black vs. White = 0.032

• For 4-year College graduates: Black vs. White = 0.021

• For Graduate School graduates: Black vs. White = 0.016
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Figure B4.3: Discriminatee Race Effects by Education and Political Leaning

The political difference in how respondents react to discriminatee race –moderates and liberals
exhibit a discriminatee race effect and conservatives do not – is present within all three
education groups.

Notes: This figure is based on only Stage 1 observations. The p-values below are clustered by
respondent.

• For conservative respondents:

– For HS/2-yar College graduates: Black vs. White = 0.154

– For 4-year College graduates: Black vs. White = 0.544

– For Graduate School graduates: Black vs. White = 0.765

• For moderate respondents:

– For HS/2-yar College graduates: Black vs. White = 0.029

– For 4-year College graduates: Black vs. White = 0.028

– For Graduate School graduates: Black vs. White = 0.107

• For liberal respondents:

– For HS/2-yar College graduates: Black vs. White = 0.001

– For 4-year College graduates: Black vs. White = 0.043

– For Graduate School graduates: Black vs. White = 0.009
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B.5 Robustness Tests for Sections 3 and 4

B.5.1 Replicating Figures 2.2 and 2.3 Using First Scenarios

Only

One of our more remarkable findings is that respondents’ relative evaluations of the

more versus less justifiable scenarios were so similar, regardless of the respondent’s po-

litical orientation and of the race of the fictitious discriminatee. One might reasonably

wonder whether this phenomenon reflects the fact that these two scenario types were

always presented after each other and that subjects were asked to pay attention to the

differences between the two types. To eliminate the possibility that subjects will be

tempted to rank these two scenario types in the same way when they appear in sequence,

we now replicate Figure 2.2 of the paper (which was estimated using both scenarios each

person saw in Stage 1) using only data from the first scenario each respondent encoun-

tered. Remarkably, the results, shown in Figure B5.1.1, are indistinguishable from Figure

2.2. We conclude that subjects’ perceptions of the relative fairness of the more- versus

less-justifiable scenarios are the same, even when each subject has seen only one of the

two scenario types.

Figure B5.1.2 repeats this same exercise for Figure 2.3, which illustrated discriminatee

race effects using both scenarios each respondent encountered in Stage 1 of the survey.

Figure B5.1.2 shows that the results are extremely similar if we use only information

from the very first scenario each respondent encountered in the survey.
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Figure B5.1.1: Fairness Ratings by Type of Discrimination and Justifiability – First
Scenario Only

Notes: This figure replicates Figure 2 using only observations from the first scenario encoun-
tered by respondents in Stage One. Therefore, the p-values displayed below are not clustered.

• For taste-based discrimination, less vs. more justifiable scenarios = 0.001

• For statistical discrimination, less vs. more justifiable scenarios = 0.000

• Taste-based vs. statistical discrimination = 0.564
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B5.1.2: Fairness Ratings by Justifiability and Discriminatee Race: First Scenario Only
(replicates Figure 3)

Notes: This figure replicates Figure 3 using only observations from the first scenario encoun-
tered by respondents in Stage One. Therefore, the p-values displayed below are not clustered.

• Black versus White Treatment

– For less justifiable scenarios, Black versus White Treatment = 0.008

– For more justifiable scenarios, Black versus White Treatment = 0.000

• More versus Less-Justifiability Treatment

– For Black discriminatees, Less versus More-justifiable Treatment = 0.000 (difference
= -0.7396)

– For White discriminatees, Less versus More-justifiable Treatment = 0.000 (difference
= -0.8943)

– Less versus More Justifiability Gap equality across Black versus White treatment:

∗ p = .5910
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B.5.2 Discriminatee Race Effects by Political Orientation for

White Respondents Only

To probe the in-group bias hypothesis more deeply, here we replicate Figure 2.5 of

the paper for White respondents only. The goal is to see if there is evidence of racial

in-group bias if we focus on the subset of White respondents who label themselves as

conservatives. Interestingly, the discriminatee race effect does switch signs in this group,

relative to Figure 2.4 (which includes all respondents): conservative White respondents

rate discrimination against Black people as more fair than discrimination against White

people. This discriminatee race effect is not significantly different from zero at conven-

tional levels, however (p = .134).

Figure B5.2.1: Discriminatee Race Effects by Political Orientation, White Respondents
Only

Notes: This figure reproduces Figure 6, but it only reflects the fairness evaluations of White
respondents. The p-values below are clustered by respondent.

• For Conservatives, Black vs. White Treatment = 0.134

• For Moderates, Black vs. White Treatment = 0.000

• For Liberals, Black vs. White Treatment = 0.000
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B.5.3 Effects of Perceived Relative Opportunities (BRO) on

Fairness Ratings, using Three Political Groups

Figure B5.3 replicates Figure 2.8 of the paper, showing separate results for moderates

instead of combining moderates with liberals. For both anti-White and anti-Black dis-

crimination moderates’ fairness ratings are quite similar to liberals’, and exhibit similar

patterns with respect to BRO.
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Figure B5.3: Effects of Perceived Relative Opportunities (BRO) on Fairness Ratings, by
Discriminatee Race with Three Political Groups

Notes: This figure reproduces Figure 8, but it treats moderates and liberals as separate groups.
Symbol size is proportional to the number of respondents. Sample is restricted to Stage 1
fairness assessments only. The p-values below are clustered by respondent, except for those
pertaining to panel (c).

• Panel (a), Discrimination against Black Applicants

– For Conservatives: slope = 0.109, p = .218

– For Moderates: slope = 0.314, p = .001

– For liberals: slope = 0.531, p = .000

• Panel (b), Discrimination against White Applicants

– For Conservatives: slope = 0.257, p = .094

– For Moderates: slope = 0.264, p = .014

– For liberals: slope = 0.278, p = .000
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B.6 Analysis of Open-Text Responses

To gain some additional insights on respondent’s motivations for their fairness assess-

ments, we focused on two groups of respondents: those who indicated that the action in

the last scenario they encountered was “unfair” or “very unfair” (211 respondents), and

those who indicated that the action was “fair” or “very fair” (128 respondents). We then

inspected all the open responses to this question:

Recall the scenario that you just evaluated, in which [brief description of

second scenario encountered in Stage 1].

You thought that Michael’s hiring decision was [very unfair / unfair / some-

what unfair / neither fair nor unfair / somewhat fair / fair / very fair]. In 50

words or less, please explain your response.

After eliminating respondents who entered “choose not to answer”, responses that were

undecipherable or consisted of unrelated text (presumably copied from the internet),

and a small number of hard-to classify answers, this yielded 166 “unfair or very unfair”

responses and 39 “fair or very fair” responses that could be assigned to three broad

categories of reasons within each of these two groups.2

Tables B6.1 and B6.2 below summarize the counts of answers in each of these three

categories, and provide examples of answers belonging to each category. Among the

respondents who said discrimination was unfair or very unfair (Table B6.1), 51 percent

(84/166) made a statement to the effect that making a hiring decision based on race was

unfair. Another eight percent (14/166) said it was wrong to make a hiring decision on

2Note that there were many more non-responses to the open-ended questions among
respondents who thought discrimination was “fair” than “unfair”. A spreadsheet con-
taining all the open-ended responses submitted to the survey, indicating how we cat-
egorized the responses, and calculating all statistics presented in Appendix B.6, can
be downloaded at: https://docs.google.com/spreadsheets/d/1JsHVdvBWATU4MI88zLP-
9RupOQsXIRnK/edit?usp=sharingouid=114674046533370433971rtpof=truesd=true.
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one’s tastes. These reasons often overlapped (making it hard to choose which category

was most appropriate). Both of them occurred much more often in the tasted-based

scenarios. Finally, 41 percent (68/166) said that using statistical information was unfair

(e.g. because each individual is different). Essentially all of these answers were for the

statistical scenarios; many of them referred to the low quality of information in the

less-justifiable statistical scenario. Words like racist, racism, bigoted, discrimination,

prejudice, bias, and stereotype were commonly used in all these answers.

Among the respondents who said discrimination was fair or very fair (Table B6.2),

missing and hard-to-interpret answers were much more common. With that caveat, 18

of 39 usable answers (46 percent) made a statement to the effect that a business owner’s

primary responsibility is to ensure their business thrives and survives. Almost all these

answers referred to the customer discrimination scenario, where catering to discrimina-

tory customers allowed the employer to ‘avoid losing sales). Another 36 percent (14/39)

referred to an employer’s rights (for example, to hire whomever he wishes, regardless of

the reason). Finally, 18 percent (7/39) said that that it was acceptable to make hiring

decisions based on statistical information on productivity. All of these responses referred

to statistical discrimination scenarios. Notably, however, almost half of them referred to

the low-justifiability version, where the hiring decision was based on hearsay. For exam-

ple, “Well, it was based on some sort of evidence-based reasoning process rather than

just a sentiment of not wanting to work with a White person.”
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Table B6.1: Summary of stated reasons why discrimination was “unfair” or “very unfair”

Count of responses

Reason:
Taste-based
Scenarios

Stastistical
Scenarios

All
Scenarios

Wrong to use race 67 17 84
Wrong to use information 8 60 68
Wrong to use tastes 13 1 14
Total 88 78 166

Notes: 166 responses that fit these three categories were obtained from 211 respondents select-
ing “unfair” or “very unfair” on the last scenario they encountered. 15 of the remaining answers
were “prefer not to answer”; the rest could not be easily classified, including undecipherable
text and irrelevant text copied from the web. 62 of the responses contained at least one word
from the following list: racist, racism, bigoted, discrimination, prejudice, bias, or stereotype.

Examples of “wrong to use race” statements:

“He should hire black people anyways regardless of his feeling because it is

the right thing to do. Regardless of how people feel about interacting with

black people, the employer has an obligation to be fair in hiring practices.”

“I think it’s unfair that you decide against hiring someone just because you

don’t like interacting with people of that race.”

“Someone’s ability to be hired should never be based off of the color of their

skin or opinions of others.”

Note: a large majority of these statements occurred in the taste-based treatments.
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Examples of “wrong to use information” statements:

“He was going off of information that was basically gossip with his neighbor.”

“I feel like because he is basing who to hire on information and statistics

about local black workers, which he got from other owners. I don’t see that

as fair because everyone is different.”

“It’s crazy that a professional person would make a hire based on what a

neighbor said. It’s really racial profiling and not at all based on worker skills

or experience.”

Note: a large majority of these statements occurred in the statistical treatments.

Examples of “wrong to use tastes” statements:

“It is insane not to hire an employee simply because you do not like people

of their race. The individual shouldn’t be judged based on racist views.”

“Their preferences are racist and should not be taken into consideration.

Those customers need to overcome their racist tendencies, it is not the re-

sponsibility of the business to cater to them.”

“I think it’s unfair to avoid hiring an individual because you didn’t enjoy

interacting with other individuals from their race.”

Note: a large majority of these statements occurred in the taste-based treatments.
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Table B6.2: Summary of stated reasons why discrimination was “fair” or “very fair”

Count of responses

Reason:
Taste-based
Scenarios

Stastistical
Scenarios

All
Scenarios

Business must thrive 17 1 18
Statements about employer rights 8 6 14
OK to raise profits using statistical information 0 7 7
Total 25 14 39

Notes: 39 responses that fit these three categories were obtained from 128 respondents selecting
“unfair” or “very unfair” on the last scenario they encountered. 36 of the remaining answers
were “prefer not to answer”; the rest could not be deciphered, were irrelevant text (presumably
copied from the web), or not easily classifiable.

Examples of “business must thrive” statements:

“The hiring decision was fair because any individual in Michael’s shoes would

do anything within their power to protect their business by all means neces-

sary.”

“If clients do not like to interract (sic) with white personnel that means that

white workers hurt business.”

“He needs to retain his customers, so he should listen to what they want to

see in employees, even if their responses are a little uncomfortable.”

Note: almost all of these statements (16/17) were for the customer discrimination sce-

nario (more-justifiable, taste-based)
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Examples of “employer rights” statements:

“It’s his company he can hire whoever he choses (sic). He does not have to

give an answer to anyone or share his hiring views. He can choose what is

best at any time without answering to anyone.”

“Andrew does run the business so it is within his rights to not hire a black

man because he doesn’t enjoy interacting with them.”

“The employer should have the right to hire who he is most comfortable with

regardless of the reasons.”

Examples of “OK to use statistical information”:

“Michael’s hiring decision was fair because he collected details about Black

workers and their problems and decided to choose white employer (sic).”

“Data and reliable statistical proof is respected in every other type of research

and information gathering, why wouldn’t it carry weight in this type of situ-

ation as well?”

“Well, it was based on some sort of evidence-based reasoning process rather

than just a sentiment of not wanting to work with a White person.”

Note: All of these statements (7/7) were for statistical discrimination scenarios.
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B.7 Experimenter Demand Effects do not Explain

the Race Treatment Order Effects

In Section 2.5.1 of the paper, we proposed an explanation of the observed order

effects for the Black Treatment based on experimenter demand effects. According to

this hypothesis, subjects who first encounter a Black (White) discriminatee assume the

experimenters are liberals (conservatives), and then provide fairness assessments they

think will please liberals (conservatives). In this Appendix we test this hypothesis by

arguing that subjects who want to please the experimenters should also tailor their an-

swers to other survey questions to please the experimenters. In this regard, the survey

questions that seem most likely to be susceptible to such manipulation are (a) subjects’

assessments of Black peoples’ relative economic opportunities (BRO), and (b) subjects’

reported political orientations. This Appendix demonstrates that subjects’ answers to

these questions are not influenced by which discriminatee races they encountered earlier

in the survey, suggesting that experimenter demand effects probably do not account for

the order effects we see in subjects’ fairness assessments.

Specifically, Figure B7.1 reports the mean assessment of Black peoples’ relative eco-

nomic opportunities (BRO) for three groups of respondents: respondents who encoun-

tered the Black treatment in both Stages, respondents who encountered the White treat-

ment in both Stages, and subjects who encountered a mix of Black and White treatments.

The differences between the three groups are all small and statistically insignificant. Fig-

ure B7.2 replicates the analysis for subjects’ reported political leaning (on a scale from

-3 to +3). Finally, Figure B7.3 repeats this analysis separately for the share of sub-

jects reporting a Democratic or Republican party preference. In all cases, the effects of

being previous exposure to White versus Black experimental treatments are small and

statistically insignificant.
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Figure B7.1: Mean BRO Evaluation Across Respondents’ Survey Experience

Notes: BRO is the respondent’s assessment of Black peoples’ relative economic opportunity
on a scale of -3 (much less) to 3 (much more). The p-values below are clustered by respondent.

• Black Treatment in Both Stages vs Switchers = 0.938

• Switchers vs White Treatment in Both Stages = 0.624

• Black Treatment in Both Stages vs White Treatment in Both Stages = 0.655

If the respondents choose their BRO reports to cater to the (inferred) political preferences of
the experimenters, we should see a monotonic increase in BRO from left to right. Such an
increase is not present.
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Figure B7.2: Mean Political Leaning Across Respondents’ Survey Experience

Notes: Political leaning is the respondent’s self-description on a scale of -3 (very conservative)
to 3 (very liberal). The p-values below are clustered by respondent.

• Black Treatment in Both Stages vs Switchers = 0.471

• Switchers versus White Treatment in Both Stages = 0.758

• Black Treatment in Both Stages vs White treatment in Both Stages = 0.737

If the respondents modify their reported political leanings to cater to the (inferred) political
preferences of the experimenters, we should see a monotonic decrease (shift from liberal towards
conservative) from left to right. Such a decrease is not present.
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Figure B7.3 Reported Party Preference Across Respondents’ Survey Experience

(a)

(b)

Notes: The p-values below are clustered by respondent.

• For the fraction of Republican respondents:

– Black Treatment in Both Stages vs Switchers = 0.553

– Switchers versus White Treatment in Both Stages = 0.484

– Black Treatment in Both Stages vs White treatment in Both Stages = 0.305

• For the fraction of Democrat respondents:

– Black Treatment in Both Stages vs Switchers = 0.482

– Switchers versus White Treatment in Both Stages = 0.310

– Black Treatment in Both Stages vs White treatment in Both Stages = 0.173
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B.8 Estimating α

B.8.1 Splitting the Sample by Groups 1 and 2 (Business Rights

Advocates versus Utilitarians)

In this Section, we first document how the race treatment order effect differs between

respondent Groups 1 and 2. We show that these order effects are absent in Group 1

(the Business Rights Advocates). In Group 2 (the Utilitarians) the order effects are even

stronger than in the aggregate data. We next provide data that allow us to operationalize

the ‘trade-off’ model of Group 2’s ratings changes in Section 5.3 of the paper. Specifically,

Figures B8.1.1 and Figures B8.1.2 replicate Figure B3.4.1 (which showed that subjects’

Stage 2 fairness assessments depend on the race treatment they encountered in Stage 1)

separately for Groups 1 and 2.

Figure B8.1.1 shows the Stage 2 mean fairness ratings of respondents in Group 1,

disaggregated by the race treatments they encountered in both Stages of the experiment.

Perhaps the most noteworthy feature is that all the fairness assessments are positive

(discrimination is more fair than unfair), but small in value: All the means are between

0 (neither fair nor unfair) and 1 (somewhat fair). Closely related, Group 1’s fairness

assessments do not respond to the race treatments, nor do they depend on the order

in which the treatments are administered. Specifically, we cannot reject that Group 1’s

Stage 2 fairness assessments are unaffected by the treatment they encountered in Stage 1

(p = .582 for the Black treatment in Stage 2; p = .769 for the White treatment in Stage

2).

Turning to Group 2, Figure B8.1.2 shows a very different pattern. Now all the fair-

ness assessments are negative, but their magnitude is strongly related to the race of the

discriminatee. Figure B8.1.2 also shows that Group 2’s Stage 2 fairness ratings do de-
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pend on the discriminatee race they encountered in Stage 1. Specifically, respondents

who encountered the Black treatment in Stage 2 rated it as much less fair if they also

encountered it in Stage 1 than if they encountered a White discriminatee in Stage 1; this

difference is highly statistically significant (p = .013).

Finally, we apply a simple fairness reporting model to the preceding data to estimate

the relative weight Group 2 assigns to their utilitarian preferences, compared to race-

blindness. The model’s key identifying assumption is that respondents are not aware

of their desires to be race-blind until they encounter a race treatment switch in the

experiment. We estimate that members of Group 2 place roughly equal weight on these

two fairness criteria.
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Figure B8.1.1: Race Treatment Order Effects for Group 1 (Business Rights Advocates :
all conservatives, plus moderates and liberals with BRO ≥ 0)

Notes: Figure B8.1.1 shows that Group 1’s Stage 2 fairness ratings do not depend on the
discriminatee race they encountered in Stage 1. The p-values below are clustered by respondent.

• A vs B = 0.582

• C vs D = 0.769

• A vs C = 0.930

• B vs D = 0.921
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Figure B8.1.2: Race Treatment Order Effects for Group 2 (Utilitarians : moderates and
liberals with BRO < 0)

Notes: Figure B8.1.2 shows that Group 2’s Stage 2 fairness ratings do depend on the discrim-
inatee race they encountered in Stage 1. Specifically, respondents who encountered the Black
treatment in Stage 2 rated it as much less fair if they encountered a Black discriminatee in
Stage 1 than if they encountered a White discriminatee in Stage 1. The p-values below are
clustered by respondent.

• A vs B = 0.013

• C vs D = 0.269

• A vs C = 0.002

• B vs D = 0.740
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To calculate the relative weight assigned by Group 2 to their ‘true’ utilitarian fairness

rating, we assume that subjects’ Stage 1 assessments, B1
i and W 1

i represent their “true”

utilitarian ratings in a setting where they don’t need to consider race-blindness (B∗
i and

W ∗
i ). In Stage 2, race treatment switchers then face a conflict. For example, White-to-

Black switchers could either:

• Report their true rating of discrimination against the new group (B2
i = B∗

i ).

• Report the same rating they assigned in Stage 1 (B2
i = W 1

i ).

If switchers assign a weight α to their true rating, the Stage 2 ratings of W-to-B switchers

will be:

B2
i = αB∗

i + (1− α)W 1
i (B.1)

where:

• B∗
i is their individual, true assessment of anti-Black discrimination (not observed).

• W 1
i is their assessment of anti-White discrimination in Stage 1 (observed).

While B∗
i is not observed for W-to-B switchers, for any pre-defined group (e.g. Group 2),

random treatment assignment allows us to estimate its sample mean (B̄∗) from subjects

who received the Black treatment in Stage 1. Using this ‘trick’, we can calculate α

(separately) for W-to-B switchers and B-to-W switchers, yielding:

α = 0.49 for the White-to-Black switchers. (roughly equal weight)

α = 0.68 for the Black-to-White switchers more weight on the ‘truth’)

Statistically:

• For W-to-B switchers, we can reject both α = 0 and α = 1 (p = .000, p = .004).
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• For B-to-W switchers, we can reject both α = 0 and α = 1 (p = .000, p = .098).

• We cannot reject α = 0.5 for either type of switcher (p = .969, p = .220).

Thus, members of Group 2 behave as if they place about equal weight on utilitarian

and race-blind fairness criteria. Confidence intervals for α can be calculated separately

for W-B switchers and B-W switchers as:

W-to-B Switchers: [0.243,0.800]

B-to-W Switchers: [0.405, 1.075]

Thus, among W-to-B switchers (where the order effect is strongest) we can reject

both α = 0 and α = 1.
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B.8.2 Splitting the Sample by Political Leaning (conservatives

versus [moderates + liberals])

In this Section, we replicate Appendix B.8.1, splitting the sample by self-reported

political affiliation instead of Groups 1 versus 2 (as defined in Section 2.4.4). Since Groups

1 and 2 are predominantly conservative and moderate/liberal respectively, all the results

are very similar. Like Group 2, moderates and liberals exhibit a highly significant Race

treatment order effect (which we would expect since all Group 2 members are moderate

or liberal) and conservatives exhibit no such effect (which we expect since Group 1 is

mostly conservative). The estimates of α for [moderates + liberals] are very similar to

those for Group 2 as well.
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Figure B8.2.1: Race Treatment Order Effects for Conservative Respondents

Notes: Figure B8.2.1 shows that conservative respondents’ Stage 2 fairness ratings do not
depend on the discriminatee race they encountered in Stage 1. The p-values below are clustered
by respondent.

• A vs B = 0.739

• C vs D = 0.829

• A vs C = 0.750

• B vs D = 0.460

205



Additional Material for Chapter 2 Chapter B

Figure B8.2.2: Race Treatment Order Effects for Conservative Respondents

Notes: Figure B8.2.2 shows that moderate and liberal respondents’ Stage 2 fairness ratings do
depend on the discriminatee race they encountered in Stage 1. Specifically, respondents who
encountered the Black treatment in Stage 2 rated it as much less fair if they also encountered
it in Stage 1 than if they encountered a White discriminatee in Stage 1. The p-values below
are clustered by respondent.

• A vs B = 0.009

• C vs D = 0.336

• A vs C = 0.005

• B vs D = 0.443

206



Additional Material for Chapter 2 Chapter B

Using the same method as in Appendix B8.1, we can again calculate α (separately)

for W-to-B switchers and B-to-W switchers (among moderate and liberals respondents),

yielding:

α = 0.44 for the White-to-Black switchers. (slightly more weight on RBRs)

α = 0.62 for the Black-to-White switchers (slightly more weight on the ‘truth’)

Statistically:

• For W-to-B switchers, we can reject both α = 0 and α = 1. (p = .003, p = .007)

• For B-to-W switchers, we reject both α = 0 and α = 1. (p = .000, p = .067)

• We cannot reject α = 0.5 for either type of switcher (p = .678, p = .423).

Thus, moderates and liberals behave as if they place about equal weight on utilitarian

and race-blind fairness criteria. Confidence intervals for α can be calculated separately

for W-B switchers and B-W switchers as:

W-to-B Switchers: [0.155,0.791]

B-to-W Switchers: [0.348, 1.033]

Thus, among W-to-B switchers (where the order effect is strongest) we can reject

both α = 0 and α = 1.
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B.9 Replicating the Main Figures with ACS Weights

In this Appendix, we replicate Figures 2.2-2.8 with a set of post-stratification weights.

These weights were derived from the 2019 American Community Survey (ACS). They re-

weight our MTurk responses by the relative prevalence of our respondents in the ACS in

24 cells, defined by gender (male and female), race (White versus non-White), education

(HS/2-year college versus 4-year college or higher) and age (18-24 versus 25-44 versus 45

years of age or older). Table B9.1 shows the share of respondents in our MTurk sample

(unweighted), in our weighted MTurk sample, and in the ACS. We do not re-weight the

sample on political leaning here because the ACS does not contain that information.

Columns 1 and 3 of Table B9.1 show the sample composition of our MTurk respon-

dents and 2019 ACS respondents at least 18 years old. They show that men and White

respondents are modestly over-represented on MTurk. People between the ages of 25 and

44 and four-year college graduates are highly over-represented. Column 2 shows that our

weights do quite a good job of correcting for these forms of non-representativeness.

The remaining exhibits in this Appendix replicate Figures 2.2-2.8 using these weights.

All the main patterns discussed in the paper are also present here, with one small ex-

ception: the weak positive association between BRO and the fairness of discrimination

among conservative respondents in Figure 2.8(a) becomes somewhat stronger and sta-

tistically significant. Similar to Figure 2.8, however, the slope for conservatives remains

much lower than the slope for moderates / liberals.
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Table B9.1: Raw and Re-Weighted Sample composition, ACS weights.

CHARACTERISTIC MTurk Sample Weighted Sample 2019 ACS Sample
(1) (2) (3)

Male 0.600 0.522 0.487
Female 0.400 0.478 0.513
White respondent 0.780 0.673 0.628
Black respondent 0.115 0.327 0.372
Age 18-24 0.037 0.128 0.119
Age 25-44 0.729 0.368 0.343
Age 45 and over 0.234 0.504 0.538
High School, or 2-year/some college 0.294 0.671 0.694
4-year college or graduate school 0.706 0.329 0.307
Observations 642 642 2,599,171

Notes: Column 1 contains the percentage of respondents across various demographic
characteristics within the MTurk sample. Column 2 contains these percentages for the
2019 American Community Survey (ACS) sample for comparison.
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Figure B9.1: Fairness Ratings by Type of Discrimination and Justifiability (Replicates
Figure 2.2)

Less vs More Justifable Treatment

Overall: p = .000

Within taste-based: p = .000

Within statistical: p = .000

Taste vs Statistical Discrimination

Overall: p = .505

Within Less-Justifiable: p = .709

Within More-Justifiable: p = .170

Notes: Figure is based on Stage 1 observations. 95% confidence intervals are shown. p-values are
clustered by respondent.

Figure B9.2: Fairness by Justifiability and Discriminatee Race (replicates Figure 2.3)

Black vs White Treatment

Overall: p = .003

Within taste-based: p = .095

Within statistical: p = .002

Less vs More Justifiable Treatment

Overall: p = .000

Within Less-Justifiable: p = .000

Within More-Justifiable: p = .000

Notes: This figure is based on only Stage 1 observations. All p-values are clustered by respondent.
Within Black Discriminatees, less-justifiable scenarios are 1.068 units less fair. Within White Discrim-
inatees, less-justifiable scenarios are 1.527 units less fair. A test for equality of the Less versus More
Justifiability Gap between the Black and White treatment yields p = .140.
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Figure B9.4: Fairness Ratings by Political Orientation and Discriminatee Race (replicates
Figure 2.5)

Black vs White Treatment

Overall: p = .003

Within Conservatives: p = .449

Within Moderates: p = .052

Within Liberals: p = .000

Notes: his figure is based on only Stage 1 observations. All p-values are clustered by respondent. A
test for equality of the discriminatee race effect (i.e., the Black treatment) between moderate and liberal
respondents yields p = .058. A test for equality between conservatives and (moderates + liberals) yields
p = .006.

Figure B9.5: Mean Fairness Evaluations of Less- versus More-Justifiable Discrimination
Scenarios, by Respondent’s Political Leaning (replicates Figure 2.6)

Black vs White Treatment

Overall: p = .000

Within Conservatives: p = .000

Within Moderates: p = .000

Within Liberals: p = .000

Notes: This figure is based on only Stage 1 observations. All p-values are clustered by respondent. A
test for equality of the Less versus More Justifiability Gap across Conservatives, Moderates, and Liberals
yields p = .153.
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Figure B9.6 Respondents’ Perception of Black Peoples’ Relative Economic Opportunities
(BRO) by Political Leaning (replicates Figure 2.7)

Conservatives vs Moderates: p = .000

Moderates vs Liberals: p = .848

Liberals vs Conservatives: p = .084

Notes: BRO is the respondent’s assessment of Black peoples’ relative economic opportunity on a scale
of -3 (much less) to 3 (much more). This figure is based on only Stage 1 observations. All p-values are
clustered by respondent. A test for equality of BRO across all three political groups yields p = .010.
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Figure B9.7: Political Differences in Fairness Ratings, by Perceived Relative Opportuni-
ties (BRO) and Discriminatee Race (replicates Figure 2.8)

Notes: Symbol size is proportional to the number of respondents. Sample is restricted to Stage 1
fairness assessments only. The p-values below are clustered by respondent, except for those pertaining
to Panel (c).

• Panel (a), Discrimination against Black Applicants

– For Conservatives: slope = 0.232, p = .021

– For Moderates and Liberals, slope = 0.441, p = .000

• Panel (b), Discrimination against White Applicants

– For Conservatives: slope = 0.265, p = .204

– For Moderates and Liberals, slope = 0.242, p = .000
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B.10 Replicating the Main Figures with GSSWeights

In this Appendix, we replicate Figures 2.2-2.8 with an alternative set of post-stratification

weights. These weights were derived from the 2020 General Social Survey (GSS), and

they are based only on a 7-point political leaning scale (i.e., extremely conservative, con-

servative, slightly conservative, moderate, slightly liberal, liberal, and extremely liberal).

Columns 1 and 3 of Table B10.1 show the sample composition of our MTurk respondents

and 2020 GSS respondents at least 18 years old. Overall, MTurk respondents differ from

the GSS in two main ways: First, compared to the GSS a smaller share of MTurk respon-

dents choose the middle three categories: ‘moderate’ or ‘slightly’ liberal / conservative,

while MTurkers are also more likely to locate in the two ‘extreme’ categories. In this

sense, MTurkers are politically more extreme than GSS respondents.3 Second, almost

identical shares of MTurkers and GSS respondents choose some degree of conservative

leaning (ranging from slight to extreme), but many more MTurkers choose some liberal

leaning (47.3 versus 30.2 percent). Thus, on average, MTurkers are also more liberal than

the U.S. population as a whole. Because our weights do not interact political leaning

with any other characteristics, the weighted MTurk sample in column 2 of Table B10.1

mimics the GSS sample perfectly.4

The remaining exhibits in this Appendix replicate Figures 2.2-2.8 using these weights.

All the main patterns discussed in the paper are also present here. The one exception

noted with the ACS weights in Appendix B.9 does not occur here, suggesting that the

unusual political mix of MTurkers is not responsible for any of the main results in the

paper.

3It is possible, however, that some of this is caused by a difference in phrasing of the middle category
between the two surveys. See Appendix B.2 for additional details.

4Because of the small size of the MTurk and GSS samples, we did not re-weight our MTurk sample
to mimic GSS demographic characteristics; attempts to do this yielded highly extreme and imprecise
weights.
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Table B10.1: Raw and Re-Weighted Sample composition, GSS weights.

CHARACTERISTIC MTurk Sample of Weighted Sample GSS Sample
(1) (2) (3)

Extremely conservative 0.101 0.051 0.051
Conservative 0.164 0.168 0.168
Sightly conservative 0.092 0.146 0.146
Moderate 0.170 0.332 0.332
Slightly liberal 0.095 0.121 0.121
Liberal 0.274 0.132 0.132
Extremely Liberal 0.104 0.104 0.049
Observations 642 642 1,776

Notes: Column 1 contains the percentage of respondents across various demographic charac-
teristics within the MTurk sample. Column 2 contains these percentages for the 2019 American
Community Survey (ACS) sample for comparison.
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Figure B10.1: Fairness Ratings by Type of Discrimination and Justifiability (Replicates
Figure 2.2)

Less vs More Justifable Treatment

Overall: p = .000

Within taste-based: p = .000

Within statistical: p = .000

Taste vs Statistical Discrimination

Overall: p = .813

Within Less-Justifiable: p = .610

Within More-Justifiable: p = .907

Notes: Figure is based on Stage 1 observations. 95% confidence intervals are shown. p-values are
clustered by respondent.

Figure B10.2: Fairness by Justifiability and Discriminatee Race (replicates Figure 2.3)

Black vs White Treatment

Overall: p = .000

Within taste-based: p = .001

Within statistical: p = .001

Less vs More Justifiable Treatment

Overall: p = .000

Within Less-Justifiable: p = .000

Within More-Justifiable: p = .000

Notes: This figure is based on only Stage 1 observations. All p-values are clustered by respondent.
Within Black Discriminatees, less-justifiable scenarios are 0.914 units less fair. Within White Discrim-
inatees, less-justifiable scenarios are 0.865 units less fair. A test for equality of the Less versus More
Justifiability Gap between the Black and White treatment yields p = .744.

217



Additional Material for Chapter 2 Chapter B

F
ig
u
re

B
10
.3

F
ai
rn
es
s
R
at
in
gs

b
y
R
es
p
on

d
en
t
R
ac
e
an

d
D
is
cr
im

in
at
ee

R
ac
e
(r
ep
li
ca
te
s
F
ig
u
re

2.
4)

(a
)

(b
)

(c
)

B
la
ck

v
s
W

h
it
e
T
re

a
tm

e
n
t

O
ve
ra
ll
:
p
=

.0
0
0

W
it
h
in

W
h
it
e
re
sp
o
n
d
en
ts
:
p
=

.0
0
0

W
it
h
in

B
la
ck

re
sp
o
n
d
en
ts
:
p
=

.5
8
3

W
it
h
in

O
th
er

re
sp
o
n
d
en
ts
:
p
=

.2
7
9

N
o
te
s:

T
h
is

fi
gu

re
is

b
as
ed

on
on

ly
S
ta
ge

1
o
b
se
rv
a
ti
o
n
s.

A
ll

p
-v
a
lu
es

a
re

cl
u
st
er
ed

b
y
re
sp
o
n
d
en
t.

A
te
st

fo
r
eq
u
a
li
ty

o
f
th
e

d
is
cr
im

in
at
ee

ra
ce

eff
ec
t
(i
.e
.
th
e
B
la
ck

tr
ea
tm

en
t)

a
cr
o
ss

a
ll
th
re
e
ra
ci
a
l
g
ro
u
p
s
y
ie
ld
s
p
=

.8
2
7
.

218



Additional Material for Chapter 2 Chapter B

Figure B10.4: Fairness Ratings by Political Orientation and Discriminatee Race (repli-
cates Figure 2.5)

Black vs White Treatment

Overall: p = .000

Within Conservatives: p = .323

Within Moderates: p = .000

Within Liberals: p = .000

Notes: his figure is based on only Stage 1 observations. All p-values are clustered by respondent. A
test for equality of the discriminatee race effect (i.e., the Black treatment) between moderate and liberal
respondents yields p = .628. A test for equality between conservatives and (moderates + liberals) yields
p = .001. s and (moderates + liberals) yields p = .006.

Figure B10.5: Mean Fairness Evaluations of Less- versus More-Justifiable Discrimination
Scenarios, by Respondent’s Political Leaning (replicates Figure 2.6)

Black vs White Treatment

Overall: p = .000

Within Conservatives: p = .000

Within Moderates: p = .000

Within Liberals: p = .000

Notes: This figure is based on only Stage 1 observations. All p-values are clustered by respondent. A
test for equality of the Less versus More Justifiability Gap across Conservatives, Moderates, and Liberals
yields p = .541.

219



Additional Material for Chapter 2 Chapter B

Figure B10.6 Respondents’ Perception of Black Peoples’ Relative Economic Opportunities
(BRO) by Political Leaning (replicates Figure 2.7)

Conservatives vs Moderates: p = .000

Moderates vs Liberals: p = .001

Liberals vs Conservatives: p = .000

Notes: BRO is the respondent’s assessment of Black peoples’ relative economic opportunity on a scale
of -3 (much less) to 3 (much more). This figure is based on only Stage 1 observations. All p-values are
clustered by respondent. A test for equality of BRO across all three political groups yields p = .505.
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Figure B10.7: Political Differences in Fairness Ratings, by Perceived Relative Opportu-
nities (BRO) and Discriminatee Race (replicates Figure 2.8)

Notes: Symbol size is proportional to the number of respondents. Sample is restricted to Stage 1
fairness assessments only. The p-values below are clustered by respondent, except for those pertaining
to Panel (c).

• Panel (a), Discrimination against Black Applicants

– For Conservatives: slope = 0.114, p = .231

– For Moderates and Liberals, slope = 0.367, p = .000

• Panel (b), Discrimination against White Applicants

– For Conservatives: slope = 0.250, p = .096

– For Moderates and Liberals, slope = 0.254, p = .001
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B.11 Replicating the Main Figures with Standard-

ized Fairness Measures

In this section, we replicate the main figures and table by using a standardized version

of our fairness ratings. Therefore, all of the means displayed in Figures 2.2-2.8 illustrate

deviations from the mean fairness rating for the entire sample, i.e., -0.286 on a scale of

-3 to 3 where the standard deviation is 1.920.5 We also standardize the BRO (Black

relative opportunity) measure, where its mean is -0.886, also on a scale of -3 to 3 where

the standard deviation is 1.498. In short, all of the figures are comparable to the ones

using the raw fairness and BRO measures.

5Specifically, we standardize our fairness evaluation measures with respect to the full sample.

222



Additional Material for Chapter 2 Chapter B

Figure B11.1: Fairness Ratings by Type of Discrimination and Justifiability (Replicates
Figure 2.2)

Less vs More Justifable Treatment

Overall: p = .000

Within taste-based: p = .000

Within statistical: p = .000

Taste vs Statistical Discrimination

Overall: p = .971

Within Less-Justifiable: p = .779

Within More-Justifiable: p = .710

Notes: This figure is based on Stage 1 observations. 95% confidence intervals are shown. p-values are
clustered by respondent.

Figure B11.2: Fairness by Justifiability and Discriminatee Race (replicates Figure 2.3)

Black vs White Treatment

Overall: p = .000

Within taste-based: p = .002

Within statistical: p = .000

Less vs More Justifiable Treatment

Overall: p = .000

Within Less-Justifiable: p = .000

Within More-Justifiable: p = .000

Notes: Figure is based on Stage 1 observations only. 95% confidence This figure is based on only Stage
1 observations. All p-values are clustered by respondent. Within Black Discriminatees, less-justifiable
scenarios are 0.469 standard deviations less fair. Within White Discriminatees, less-justifiable scenarios
are 0.495 standard deviations less fair. A test for equality of the Less versus More Justifiability Gap
between the Black and White treatment yields p = .679.
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Figure B11.4: Fairness Ratings by Political Orientation and Discriminatee Race (repli-
cates Figure 2.5)

Black vs White Treatment

Overall: p = .000

Within Conservatives: p = .448

Within Moderates: p = .000

Within Liberals: p = .000

Notes: This figure is based on only Stage 1 observations. All p-values are clustered by respondent. A
test for equality of the discriminatee race effect (i.e., the Black treatment) between moderate and liberal
respondents yields p = .567. A test for equality between conservatives and (moderates + liberals) yields
p = .001.

Figure B11.5: Mean Fairness Evaluations of Less- versus More-Justifiable Discrimination
Scenarios, by Respondent’s Political Leaning (replicates Figure 2.6)

Black vs White Treatment

Overall: p = .000

Within Conservatives: p = .000

Within Moderates: p = .000

Within Liberals: p = .000

Notes: This figure is based on only Stage 1 observations. All p-values are clustered by respondent. A
test for equality of the discriminatee race effect (i.e., the Black treatment) between moderate and liberal
respondents yields p = .567. A test for equality between conservatives and (moderates + liberals) yields
p = .001.
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Figure B11.6 Respondents’ Perception of Black Peoples’ Relative Economic Opportunities
(BRO) by Political Leaning (replicates Figure 2.7)

Conservatives vs Moderates: p = .000

Moderates vs Liberals: p = .001

Liberals vs Conservatives: p = .000

Notes: BRO is the respondent’s assessment of Black peoples’ relative economic opportunity, where the
raw measure runs on a scale of -3 (much less) to 3 (much more). However, this figure is based on a
standardized version of BRO. It is based on only Stage 1 observations. All p-values are clustered by
respondent. A test for equality of BRO across all three political groups yields p = .577.
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Figure B11.7: Political Differences in Fairness Ratings, by Perceived Relative Opportu-
nities (BRO) and Discriminatee Race (replicates Figure 2.8)

Notes: Symbol size is proportional to the number of respondents. Sample is restricted to Stage 1
fairness assessments only. The p-values below are clustered by respondent, except for those pertaining
to Panel (c).

• Panel (a), Discrimination against Black Applicants

– For Conservatives: slope = 0.093, p = .218

– For Moderates and Liberals, slope = 0.369, p = .000

• Panel (b), Discrimination against White Applicants

– For Conservatives: slope = 0.218, p = .094

– For Moderates and Liberals, slope = 0.224, p = .000
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B.12 Replicating the Main Figures for ‘Thoughtful’

Subjects Only

In this Appendix, we replicate Figures 2.2-2.8 with a subsample of “thoughtful” re-

spondents. These respondents took more than the median amount of time (i.e., 8.37

minutes) to read our vignettes and think about their fairness assessments. This sample

is composed of approximately 30% of respondents who identify as conservatives, 35%

who identify as moderates, and 35% who identify as liberals. A comparison in the demo-

graphics between the full sample and subsample of thoughtful respondents is provided

below in Table B12.1.
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Table B12.1: Demographic Composition of MTurk Sample versus the American Commu-
nity Survey (ACS)

CHARACTERISTIC MTurk Sample “Thoughtful Sub-sample
(1) (2)

Male 0.600 0.553
Female 0.400 0.447
White respondent 0.780 0.750
Black respondent 0.115 0.131
Asian respondent 0.042 0.038
Hispanic respondent 0.037 0.044
Indigenous respondent 0.009 0.016
Islander respondent 0.005 0.009
Other race respondent 0.011 0.013
Age 18-24 0.037 0.022
Age 25-34 0.435 0.488
Age 35-44 0.294 0.256
Age 45-54 0.146 0.138
Age 55-64 0.061 0.066
Age 65 and over 0.026 0.031
High School or less 0.098 0.066
2-year or some college 0.196 0.147
4-year college or university 0.519 0.566
Higher degree 0.187 0.223
Observations 642 320

Notes: This table is similar to Table B2.1, but it compares the full MTurk sample with the
sub-sample of “thoughtful” respondents.
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Figure B12.1: Fairness Ratings by Type of Discrimination and Justifiability (Replicates
Figure 2.2)

Less vs More Justifable Treatment

Overall: p = .000

Within taste-based: p = .000

Within statistical: p = .000

Taste vs Statistical Discrimination

Overall: p = .918

Within Less-Justifiable: p = .824

Within More-Justifiable: p = .953

Notes: Figure is based on Stage 1 observations. 95% confidence intervals are shown. p-values are
clustered by respondent.

Figure B12.2: Fairness by Justifiability and Discriminatee Race (replicates Figure 2.3)

Black vs White Treatment

Overall: p = .000

Within taste-based: p = .007

Within statistical: p = .004

Less vs More Justifiable Treatment

Overall: p = .000

Within Less-Justifiable: p = .000

Within More-Justifiable: p = .000

Notes: This figure is based on only Stage 1 observations. All p-values are clustered by respondent.
Within Black Discriminatees, less-justifiable scenarios are 0.861 units less fair. Within White Discrim-
inatees, less-justifiable scenarios are 0.825 units less fair. A test for equality of the Less versus More
Justifiability Gap between the Black and White treatment yields p = .845.
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Figure B12.4: Fairness Ratings by Political Orientation and Discriminatee Race (repli-
cates Figure 2.5)

Black vs White Treatment

Overall: p = .002

Within Conservatives: p = .323

Within Moderates: p = .000

Within Liberals: p = .000

Notes: This figure is based on only Stage 1 observations. All p-values are clustered by respondent. A
test for equality of the discriminatee race effect (i.e., the Black treatment) between moderate and liberal
respondents yields p = .880. A test for equality between conservatives and (moderates + liberals) yields
p = .003.

Figure B12.5: Mean Fairness Evaluations of Less- versus More-Justifiable Discrimination
Scenarios, by Respondent’s Political Leaning (replicates Figure 2.6)

Black vs White Treatment

Overall: p = .000

Within Conservatives: p = .000

Within Moderates: p = .000

Within Liberals: p = .000

Notes: This figure is based on only Stage 1 observations. All p-values are clustered by respondent. A
test for equality of the Less versus More Justifiability Gap across Conservatives, Moderates, and Liberals
yields p = .590.
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Figure B12.6 Respondents’ Perception of Black Peoples’ Relative Economic Opportunities
(BRO) by Political Leaning (replicates Figure 2.7)

Conservatives vs Moderates: p = .003

Moderates vs Liberals: p = .145

Liberals vs Conservatives: p = .000

Notes: BRO is the respondent’s assessment of Black peoples’ relative economic opportunity on a scale
of -3 (much less) to 3 (much more). This figure is based on only Stage 1 observations. All p-values are
clustered by respondent. A test for equality of BRO across all three political groups yields p = .672.
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Figure B12.7: Political Differences in Fairness Ratings, by Perceived Relative Opportu-
nities (BRO) and Discriminatee Race (replicates Figure 2.8)

Notes: Symbol size is proportional to the number of respondents. Sample is restricted to Stage 1
fairness assessments only. The p-values below are clustered by respondent, except for those pertaining
to Panel (c).

• Panel (a), Discrimination against Black Applicants

– For Conservatives: slope = 0.122, p = .211

– For Moderates and Liberals, slope = 0.428, p = .000

• Panel (b), Discrimination against White Applicants

– For Conservatives: slope = 0.201, p = .281

– For Moderates and Liberals, slope = 0.140, p = .106
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P Populated Pre-Analysis Plan

On September 21, 2020, we posted a pre-analysis plan on the AEA RCT Registry.6

Our experiment was conducted on MTurk in multiple waves between September 22 and

October 6, 2020, yielding a final sample of 642 respondents. For each research question

in the PAP, this Appendix does two things:

• We present and discuss the results of any exact statistical test or regression analysis

that was proposed in the PAP.

• We describe where and how we ultimately addressed that research question in the

paper.

Following the PAP (which is downloadable from the AEA Registry), the first three Sec-

tions of this Appendix focus on three research questions in turn: establishing the main

facts, exploring some simple models of subjective fairness, and robustness/heterogene-

ity.7 For easy comparison, all these Sections and sub-Sections are numbered in the same

way as the PAP. The final Section of the Appendix summarizes the main similarities and

differences between the PAP and the paper.

6Our PAP can be downloaded from the AEA RCT Registry under the following entry: Kuhn,
Peter and Trevor Osaki. 2020. “When is Discrimination Unfair?.” AEA RCT Registry.
https://doi.org/10.1257/rct.6409-1.0.

7As proposed in the PAP, the fairness measures used within the following analyses are standardized
with respect to the full sample.
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P1 Establish the Main Facts

P1.1 Is Taste-Based Discrimination Seen as Less Fair than Statistical Dis-

crimination?

P1.2 How Do People Respond to Sub-types of Taste-Based and Statistical

Discrimination?

P1.3 Do People React Differently to Discrimination Against Their Own Race

versus Other Races?

PAP items 1.1-1.3 proposed simple t-tests of the above hypotheses, all conducted on

the full sample of survey responses, clustering standard errors by respondent. These tests

are implemented as univariate regressions in Table P1.1, which shows that:

• Contrary to what we expected from our reading of the economics literature, respon-

dents do not distinguish between scenarios that depict taste-based versus statistical

discrimination.

• As hypothesized, respondents object more strongly to taste-based discrimination

by employers when it is based on the employer’s own tastes (rather than the tastes

of his customers).

• As hypothesized, respondents object more strongly to statistical discrimination

based on low-quality information, compared to high-quality information.

• Respondents object more strongly to anti-Black than to anti-White discrimination.

While the point estimate of this discriminatee race effect is similar for White and

Non-White respondents, it is not statistically significant in the non-White sample,

which is much smaller in size.
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In the paper, we use similar t-tests to compare the fairness of Statistical and Taste-

Based Discrimination, as well as the sub-types of each (which we collectively call more-

versus less-justifiable discriminatory acts) in Figure 2.2. The only difference from the PAP

is that we restrict the sample to Stage 1 survey responses. This was to avoid possible

contamination by the question order effects for the race treatment we discovered. The

results are essentially identical to the PAP. We explored how the discriminatee race effect

varies with the respondent’s own race in Figure 2.4 (which implements a similar t-test)

and discuss the implications of our findings for the racial in-group bias model in Section

2.4.2. The in-group bias model is rejected in all cases.

Motivated by the race treatment order effects described above, research questions 1.4-

1.6 and 2.1–2.4 all restrict their analysis to Stage 1 responses when they are addressed

in the paper. (Here in the populated PAP we use all responses, as originally specified.)8

P1.4 Determinants of Black People’s Perceived Relative Opportunities (BRO)

PAP item 1.4 proposed to address the question “How Do Perceptions of Black and

White Peoples’ Relative Opportunities Vary with Race, Gender, Age, and Political Pref-

erences?” by running the following regression:

BROi = α + θ1RRi + θ2RGi + θ3RAi + θ4RPi + ϵi (P.1)

where BROi is respondent i’s assessment of Black peoples’ relative opportunities.9 RR,

RG, RA, and RP represent (sets of) dummy variables for respondent race, gender, age,

and political preferences, respectively. The PAP stated that we do not have strong priors

for these effects, though we noted that factors like in-group bias could generate motivated

8Except in the small handful of cases where noted, this sample restriction has no effect on the results.
9Due to a cut-and-paste error, the PAP erroneously stated that equation P.1 would be estimated

using about 2400 fairness assessments (about 600 from each subject). BRO was elicited only once per
subject in the survey, however, so the actual regression only contains one observation per respondent.
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beliefs about relative opportunities. The results of this regression are reported in Table

P1.4.

According to the Table, respondents’ race, gender, and age do not have significant

effects on their perceptions of BRO. Democrats, Independents, Liberals, and Moderates

all believe that Black people have fewer economic opportunities than Republicans and

Conservatives. Finally, as discussed in the paper, the perceived fairness of discriminatory

acts increases with the respondent’s education level.

In the paper, Figure 2.6 shows the relationship between the respondent’s political

leaning and BRO (essentially the θ4 coefficients in equation (P.1), without the other

controls). The results are very similar. Here, as in most of the paper, we use only

political orientation (not party preference) to summarize respondents’ political stance,

in part because independent voters appear to be a more heterogeneous group than self-

identified moderates.
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Table P1.4: How Do Perceptions of Relative Opportunities Vary with Characteristics?

(1)

Black respondent -0.00337
(0.107)

Other race respondent -0.107
(0.136)

Male 0.0693
(0.0784)

Age 35-44 -0.0494
(0.0915)

Age 45-54 -0.161
(0.105)

Age 55 and over -0.122
(0.144)

Democrat -0.446***
(0.102)

Independent or other party -0.321**
(0.130)

Liberal -0.449***
(0.119)

Moderate -0.223**
(0.110)

Four-year college 0.193**
(0.0849)

Graduate School 0.282**
(0.117)

Constant 0.363***
(0.129)

Observations 642
R-squared 0.135

Notes: This table contains the results of estimating equation (P.1). The outcome vari-
able, BRO, ranges from -3 and 3. Two stars indicate a five percent significance level, and
three stars indicate a one percent level.
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P1.5 Determinants of the Discriminatee Race Effect

PAP item 1.5 addresses the question “How Does Racial Bias in Fairness Assessments

vary with Race, Gender, Age, and Political Preferences?” Pooling all respondent races,

all treatments, and both stages of the survey we proposed to run the following regression

on a sample of about 2400 fairness assessments:

FAIRi = α + β1Tij + β2(Sij ij + β3(Tij × Eij) + δBij + γ1RRi

+ γ2RGi + γ3RAi + γ4RPi + φ1(RRi ×Bij)

+ φ2(RGiij) + φ3(RAi ×Bij) + φ4(RPi ×Bij) + ϵij

(P.2)

where FAIRij is respondent i’s assessment of the fairness of scenario j. In equation (P.2),

S and T are dummies for statistical and taste-based discrimination, and L (low quality

information) and E (employer tastes) are dummies for the sub-types of discrimination

that we hypothesize will be viewed more harshly by respondents. Thus, we expect β2 < 0

and β3 > 0 Together, the β coefficients summarize the effects of the types of discrimina-

tory actions described in our vignettes. Bij equals one if the (fictional) discriminatee is

Black. Of central interest, the φ coefficients will reveal how the effect of (being randomly

exposed to) a Black discriminatee (Bij) varies with the race, gender, age, and political

leanings of the survey respondent.

Results from this regression are displayed in Table P1.5. Panel A shows our ex-

perimental treatment effects for a respondent with baseline characteristics (in this case

White, female, age 18-34, Republican, conservative, 2 years of college or less). Repli-

cating earlier results, it shows that respondents do not distinguish between Taste-Based

and Statistical discrimination, but they do care about the sub-types of each. Also, these

baseline respondents (who are politically conservative) do not consider the race of the

discriminatee when making their fairness assessments. Panel B reproduces other results
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we have already established: respondent race, gender and age do not affect fairness as-

sessments, but education and political preferences do. Finally, with the exception of an

apparently anomalous effect for respondents over age 55, the only respondent characteris-

tic that significantly interacts with the Black experimental treatment is political leaning:

As is documented and explored more fully in the paper, liberal and moderate respon-

dents (unlike conservative respondents) rate discrimination against Black job applicants

as significantly less fair than (the same act of) discrimination against White applicants.

In the paper, Figure 2.4 displays the discriminatee race effect by respondent race

(essentially, equation P.2’s φ1 coefficient, but without the other controls). As in Table

P1.3, we find no significant differences between the racial groups. Figure 2.5 displays the

discriminatee race effect by political orientation (essentially φ4). As in Table P1.3, we

find large differences: conservatives do not consider respondent race but moderates and

liberals do.
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Table P1.5: How Does Racial Bias in Fairness Assessments vary with Respondent Char-
acteristics?

coefficient s.e.
A. Treatment Effects:
Taste-based -0.0465 (0.0489)
Statistical × Low-quality info -0.490*** (0.0390)
Taste-based × Customer -0.474*** (0.0355)
Black discriminatee 0.0336 (0.130)
B. Respondent Characteristics
Black respondent 0.0627 (0.125)
Other race respondent -0.138 (0.122)
Male 0.0272 (0.0764)
Age 35-44 -0.0392 (0.0859)
Age 45-54 -0.0794 (0.108)
Age 55 and over 0.0461 (0.135)
Democrat -0.233*** (0.0858)
Independent or other party -0.320*** (0.121)
Liberal -0.190* (0.104)
Moderate -0.131 (0.103)
Four-year college or university 0.240*** (0.0841)
Graduate school 0.433*** (0.107)
C. Race Treatment × Respondent Characteristics
Black Discriminatee × Black respondent 0.0301 (0.102)
Black Discriminatee × Other race respondent 0.0844 (0.148)
Black Discriminatee × Male respondent 0.104 (0.0838)
Black Discriminatee × Age 35-44 -0.0686 (0.102)
Black Discriminatee × Age 45-54 0.0471 (0.111)
Black Discriminatee × 55 and over -0.300** (0.140)
Black Discriminatee × Democrat -0.110 (0.0938)
Black Discriminatee × Indep. or other party 0.0310 (0.1390)
Black Discriminatee × Liberal -0.270** (0.114)
Black Discriminatee × Moderate -0.266** (0.112)
Black Discriminatee × Four-year college 0.0447 (0.0938)
Black Discriminatee × Graduate school -0.120 (0.118)

Constant 0.427** (0.133)
Observations 2,568
R-squared 0.169

Notes: This table contains the results of estimating equation (P.2) from the pre-analysis plan.
One star indicates a ten percent significance level, two stars indicate a five percent level, and
three stars indicate a one percent level. Standard errors (s.e.) are clustered by the respondent.
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P1.6 The Relative Importance of “Actions” versus “Identity”

PAP item 1.6 addresses the question “What Matters More for the Perceived Fairness

of Discrimination: Actions or Identity?” Here we again pool all respondent races, all

treatments, and both stages of the survey to obtain about 2400 evaluations of discrimi-

natory acts from about 600 respondents. In this sample, we run the following regression:

FAIRij = α + β1Tij + β2(Sij × Lij) + β3(Tij × Eij)

+ δ1RWi + δ2RBi + δ3(RWi ×Bij) + δ4(ROi ×Bij)

+ δ5(RBi ×Bij) + ϵij

(P.3)

As in equation (P.2), the β coefficients capture the effects of the types of discriminatory

actions in our survey in the greatest detail possible. The δ coefficients use a relatively

expansive set of respondent race categories (White (RW), Black (RB) and Other (RO)),

interacted with the Black experimental treatment (B) to capture the effects of racial

identity on perceived fairness of discrimination.10

As laid out in the PAP, Table P1.6 estimates equation (P.3) three different ways:

in its entirety (column 1), then using only the “actions” or “identity” covariates alone

(columns 2 and 3). Comparing the regression R2s, it is clear that actions explain much

more of the variation fairness assessments (5.8%) than the identities of the respondent

and the (fictitious) discriminatee (1.3%).

While we still think it is of some interest, we chose not to focus on Table P1.6’s

actions vs. identity decomposition in the paper. That said, we note that Table P1.6’s

results (that actions matter more) are consistent with three of the paper’s main findings:

10As already noted, in most of our analysis we use only two racial categories –White and Non-
White—since we do not expect to have enough Black respondents to treat them separately. Here,
however, our goal is to absorb as much variation in both actions and racial identity as possible, to see
which contributes the most to perceptions of fairness.
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(i) that respondents of all political orientations care strongly, and in the same, race-blind

way, about the justifiability of actions; (ii) that the respondent’s race does not markedly

affect fairness assessments; and (iii) that only moderate/liberal respondents care about

the race of the (fictional) discriminatee.

Table P1.6: What Matters More – Actions or Identity?

Actions & Identity Actions Identity
(1) (2) (3)

Taste-based -0.0533 -0.0467
(0.0488) (0.0493)

Statistical × Low-quality info -0.490*** -0.490***
(0.0389) (0.0388)

Taste-based × Employer -0.474*** -0.474***
(0.0354) (0.0354)

White respondent 0.179 0.178
(0.122) (0.122)

Black respondent 0.364** 0.363**
(0.172) (0.172)

Black Discriminatee × White resp. -0.191*** -0.190***
(0.0476) (0.0475)

Black Discriminatee × Other race resp. -0.0635 -0.0627
(0.124) (0.124)

Black discriminatee × Black resp. -0.214 -0.217
(0.146) (0.146)

Constant 0.178 0.264*** -0.0889
(0.119) (0.0405) (0.115)

Observations 2,568 2,568 2,568
R-squared 0.072 0.058 0.013

Notes: This table contains the results of estimating equation (P.3) from the pre-analysis plan.
Column 1 includes all the covariates of this equation. Column 2 only includes the covariates
pertaining to the types of discriminatory scenarios. Finally, Column 3 only includes the co-
variates pertaining to respondents’ racial groups. Two stars indicate a five percent significance
level, and three stars indicate a one percent level. Standard errors are clustered by the respon-
dent.
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P2 Exploring Some Simple Models of Subjective Fairness

P2.1 The Utilitarian Social Preference Model

P2.2 The Rules-Based Fairness Model

P2.3 The In-Group Bias Model

In these three parts of the PAP we proposed to explore the potential of three possible

models of fairness –utilitarianism, rules-based fairness, and in-group bias– in accounting

for our respondents’ fairness assessments. This was done by estimating variations of the

following generalized regression model:

FAIRij = α + βAij + δBij + ϵij (P.4)

where Aij is a set of dummy variables capturing the types and sub-types of discriminatory

actions that took place in the scenario (e.g. employer-based taste discrimination), and

Bij indicates a (randomly assigned) Black discriminatee. Results from these regressions

are provided in Table P2.1.

Columns 1 and 2 include all respondents, regardless of their race. They show sup-

port for both rules-based fairness (because the sub-types of discrimination matter) and

utilitarianism (because anti-Black discrimination is seen as less fair than anti-White dis-

crimination). Columns 3 and 4 restrict attention to White respondents, with similar

results. However, the fact that White respondents, as a group, see anti-Black discrimina-

tion is seen as less fair than anti-White discrimination is inconsistent with the in-group

bias model. Finally, Columns 5 and 6 restrict attention to non-White respondents. Inter-

estingly, while statistical power for this group is lower, the respondent-fixed-effect model

suggests that these respondents react to all our experimental treatments (including dis-

criminatee race) the same way. Overall, these results are much more consistent with a
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model in which White and non-White respondents share similar utilitarian preferences

than a model of racial in-group bias.

In the paper, the “utilitarian social preferences model” (now Utilitarianism) is

tested in Section 2.4.1. While reject the model for conservative respondents, it is con-

sistent with the response behavior of moderates and liberals. The “rules-based fairness

model” (now Race-Blind Rules, or RBRs) is tested in Section 2.4.3. In this model, re-

spondents care about the actions that were taken (Tastes vs. Statistical, more- versus

less justifiable); further, their valuations of these actions should be invariant to the race

of the discriminatee. (For example, if a less-justifiable act is X units less fair than a

more-justifiable act against a White discriminatee, the same fairness penalty should ap-

ply to a Black discriminatee). We find strong support for this model for respondents of

all political leanings. Finally, the “in-group bias model” (now labeled more precisely as

racial in-group bias) is tested in Section 2.4.2. Our statistical power is too low to draw

conclusions for non-White respondents, but (as in the PAP) we decisively reject it for

White respondents.
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P2.4 A Hybrid Model: Conditional Utilitarianism

In this part of the PAP we explore the potential for a conditional utilitarianism model

(where different beliefs about relative opportunities explain different discriminatee race

effects). Separately for White and Black respondents, we divide respondents into two

groups: those who believe Black people have fewer economic opportunities (BFO), and

those who believe that Black people have the same or more opportunities (BMO).11

We then expand equation (P.4) to include interactions between the Black treatment (B,

where the discriminatee is Black) and BMO, as follows:

FAIRij = α + βAij + δ1BMOi + δ2(BFOi ×Bij) + δ3(BMOi ×Bij) + ϵij (P.5)

In equation (P.5), δ1 measures the extent to which discrimination against White people

(the omitted discriminatee category) is more acceptable among respondents who believe

that Black people have more economic opportunities than among respondents with the

opposite belief. If our respondents are conditional utilitarians – i.e. they are less tolerant

of discrimination against people whom they believe have fewer opportunities (who are

White in this case) – we should see δ1 < 0. Under the conditional utilitarian model we

should also see that people who believe that Black people have fewer opportunities (BFO

= 1) react more negatively to discrimination against Black people than against White

people δ2 < 0). Similarly, people who believe that Black people have more opportunities

should react less negatively to discrimination against Black people than against White

people (δ3 > 0).

11Thus, BMO = 1 if the respondent chooses responses 4-7 on the raw seven-point BRO (Black relative
opportunity scale). BFO = 1 for responses 1-3. We combine the equal opportunities category with
strictly greater perceived opportunities because we expect the latter group to be considerably smaller in
size. We have explored other cut-offs as well, with similar results.
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Table P2.4 contains our estimates of equation (P.5). Consistent with conditional

utilitarianism, we find that δ2 < 0: People who believe that Black people have fewer

opportunities (BFO = 1) react more negatively to discrimination against Black people

than against White people. Inconsistent with that δ3 = 0 and δ1 > 0. The latter result

is especially large in magnitude and statistical significance; it shows that discrimination

against White people becomes more acceptable as White people’s perceived relative op-

portunities fall (i.e. as BRO rises). This is the opposite of what a conditional utilitarian

model predicts.
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Table P2.4: Testing the Conditional Utilitarianism Model

All White Non-white
Respondents Respondents Respondents

(1) (2) (3)

Taste-based -0.0436 -0.0791 0.0777
(0.0479) (0.0550) (0.0942)

Statistical × Low-quality -0.490*** -0.531*** -0.344***
(0.0389) (0.0440) (0.0824)

Taste × Employer -0.474*** -0.462*** -0.514***
(0.0354) (0.0403) (0.0744)

BMO (δ1) 0.445*** 0.336*** 0.801***
(0.0756) (0.0847) (0.164)

BFO × Black discriminatee (δ2) -0.312*** -0.347*** -0.199*
(0.0502) (0.0560) (0.110)

BMO × Black discriminatee (δ3) 0.0219 0.0511 -0.0463
(0.0630) (0.0709) (0.146)

Constant 0.193*** 0.256*** -0.0182
(0.0543) (0.0599) (0.122)

Observations 2,568 2,004 564
R-squared 0.162 0.155 0.208

Notes: This table contains the results of estimating equation (P.5) from the pre-analysis plan.
Columns 1 includes all respondents, regardless of their race. Columns 2 only includes White
respondents. Finally, Columns 3 only includes Non-white respondents. One star indicates a
ten percent significance level, two stars indicate a five percent level, and three stars indicate a
one percent level. Standard errors are clustered by the respondent.
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P2.5 Interactions between Distributional Considerations and Concerns for

Procedural Fairness

PAP item 2.5 explores whether we might be able to leverage the within-subject com-

ponent of our experimental design to study how subjects’ preferences for race-blind rules

interact with their utilitarian preferences when those preferences conflict, i.e. when a

respondent encounters a change in the Race treatment. The idea is to introduce respon-

dent fixed effects to equation (P.4) to generate purely within-subject estimates of seeing

a Black discriminatee (δ). If these effects are smaller in magnitude than the estimates

in equation (P.4) — and especially if they are smaller than purely between-subject esti-

mates of δ from stage 1 of the survey only – this would suggest that subjects care about

race-blindness by trying to treat discriminatees of the same race the same way.

To that end, Table P2.5 replicates column 1 of Table P1.1 in three new ways. First,

column 2 adds respondent fixed effects, giving us a purely within-subject estimate of our

experimental treatment effects. Column 3 contains estimates from a sample with only

Stage 1 observations. Since there is no within-subject variation in the Black treatment

during Stage 1, this gives us a purely between-subject estimate of that treatment’s effects.

Finally, Column 4 is estimated using only Stage 2 observations. These estimates are also

between-subject, but they may be influenced framing effects related to the treatment the

subject encountered in Stage 1.

While the estimates of the Taste, Statistical × Low-quality, and Taste × High-quality

treatments are essentially identical across all the columns of Table P2.5, the estimates of

the Black treatment tell an intriguing story: The ‘pure’ between-subject estimate of the

Black treatment effect (-.505) is considerably larger than all the other estimates. The

pure within-subject estimate is lower than the overall estimate, and the between-subject

Stage 2 estimate is indistinguishable from zero. While this evidence is only suggestive,
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it suggests that respondents who have experienced a switch in their Race treatment may

moderate their Stage – 2 fairness assessments in the direction of race-blindness. Inspired

by these results from the PAP, we explore treatment order effects in more detail in the

main paper and argue that they can provide some insights into how liberals and moderates

– the only respondents who care about both utilitarianism and race-blindness—reconcile

those objectives when they conflict.

Less formally, the PAP proposes going beyond the comparisons summarized in Table

P2.5 by “leverag[ing] the within-subject component of our experimental design to study

how subjects’ concerns for procedural fairness (‘a consistent set of rules for everyone’)

might interact with their concerns for outcomes, whether driven by bias or utilitarianism.”

We provided the following illustration of the interactions we had in mind:

“For example, in-group-biased White respondents who are very tolerant of

discrimination against Black people in stage 1 of the experiment might feel

the need to be similarly tolerant of discrimination against White people in

stage 2, if they care about rules-based ethics as well as outcomes. More gen-

erally, a certain form of order effects—specifically, where the discriminatee

race a subject is exposed to in the first stage affects their second-stage fair-

ness ratings—would be evidence that subjects are trying to treat the same

situation the same way, regardless of the participants’ identities.”

In the paper, treatment order effects resembling the ones described above are doc-

umented in Section 2.4. We then push further on this idea in Section 2.5, where we

first document that these order effects are only present among moderate and liberals,

and that they cannot easily be explained by experimenter demand effects. Finally, we

interpret these order effects as driven by moderates’ and liberals’ desires to reconcile the

two fairness criteria they care about – utilitarianism and race-blind rules – when those
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criteria conflict. We estimate that moderates and liberals place roughly equal weight on

these two criteria when they are forced to choose between them.

Table P2.5: Leveraging Within-Subject Treatment Variation to Learn About Preferences
for Race-Blindness

Full Sample Within- Stage 1 Stage 2
subject (Between-subject)

(1) (2) (3) (4)

Taste-based -0.0956 -0.0207 -0.0555 -0.126
(0.0944) (0.0984) (0.140) (0.141)

Statistical × Low-quality -0.941*** -0.941*** -0.970*** -0.909***
(0.0746) (0.0861) (0.0983) (0.0965)

Taste-based × Employer -0.909*** -0.909*** -0.875*** -0.940***
(0.0679) (0.0784) (0.0883) (0.0865)

Black discriminatee -0.348*** -0.313*** -0.505*** -0.192
(0.0820) (0.0726) (0.129) (0.133)

Constant 4.401*** 3.880*** 4.492*** 4.306***
(0.0881) (0.0707) (0.114) (0.125)

Observations 2,568 2,568 1,284 1,284
R-squared 0.067 0.695 0.076 0.062
Respondent FE NO YES NO NO

Notes: Column 1 of Table P2.5 reproduces column 1 of Table P2.1. The remaining columns
explore changes to the specification, including adding respondent fixed effects and using data
from only one Stage of the experiment. One star indicates a ten percent significance level, two
stars indicate a five percent level, and three stars indicate a one percent level. Standard errors
are clustered by the respondent.
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P3 Robustness and Heterogeneity

P3.1 Heterogeneity

In the PAP, we said we would consider two main types of heterogeneity analysis. The

first was to use within-subject estimates of our treatment effects to classify individual

respondents into ‘types’. We recognized that we should expect very limited statistical

power for this exercise, and provided only one example of this idea: using within-subject

variation to first identify a set of in-group biased White respondents, then comparing the

demographics of this group to the broader population in order to learn “which White

people exhibit in-group bias?” Due to a combination of limited statistical power and the

fact that we found very little evidence of in-group bias, we did not pursue this idea in

the paper. As noted below, however, our analysis of heterogeneity on observables found

weak evidence consistent with racial in-group bias among White conservatives.

The second proposed approach to heterogeneity analysis was to divide the respondents

into large sub-samples based on observables, replicating our main analysis by group. The

sample divisions we identified as potentially interesting were:

• White, Non-White and Black people

• a small number of respondent Age groups

• men versus women

• college versus non-college-educated respondents

• Republican versus Democrat-leaning respondents

As noted in the paper, we have very limited statistical power for non-White respon-

dents and we do not find strong effects of age or gender on subjects’ fairness assessments,

so we did not conduct extensive heterogeneity analyses (of treatment effects) on these
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dimensions. Appendix 2.4 conducts extensive heterogeneity analysis by education and

finds that –despite the fact that fairness assessments rise with education overall—all

the main treatment effects in our experiment are highly stable across education groups.

We interpret this as a difference in fairness ‘set points’ between education groups. Het-

erogeneity by political preferences is a central theme throughout the paper, though (as

noted) we chose to focus on our indicator of conservative-liberal leaning rather than party

preference because Independents could not be easily characterized. For some analyses,

we also combined moderates and liberals because their response patterns were so similar.

Choices like these are anticipated in the PAP, which stated:

“We have two indicators of political preference: party preference and a liberal-

conservative score. If these are highly correlated (as we expect) we may only

use one of them. Another approach might be to reduce the number of cate-

gories by allocating conservative persons with Independent party affiliations

to the Republican group and liberal Independents to the Democratic group.”
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P3.2 Robustness

In the PAP we proposed to use standardized (mean 0, standard deviation 1) fairness

assessments as our main outcome variables. We abandoned this approach when we re-

alized that our fairness questions contain important cardinal information that would be

discarded by such an approach. For example, it matters whether a respondent said dis-

crimination was “very unfair”, regardless of how common such assessments were. Thus,

all our analyses code “neither fair nor unfair” as a zero, and code (for example) “some-

what fair”, “fair” and “very fair” as 1, 2 and 3 respectively. In consequence, our proposed

robustness checks for using alternative standardizations (for example allowing individual

survey respondents to have a different response variance) is no longer relevant.

In the PAP we proposed some regression analyses that dichotomized the BROmeasure

and recommended trying alternative cut points for the dichotomization. We now use a

continuous version of BRO in Figure 2.7 so this is no longer relevant either. We also

proposed working with more detailed racial identity categories, but (as expected) our

samples were much too small for this.

Finally, we proposed to explore if the results change when we restrict attention to

more ‘thoughtful’ subjects who took more time to think about their fairness assessments.

We did this in the populated PAP, where Table P3.1 replicates columns 1 and 2 of Table

P2.1 (“Assessing Three Models of Fairness”) for a subset of respondents who took more

than the median amount of time to complete the survey. We also did this in the paper

(Appendix B.12). In both cases the results were very similar to the entire sample.
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Table P3.1: A Look at “Thoughtful” Respondents

Full Full Attentive Attentive
sample sample sample sample
(1) (2) (3) (4)

Taste-based -0.0498 -0.0108 -0.0618 -0.0175
(0.0492) (0.0513) (0.0676) (0.0730)

Statistical × Low-quality -0.490*** -0.490*** -0.398*** -0.398***
(0.0388) (0.0449) (0.0512) (0.0592)

Taste-based × Employer -0.474*** -0.474*** -0.440*** -0.440***
(0.0354) (0.0408) (0.0505) (0.0583)

Black discriminatee -0.181*** -0.163*** -0.234*** -0.129**
(0.0427) (0.0378) (0.0592) (0.0568)

Constant 0.358*** 0.0862** 0.508*** 0.235***
(0.0459) (0.0369) (0.0632) (0.0757)

Observations 2,568 2,568 1,280 1,280
R-squared 0.067 0.695 0.063 0.671
Respondent FE NO YES NO YES

Notes: This table compares estimates for equation (P.4) between the full sample and a subsam-
ple containing respondents that took above the median amount of time to complete the survey
on MTurk (i.e., at least 8.5 minutes). These respondents could be relatively more thoughtful
than their counterparts. Columns 1-2 contains the estimates for the full sample while 3-4 con-
tains those for “thoughtful” respondents. One star indicates a ten percent significant level, two
stars indicate a five percent level, and three stars indicate a one percent level. Standard errors
are clustered by the respondent.

258



Additional Material for Chapter 2 Chapter B

P4 Summary: Comparing the PAP and the paper

P4.1 Key Results in the Paper that were specified in the PAP

• All the descriptive “facts” presented in Section 2.3.

• All four theoretical models of discrimination described in Section 2.4, and the main

tests thereof. (The models’ names have changed slightly.)

• The possibility of question order effects – especially for the race treatment –, and

the idea of using them to learn about respondents’ preferences for race-blindness.

(See Appendix P2.5)

P4.2 Main Departures from the PAP in the paper

• Throughout the paper, for simplicity and transparency we decided mostly to re-

port simple t-tests of differences in means rather than regression results. In all

cases where this is done, the results are extremely similar (in part due to random

assignment of treatment).

• While the PAP proposed using standardized (mean 0, standard deviation 1) mea-

sures of fairness as our main outcome variables, we realized that this would obscure

important cardinal information about levels of fairness. Therefore, we decided to

use the raw fairness scores, centered at 0 (corresponding to “neither fair nor un-

fair”).

• Motivated by the race treatment order effects, we restricted the sample in Sections

2.3 and 2.4 to Stage 1 responses only.

• While we anticipated race treatment order effects, we did not anticipate they would

differ by political orientation. We use this distinction in the paper to understand
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the differences in implicit fairness models between political groups.

• In Figure 2.8’s exploration of the “BRO hypothesis” we decided to use a continuous

version of BRO (all seven values) rather than a dichotomized version, to show

additional detail.

P4.3 PAP Hypothesis Tests not Included in the Main Paper

• In the PAP, we proposed an “actions versus identity” decomposition. We have

performed this decomposition and reported the results in Appendix P1.6, where we

also discuss why it did not seem of sufficient interest to include in the main part of

the paper.

• Due to a lack of statistical power, we were not able to pursue P3.1’s idea of using

within-subject variation in responses to treatments to classify subjects into types.
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Appendix C

Additional Material for Chapter 3

C.1 More on B & B

Table C1.1 is analogous to Table 3.1, and it displays the summary statistics for

students who were surveyed for the B & B follow-up studies. As discussed, students from

the NPSAS surveys were randomly sampled to participate in the B & B. Consequently,

the summary statistics among these individuals are mostly comparable to that of Table

3.1. The right-hand panel (Columns 1-3) reflects the full B & B sub-sample while the

left (Columns 4-6) corresponds to the trimmed matching sub-sample, the latter of which

results from non-matched students being discarded by the matching algorithm. The

summary statistics between the full and trimmed sub-samples are very similar, which

could be owed to B & B’s representativeness.

Table C1.2 displays the summary statistics for covariates within the matched B & B

sub-sample. It shows that these covariates are balanced across the recipient and non-

recipient groups as a result of the NNM algorithm. All discrete covariates are perfectly

balanced. The difference in financial need between recipients and non-recipients is also

relatively small and insignificant (p = .640). Finally, as shown in Figure C1.1, the

distributions for financial need for recipients and non-recipients are very similar and are

indistinguishable (p = 1.00).
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Figure C1.1: Distribution for Financial Need (B & B)

Notes: This figure is similar to Figure 3.1. However, it reflects the B & B sub-sample. It serves
as a check for how well matching improves the balance of covariates, in particular, financial need.
Here, the distributions between recipients and non-recipients in the matched sample are statistically
indistinguishable (p = 1.000).
SOURCE: 2003-2004, 2007-2008, 2011-2012, & 2015-2016 NPSAS, and 2008-2009 & 2016-2017 B & B.
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Table C1.1: Summary Statistics – Unmatched Sample (B & B sub-sample)

Full Sample Matching Sample
Non- diff. Non- diff.

Recipients recipients p-val. Recipients recipients p-val.
(1) (2) (3) (4) (5) (6)

Worked at all 0.60 0.66 0.00 0.60 0.66 0.00
(0.49) (0.47) (0.49) (0.47)

Hours worked while enrolled 12.04 14.34 0.00 11.93 13.91 0.00
(13.16) (14.23) (12.91) (13.38)

Standardized GPA 0.24 0.36 0.00 0.26 0.37 0.00
(0.71) (0.71) (0.71) (0.71)

STEM Major 0.52 0.47 0.00 0.53 0.48 0.01
(0.50) (0.50) (0.50) (0.50)

Loan-forgiveness Occupation 0.15 0.16 0.29 0.15 0.17 0.12
(0.36) (0.37) (0.36) (0.37)

Financial need 19.33 14.63 0.00 19.15 14.45 0.00
(11.05) (10.46) (10.88) (10.28)

Underrepresented Minority 0.23 0.20 0.01 0.19 0.14 0.01
(0.42) (0.40) (0.39) (0.45)

Female 0.59 0.58 0.70 0.59 0.60 0.57
(0.49) (0.49) (0.49) (0.49)

Full-time status 0.74 0.69 0.00 0.77 0.73 0.00
(0.44) (0.46) (0.42) (0.44)

Dependent 0.72 0.66 0.00 0.75 0.71 0.00
(0.45) (0.47) (0.42) (0.44)

Seeking a Bachelor’s degree 1.00 1.00 0.02 1.00 1.00 –
(0.00) (0.03) (0.00) (0.00)

State Resident 0.76 0.84 0.00 0.79 0.87 0.00
(0.42) (0.37) (0.41) (0.34)

Attends a private institution 0.55 0.39 0.00 0.54 0.39 0.00
(0.50) (0.49) (0.50) (0.49)

Very selective institution 0.39 0.27 0.00 0.41 0.27 0.00
(0.49) (0.44) (0.49) (0.44)

Moderately selective institution 0.53 0.62 0.00 0.56 0.69 0.00
(0.50) (0.49) (0.50) (0.46)

Minimally selective institution 0.06 0.07 0.10 0.03 0.03 0.83
(0.24) (0.26) (0.18) (0.18)

Open admissions institution 0.02 0.04 0.05 0.01 0.01 0.86
(0.14) (0.19) (0.08) (0.09)

Observations 1,500 9,540 – 1,320 7,760 –

Notes: This table displays the summary statistics for all students included in the B & B sub-sample.
It is arranged similarly to Table 1. Financial need is expressed in thousands and in 2016 USD. Sample
sizes are rounded to the nearest tens per the IES’s data security requests.
SOURCE: 2003-2004, 2007-2008, 2011-2012, & 2015-2016 NPSAS, and 2008-2009 & 2016-2017 B & B.
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Table C1.2: Summary Statistics for Covariates in the Matched Sample (B & B)

Non- diff.
Recipients recipients p-val.

(1) (2) (3)

Financial need 19.15 18.95 0.64
(10.88) (10.53)

Underrepresented Minority 0.19 0.19 1.00
(0.39) (0.39)

Female 0.59 0.59 1.00
(0.49) (0.49)

Full-time status 0.77 0.77 1.00
(0.42) (0.42)

Dependent 0.75 0.75 1.00
(0.43) (0.43)

Seeking a Bachelor’s degree 1.00 1.00 1.00
(0.06) (0.06)

State Resident 0.79 0.79 1.00
(0.41) (0.41)

Attends a private institution 0.54 0.54 1.00
(0.50) (0.50)

Very selective institution 0.41 0.41 1.00
(0.49) (0.49)

Moderately selective institution 0.56 0.56 1.00
(0.50) (0.50)

Minimally selective institution 0.03 0.03 1.00
(0.18) (0.18)

Open admissions institution 0.01 0.01 1.00
(0.08) (0.08)

Observations 1,320 1,320 –

Notes: This table displays summary statistics for all covariates in the matched B & B sub-sample. Col-
umn 1 contains the means with standard deviations in parenthesis for Perkins loan recipients. Columns
2 contains those of non-recipients. Column 3 contains the p-values for the difference in means between
these two groups. Financial need is expressed in thousands and 2016 USD. Sample sizes are rounded to
the nearest tens per the IES’s data security requests.
SOURCE: 2008-2009 and 2016-2017 B & B.
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C.2 Predicting Perkins Take-up

Tables C2.1 and C2.2 display the results of estimating a linear probability model

(LPM) of taking up Perkins loans on a set of covariates included in X i from equation

(3.2). The latter table only incorporates students who were surveyed for the B & B.

These tables show that the take-up of these loans is not random, i.e., it depends on

various factors, such as financial need, dependency status, and institutional selectivity.

The LPM is estimated across different sample restrictions for students’ financial need,

and these tables also show that these point estimates are mostly comparable across each

one.
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Table C2.1: Predicting Perkins Loan Take-up

needi > 0 needi > 5, 000 needi > 10, 000 needi > 15, 000
(1) (2) (3) (4)

Financial need 0.00480*** 0.00367*** 0.00183*** 0.000477
(0.000297) (0.000337) (0.000407) (0.000521)

URM 0.00720 0.00694 0.00866 0.00681
(0.00465) (0.00511) (0.00614) (0.00799)

Female 0.00145 0.00143 -0.00232 -0.00100
(0.00328) (0.00367) (0.00456) (0.00603)

Full-time status 0.0191*** 0.0207*** 0.0188*** 0.0216***
(0.00401) (0.00454) (0.00573) (0.00770)

Dependent 0.0337*** 0.0411*** 0.0483*** 0.0591***
(0.00453) (0.00497) (0.00598) (0.00765)

Seeking a Bachelor’s Degree 0.0404*** 0.0461*** 0.0645*** 0.0706***
(0.00827) (0.00948) (0.0109) (0.0147)

Resident -0.0304*** -0.0347*** -0.0408*** -0.0426***
(0.00644) (0.00689) (0.0749) (0.0866)

Attends a private institution 0.0333*** 0.0380*** 0.0524*** 0.0662***
(0.00717) (0.00779) (0.00883) (0.0103)

Institution is moderately selective -0.0328*** -0.0362*** -0.0368*** -0.0332***
(0.00831) (0.00919) (0.0105) (0.0126)

Institution is minimally selective -0.0299*** -0.0332*** -0.0283* -0.0147
(0.0113) (0.0127) (0.0159) (0.0213)

Institution has open admission -0.0357*** -0.0417*** -0.0387*** -0.0202
(0.0108) (0.0121) (0.0145) (0.0197)

Constant 0.0937*** 0.117*** 0.146*** 0.161***
(0.0167) (0.0190) (0.0220) (0.0280)

Survey Wave FE YES YES YES YES
Observations 54,080 47,470 34,350 21,820

Notes: This table displays the results of regressing an indicator for working a non-academic job on an
indicator for taking up the Perkins loan. Each column corresponds to sample restrictions for financial
need. One star indicates a 10% significance level, two stars indicate a 5% level, and three stars indicate
a 1% level. Standard errors are in parenthesis and clustered by institution-by-year cells. Sample sizes
are rounded to the nearest tens per the IES’s data security requests.
SOURCE: 2003-2004, 2007-2008, 2011-2012, & 2015-2016 NPSAS, and 2008-2009 & 2016-2017 B & B.
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Table C2.2: Predicting Perkins Loan Take-up (B& B Sample)

needi > 0 needi > 5, 000 needi > 10, 000 needi > 15, 000
(1) (2) (3) (4)

Financial need 0.00430*** 0.00326*** 0.00145** 0.00128
(0.000497) (0.000574) (0.000724) (0.000919)

URM 0.0147 0.0164 0.0250* 0.0342**
(0.00986) (0.0109) (0.0136) (0.0171)

Female 0.00227 0.00486 -0.00186 -0.0150
(0.00761) (0.00859) (0.0104) (0.0128)

Full-time status 0.00312 0.00356 -0.00300 -0.000887
(0.00836) (0.00954) (0.0126) (0.0166)

Dependent 0.00119 0.00594 0.0135 0.0122
(0.00815) (0.00921) (0.0117) (0.0153)

Seeking a Bachelor’s degree 0.0842*** 0.0103*** 0.01306*** 0.0133***
(0.0163) (0.0160) (0.0275) (0.0276)

Resident -0.0229** -0.0261** -0.0360*** -0.0426***
(0.0113) (0.0122) (0.0139) (0.0160)

Attends a private institution 0.0217* 0.0248* 0.0364** 0.0428**
(0.0124) (0.0136) (0.0161) (0.0185)

Institution is moderately selective -0.0578*** -0.0634*** -0.0703*** -0.0572***
(0.00139) (0.00155) (0.0184) (0.0210)

Institution is minimally selective -0.0582*** -0.0634*** -0.0789*** -0.0799**
(0.0192) (0.0220) (0.0269) (0.0322)

Institution has open admission -0.0665*** -0.0755*** -0.979*** -0.0586
(0.0200) (0.0223) (0.0258) (0.0416)

Constant 0.0419 0.00487* 0.0771* 0.0795*
(0.0272) (0.0285) (0.0395) (0.0416)

Survey Wave FE YES YES YES YES
Observations 11,040 9,600 6,870 4,500

Notes: This table is similar to Table C2.1, but it reflects the B & B sub-sample. Each column corre-
sponds to sample restrictions for financial need. One star indicates a 10% significance level, two stars
indicate a 5% level, and three stars indicate a 1% level. Standard errors are in parenthesis and clustered
by institution-by-year cells. Sample sizes are rounded to the nearest tens per the IES’s data security
requests.
SOURCE: 2003-2004, 2007-2008, 2011-2012, & 2015-2016 NPSAS, and 2008-2009 & 2016-2017 B & B.
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Schildberg-Hörisch, Hannah, Marco A. Schwarz, Chi Trieu, and Jana Will-
rodt, “Perceived Fairness and Consequences of Affirmative Action Policies,” 2022.
CESifo Working Paper no. 10198.

Scott-Clayton, Judith, “What Explains Trends in Labor Supply Among U.S. Under-
graduates?,” National Tax Journal, 2012, 65 (1), 181–210.

Seftor, Neil S. and Sarah E. Turner, “Back to school: Federal student aid policy
and adult college enrollment,” Journal of Human Resources, 2002, 37 (2), 336 – 352.

Spence, Michael, “Job Market Signaling,” Quarterly Journal of Economics, 1974, 87
(3), 281 – 306.

Stantcheva, Stefanie, “Understanding Tax Policy: How do People Reason?,” Quarterly
Journal of Economics, 2021, 136 (4), 2309 – 2369.

Stinebrickner, Ralph and Todd R. Stinebrickner, “Working During School and
Academic Performance,” Journal of Labor Economics, 2003, 21 (1), 473–491.

and , “Time-use and College Outcomes,” Journal of Econometrics, 2004, 121 (1),
243–269.

Sun, Liyang and Sarah Abraham, “Estimating dynamic treatment effects in event
studies with heterogeneous treatment effects,” Journal of Econometrics, 2021, 225,
175–199.

Tilcsika, András, “Statistical Discrimination and the Rationalization of Stereotypes,”
American Sociological Review, 2021, 86 (1), 93 – 122.

Turner, Lesley J, “The Economic Incidence of Federal Student Grant Aid,” Working
Paper 2017.

Turner, Lesley J. and Benjamin M. Marx, “Borrowing Trouble? Human Capital
Investment with Opt-In Costs and Implications for the Effectiveness of Grant Aid,”
American Economic Journal: Applied Economics, 2018, 10 (2), 163 – 201.

275


	Curriculum Vitae
	Abstract
	Effects of Test-Optional Admissions on URM Enrollment and Graduation
	Introduction
	Background and Potential Mechanisms
	Data and Sample
	Empirical Strategy
	Results
	Discussion
	Figures
	Tables

	When Is Discrimination Unfair?
	Introduction
	Design and Implementation
	Some Facts
	Assessing Four Models of Fairness
	Reconciling Conflicting Fairness Criteria: Utilitarianism versus RBRs
	Robustness
	Discussion
	Figures

	Do Perkins Loans Come With Perks?
	Introduction
	Background of the Perkins Loan Program
	Data
	Empirical Strategies
	Results
	Discussion
	Figures
	Tables

	Additional Material for Chapter 1
	Sample Details
	Results without Control Variables
	Propensity-Trimmed Sample
	Heterogeneity Robust Estimation
	Effects of the Policy on Non-first-time students
	Enrollment of First-time Non-URM Students
	Inclusion of HBCU Institutions
	Non-URM Graduation Rates
	Analysis at the State Level
	Miscellaneous Figures and Tables

	Additional Material for Chapter 2
	Survey Design
	Representativeness
	Order Effects
	Exploring the Effects of Education on Fairness Ratings
	Robustness Tests for Sections 3 and 4
	Analysis of Open-Text Responses
	Experimenter Demand Effects do not Explain the Race Treatment Order Effects
	Estimating 
	Replicating the Main Figures with ACS Weights
	Replicating the Main Figures with GSS Weights
	Replicating the Main Figures with Standardized Fairness Measures
	Replicating the Main Figures for ‘Thoughtful’ Subjects Only
	P  Populated Pre-Analysis Plan

	Additional Material for Chapter 3
	More on B & B
	Predicting Perkins Take-up




