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ABSTRACT

In considering whether to retain the GRE in graduate
school admissions, admissions committees often pursue two objectives: (a) performance in graduate
school (e.g., admitting individuals who will perform
better in classes and research), and (b) diversity/fairness (e.g., equal selection rates between demographic
groups). Drawing upon HR research (adverse impact
research), we address four issues in using the GRE.
First, we review the tension created between two
robust findings: (a) validity of the GRE for predicting
graduate school performance (rooted in the principle
of standardization and a half-century of educational
and psychometric research), and (b) the achievement
gap in test scores between demographic groups
(rooted in several centuries of systemic racism). This
empirical tension can often produce a local diversity-performance tradeoff for admissions committees.
Second, we use Pareto-optimal tradeoff curves to
formalize potential diversity-performance tradeoffs,
guiding how much weight to assign the GRE in
admissions. Whether dropping the GRE produces
suboptimal admissions depends upon one’s relative
valuation of diversity versus performance. Third, we
review three distinct notions of test fairness—equality, test equity, and performance equity—which have
differing implications for dropping the GRE. Finally,
we consider test fairness under GRE-optional
admissions, noting the missing data problem when
GRE is an incomplete variable.
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This article is about a legacy of systemic racism, as it affects the specific
question:
If those conducting graduate admissions were to value both diversity and
academic performance simultaneously, how would they ideally use the GRE?

Hiring and admissions
After recruiting an applicant pool, an admissions committee must select
members of that applicant pool to receive offers. This choice typically
involves using data on several predictor measures (e.g., written tests,
interview scores, reference letters, personality inventories, work samples,
measures of past performance, measures of experience) to make predictions about which individuals, if admitted, would best satisfy the values
of key stakeholders. Typically, these values include admitting those applicants who would exhibit the highest performance on the job or in school,
as well as attaining a diverse demographic makeup (e.g., similar to the
diversity found in the overall applicant pool or in the surrounding community). Simultaneously obtaining these two objectives–performance and
diversity–is not always a straightforward task, as explained below.
The key feature that determines which values are being serviced by
a particular admissions procedure is the correlation between that admissions procedure (i.e., the method by which applicants are rank-ordered
for admission) and the valued outcomes being sought. In our view, valid
admissions (which promote diversity, performance, or both) must be
based on empirical data: not hunches, fads, anecdotes, theories, clinical
judgment, or common sense.
The current article considers four issues related to using the GRE for
graduate school admissions. Our treatment of these issues is borrowed
from the field of HR management (the topic of adverse impact: Outtz,
2010), and can be generalized to the use of other validated tests of scholastic knowledge and skills designed for use in hiring and admissions
(e.g., the SAT, GMAT, ASVAB, and Wonderlic). The four issues we address
as they relate to GRE-based admissions are as follows: (a) an empirical
tension that can often produce a diversity-performance tradeoff, (b) the
Pareto-optimal approach to formalizing diversity-performance tradeoffs,
(c) three distinct notions of what test fairness is, and (d) missing data
problems and techniques when using the GRE-optional approach.

Empirical tension that produces a diversity-performance tradeoff
Two robust empirical findings often create tension over using the GRE:
(a) criterion validity of the GRE predicting graduate school success, and
(b) mean race gaps in GRE scores.
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Criterion validity of the GRE
On one hand, meta-analytic evidence shows the GRE consistently predicts
graduate school GPA (Kuncel et al., 2001),1 so using it when screening
applicants tends to improve the GPAs of those admitted. In general, the
GRE predicts how well graduate students will perform, in particular on
other tests and evaluations of scholastic knowledge and skills (correlations
≈ .3–.4), as well as the citation impact of their publications (correlation
≈ .2). In comparison to the predictors commonly used in HR research
(see Table 1, row labeled “job performance”; also Schmidt & Hunter,
1998), the overall GRE-Graduate GPA correlation (rcorrected = .38; based
on over 100 studies and over 14,000 participants; see Table 2) can be
considered fairly large.
Why is the GRE related to graduate school performance? Among the
content assessed, the GRE provides a standardized measure of reading
comprehension and high school math knowledge and skill. Individuals
with difficulty in these areas tend to perform worse in graduate school.
Scholastic tests essentially predict GPA equally-well within each race, so
their predictive value does not depend upon race (Mattern & Patterson,
2013). Further, although tests like the GRE and SAT correlate with
socioeconomic status (SES) of the candidate, the strong relationship
between standardized tests and post-secondary academic performance
does not depend upon socioeconomic status (e.g., statistically controlling
for SES only reduces the SAT-College GPA correlation from .47 to .44;
N = 155,191; Sackett et al., 2009).2
The GRE is standardized, unlike most other predictors used in graduate admissions. The designers of the GRE make explicit efforts to ensure
the GRE measures all test takers equivalently (e.g., removing biased
Table 1. Bobko-Roth predictor inter-correlations, Black-White subgroup ds, and criterion validities.
Variable
Roth et al. (2011) predictors
1. Biodata
2. Scholastic test
3. Conscientiousness
4. Structured interview
5. Integrity test
Criterion (Job performance)
Black-White subgroup d

1

2

3

4

5

1.00
.37
.51
.16
.25
.32
.39

1.00
.03
.31
.02
.52
.72

1.00
.13
.34
.22
−.09

1.00
−.02
.48
.39

1.00
.20
.04

Note. Meta-analytic correlation matrix presented in Song et al. (2017); taken from Roth et al.
(2011); Van Iddekinge et al. (2012), and Bobko and Roth (2013), Black-White d for job
d

r

performance = .38 (McKay & McDaniel, 2006).
rrace , perf = .14 (with p = .17).

d2 

1
p(1  p )

, so rrace , scholastic test = .26 and
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Table 2. Example of graduate school admissions predictor inter-correlations, BlackWhite subgroup ds, and criterion validities.
Variable
Predictors
1. GRE-quant
2. GRE-verbal
3. Undergraduate GPA
4. Letters of recommendation
5. GRE total (Q + V)
Criterion (Graduate GPA)
Black-White subgroup d

1
1.00
.56a
.18a
.08b
–
.32a
.95d

2

–

1.00
.24a
.14b
.35a
.94d

3

4

5

1.00
.28b
.24c
.30a
.78e

1.00
.12c
.13b
.00f

1.00
.38c
1.07c

Note. a Kuncel et al. (2001, p. 174; correlations corrected for range restriction and criterion unreliability), b Kuncel et al. (2014, p. 104; uncorrected correlations), c Composite correlations
 (r  r ) 
r( Q V )   Q V 
 2 
(1  rQ ,V ) / 2

,

d

Educational Testing Service (2018, pp. 7–8; uncorrected subgroup d’s),

e

Roth

and Bobko (2000, p. 402; cumulative GPA in senior year), f Calkins et al. (1982, p. 629). Black-White
d

d for Graduate GPA = 1.15 (Sireci & Talento-Miller, 2006). r 
d 
2

and rrace , GGPA = .30 (p = .08).

1
p(1  p )

, so rrace , GRE  .34  p  .13 

items), that these questions cover a specified content domain of scholastic
constructs, and are administered under a standard set of controlled
conditions. Other pieces of information traditionally used in graduate
admissions are far from standardized. Undergraduate GPAs for any two
applicants typically come from different sets of courses, from different
course content, and from different instructors. Letters of reference come
from different letter writers, and often without regard to a standard set
of rating dimensions. Personal statements are not standardized, and are
rarely scored on any standardized rubric. Interviews are often unstructured, with different questions being asked to different candidates, and
often without a scoring rubric. Given this lack of standardization, coupled
with the general lack of effort to establish the large-sample reliability
and validity of other predictors used by local graduate admissions committees, it makes sense that the GRE would ascend as a relatively more
efficacious predictor for use in graduate admissions (as reviewed below).
If attempts were made to use other predictor measures instead of the
GRE, it would become essential to demonstrate empirically that these
alternative predictors are strongly related to some measure of performance
in graduate school, or other valued outcome driving the admissions
process (Woo et al., 2021).
Using the GRE will especially lead to higher Graduate GPA among
selected individuals when admissions are more selective (under low
selection ratios, Brogden, 1949). For example, if the composite GRE
correlation with Graduate GPA is r = .4, and the top 16% of applicants
are admitted, then using the GRE for admissions (in comparison to
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admitting applicants randomly or based on methods with unknown
validity) will improve the graduate GPA of the selected group by .6
standard deviations (Schmidt et al., 1979). In contrast, if the top 84% of
applicants are admitted (i.e., admitting almost everyone), then using the
GRE will improve the graduate GPA of incoming students by only .1
standard deviations.
At the same time, range restriction tends to hide these effects (Sackett
& Yang, 2000): applicant pool GRE-GPA correlations are underestimated
in highly-selected groups. For example, if one calculates the correlation
between the GRE and GPA in a selective engineering graduate program
that only admits students with GRE scores in the top 10%, and if the
estimated GRE-GPA correlation in this sample is r = .15, this means the
actual GRE-GPA correlation in the overall applicant pool was r = .35
(see formulas in Pearson, 1903; Thorndike, 1949). In other words, to
estimate the GRE-performance correlation, one should account for range
restriction.
Further, tests like the GRE and the SAT especially predict school
performance well when the performance criterion is also standardized.
Berry and Sackett (2009), investigating the SAT (not the GRE), showed
that the average correlation between SAT and undergraduate GPA was
rcorrected = .42 (N = 166,559), but this correlation increased to rcorrected =
.55 (N = 5,119,221) when GPA was measured so that it only compared
individuals taking the same class from the same college in the same
year. In short, when the GPA criterion is more standardized, the testGPA correlation becomes quite large (Berry & Sackett, 2009).
In summary, the GRE fairly strongly predicts measures of graduate
school performance (especially Graduate GPA). This means that admitting
applicants based on the GRE will notably improve the Graduate GPA of
the incoming class. These benefits are stronger when admissions are
more selective, and when predicting performance in the same set of
courses; they are also more accurately estimated when accounting for
range restriction (i.e., estimating the GRE-GPA correlation in the applicant pool, rather than in a preselected sample of graduate students).
Achievement gap on the GRE
On the other hand, the GRE shows large subgroup differences, especially
between Black and White test-takers (standardized group mean difference
d = 1.07; N = 209,288; see Table 2). In other words, Black test takers score
about one standard deviation lower than White test takers, on average,
on the GRE (we note that the race gap refers to group averages, whereas
individual-level within-group variance is just as large as between-group
variance). These scholastic achievement mean gaps on standardized tests
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are remarkably consistent in magnitude across educational, industrial,
and military settings and tests (Roth et al., 2001).
The group mean race gaps in scholastic tests are widely known, but
not widely understood. Psychometricians have gone to great lengths to
ensure that the tests themselves are not psychometrically biased (i.e., do
not contain biased test items that in the aggregate uniformly favor one
group over another, after controlling for actual differences in underlying
knowledge and skills; see Sackett et al., 2001), and evidence also suggests
only a small portion of the test score gap can be attributed to stereotype
threat (in operational testing settings, e.g., stereotype threat effect d =
−0.14; Shewach et al., 2019). Rather, these scholastic tests seem to primarily reflect bias in a different way. These tests appear to provide
standardized measures of a subset of scholastic knowledge and skills that
are distributed in society in a very biased manner. For a concrete example, given an individual’s knowledge of geometry and algebra, tests like
the GRE provide an accurate measure of this knowledge; but access to
this knowledge itself varies by race (for reasons described below). We
take the position that these subgroup differences in the measured scholastic knowledge and skills are real phenomena—they are not simply
measurement artifacts or measurement bias—and are the result of differences in the environmental opportunities, threats, stressors, and daily
experiences of Black and White Americans (i.e., they are “mal-treatment
effects”). Systemic racism has had real consequences in the academic domain.
When explaining the origins of the mean achievement gap in scholastic
tests, there are at least two kinds of explanatory models that can be
advanced. First, explanations can focus on macro forces at the societal
and historical levels of analysis (e.g., segregation/discrimination in education, hiring, labor, real estate/property, healthcare, toxins, resources,
law enforcement/police brutality; expectancy effects/stereotypes; and environmental disadvantages; see Clark, 1965; Feagin, 2013; Ladson-Billings,
2006). These effects refer to social groups/collectives, not to specific
individuals, and as such the time frame on these effects can exceed one
lifetime. Second, explanations for the achievement gap can focus on
micro forces that influence specific individuals’ development of scholastic
knowledge and skills during their own lifetimes, with an emphasis on
the most proximal variables that strongly precede the accrual of scholastic
knowledge and skills. Cottrell et al. (2015) enumerated the micro explanatory variables consistently empirically related to race gaps in individuals’
scholastic knowledge and skill (e.g., SES, learning materials in the home,
physical environment, maternal verbal knowledge/skills), then empirically
confirmed an environmental model of the origins of the achievement
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gap. Both the macro and micro factors described above can explain the
achievement gap.
Another issue is how the achievement gap in standardized tests should
be discussed in public. Some of the suspicion against testing is well
deserved, given the essentialist and openly racist/White supremacist
motives historically pursued by many of the earliest proponents of testing,
and the plain fact that testing can be used to legitimize racial hierarchy
(Kendi, 2016; see also Helms, 2012). Dixon-Román (2020) also summarizes an epistemological argument about the status of individual difference
measures as cultural constructions embedded in a sociohistorical context.
Further, the subset of scholastic knowledge and skills on the GRE were
chosen from a dominant-culture perspective, and account for about r2
= .382 = 14% of variance in college academic performance, which is also
measured from a dominant-culture perspective (Table 2). We agree that
scholastic knowledge and skills are culturally-laden constructs, but we
nonetheless adopt the viewpoint here that particular knowledge and skills
(multiplying fractions, geometry, reading comprehension) are useful for
performing a wide range of contemporary educational tasks—while still
recognizing that the education system itself is embedded in a dominant
culture. With this acknowledgement, it is our position that standardized
tests measure and report on societal race gaps in particular scholastic
knowledge and skills (e.g., algebra, reading comprehension) that are
useful in graduate school, but that testing itself does not create these
gaps—systemic racism does (see section above on macro and micro
explanations).
Nonetheless, publicly speaking about the gap (in public settings, or
in undergraduate classes) can by itself be harmful, because doing so can
contribute to stereotyping and negative expectancy effects. Without standardized tests, however, the gaps could become invisible, enabling policymakers to deny the need to invest in their removal (Outtz & Newman,
2010). Still, the achievement gap—like other forms of abuse—can be
discussed discreetly, and only with the intention of stopping or remediating it, while preventing further harm.
To summarize, among the pieces of information we can know about
applicants when they apply, scholastic tests (like the GRE) are among
the best predictors of job performance and GPA (see Tables 1 and 2).
However, these tests also reveal race gaps in educational opportunity by
showing large Black-White mean differences (d ≈ 1.0; Tables 1 and 2).
Due to the combination of these two findings, there exists an empirical
tension that can create a tradeoff decision in local admissions contexts.
That is, under common circumstances, when maximizing graduate school
performance, one does not maximize diversity. Given this unfortunate
state of affairs, we next illustrate one method for formalizing
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diversity-performance tradeoffs in hiring/admissions, with the goal of
optimizing both diversity and performance outcomes.

Pareto-optimal approach to diversity-performance tradeoffs
Pareto-optimal tradeoff curves in employment settings
Diversity-performance tradeoffs can be formalized using a Pareto tradeoff
curve (De Corte et al., 2007). There exist different ways in which hiring
and admissions committees can use the available information to select
applicants, and each of these solutions entails using a set of predictor
weights. Some approaches to hiring give higher weight to scholastic tests
(like the GRE), and some hiring approaches give less weight to scholastic
tests. For any particular approach (i.e., set of predictor weights) used to
hire applicants, there will be two key outcomes: performance of new
hires, and diversity of new hires. The available performance and diversity
outcomes for each set of predictor weights can be plotted, to often reveal
a tradeoff curve.
In employment settings, we can take the correlation matrix among
predictor measures (pre-employment tests), job performance, and race
(see Table 1), and use these relations to create the diversity-performance
curve. Such a curve has job performance on the vertical axis, and diversity on the horizontal axis. Due to the systemic racial forces discussed
in the previous section, we typically observe a negative slope of the
Pareto tradeoff curve between diversity and performance (see Figure
1(a), from Song et al., 2017). The diversity-performance curve shows all
solution points (i.e., each solution point corresponds to a set of predictor
weights) that are optimal. The term optimal means that, at a given level
of job performance, diversity is maximized; and at a given level of
diversity, job performance is maximized. The Pareto curve is optimal in
that there do not exist any available solution points above and to the
right of the curve. In contrast, it would be possible to hire applicants
in a manner that produces worse solutions (below and to the left of the
curve), but those solutions would be suboptimal (i.e., one could achieve
more job performance, diversity, or both, by using a different set of
predictor weights).
The predictor weights that correspond to each solution on the diversity-performance curve are shown in Figure 1(b). On the left side of the
curve (where job performance is maximized), one can observe that the
most weight goes to the scholastic test and structured interviews, whereas
less weight goes to the conscientiousness measure and the integrity test,
when making the selection decision of whom to hire. On the right side
of the curve (where diversity is maximized), more weight goes to the
conscientiousness measure, and less weight goes to the other tests (see

International Journal of Testing

51

Figure 1. (a) Pareto-optimal tradeoff curve based on Bobko-Roth predictors of job
performance. (b) Predictor weights for tradeoff curve based on Bobko-Roth predictors
of job performance.

Figure 1(b)). Predictor weights usually show that as diversity increases
and performance decreases, the scholastic test receives less weight (Figure
1). For any hiring or admissions scenario in which both performance
and diversity are valued, it is instructive to inspect the diversity-performance curve, and its corresponding predictor weights.
A negatively-sloping diversity-performance curve means that in order
to achieve higher diversity (on average), one must sacrifice some performance in the selected group (on average).3 When the curve is very
steep, it signals that improving the diversity outcomes of hiring and
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Figure 2. (a) Pareto-optimal tradeoff curves based on predictors of Graduate GPA,
with and without GRE. (b) Predictor weights for tradeoff curve based on predictors
of Graduate GPA, with GRE. (c) Predictor weights for tradeoff curve based on predictors of Graduate GPA, without GRE.
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admissions will be expensive in terms of performance forfeited (i.e.,
there will be a tradeoff). When the curve is relatively flat, it signals that
better diversity outcomes can be achieved at a fairly low cost in terms
of performance (i.e., less of a tradeoff). When the curve is completely
flat, it means that better diversity can be achieved at no cost in terms
of performance (i.e., no tradeoff). The key insights here are that: (a)
hiring and admissions practitioners who value both performance and
diversity should be routinely inspecting the diversity-performance curve,
and (b) at the rightmost side of the curve (where the best diversity
outcomes are available), there tends to be much less weight assigned to
scholastic tests (like the GRE).
Pareto-optimal tradeoff curves in educational settings (with the GRE)
We next extend our demonstration to academic settings (see Table 2,
and Figure 2(a), circle-dotted curve), by inspecting a Pareto tradeoff
curve for graduate school admissions. The diversity-performance curve
shows optimal admissions outcomes (for diversity and graduate school
performance/GPA), given the following available predictors: GRE-Q, GREV, Undergraduate GPA, and Letters of Recommendation. The negative
slope of the tradeoff curve in Figure 2(a) shows that, in order to achieve
greater diversity in admissions (on average), one must sacrifice some
graduate school performance [Graduate GPA] (on average). When looking
at the predictor weights in Figure 2(b), it becomes clear that when
diversity is enhanced and Graduate GPA is decreased, this is accomplished
by assigning less weight in admissions to the GRE-V, the GRE-Q, and
Undergraduate GPA. This result shows that, as the GRE receives less
weight in admissions, diversity among newly admitted students will be
improved and Graduate GPA will decline. But what would happen if,
instead of simply assigning less weight to the GRE, we eliminated the
GRE altogether from the admissions process?

Pareto-optimal tradeoff curve after dropping the GRE
Next, we produced a Pareto tradeoff curve after dropping the GRE
altogether. Dropping the GRE changes the Pareto-curve (Figure 2(a),
triangle-dotted curve) in several ways. First, dropping the GRE reduces
the maximum attainable Graduate GPA among selected applicants
(Multiple R for Graduate GPA performance drops from above .4 down
to .3). Second, dropping the GRE shifts the top of the Pareto curve
downward, showing that when Graduate GPA is more prioritized,
conducting admissions without the GRE leads to suboptimal admissions outcomes (i.e., results in admitting new graduate students with,
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on average, lower performance in graduate courses). Third, the rightside of the Pareto curves overlap (with vs. without the GRE), showing
that when diversity is more prioritized, dropping the GRE is not
suboptimal (i.e., does not influence the diversity outcome of admission). At the high-diversity end of the curve (on the right side of
Figure 2(a) and (b)), the weight on the scholastic test is zero—similar
to dropping the GRE. In other words, when diversity is prioritized and
Graduate GPA is not prioritized, dropping the GRE produces the same
result as not dropping the GRE (because the GRE receives near-zero
weight in admissions at the right-hand side of the diversity-performance curve).
To summarize, a Pareto tradeoff curve can be created using a correlation
matrix among the predictor tests, the job performance or Graduate GPA
criterion measure, and race (a user-friendly web application for creating
diversity-performance curves, based upon De Corte et al., 2007, can be
found in Song et al., 2017 and at https://qchelseasong.shinyapps.io/ParetoR/)
. The curve is a function of the available predictors and the weights assigned
to these predictors when making hiring/admissions decisions. If the curve
is steep, then diversity carries a high opportunity cost in terms of Graduate
GPA; but if the curve is flat, diversity can be attained with relatively little
loss of Graduate GPA. Dropping the GRE removes important available
information about the applicants. This has the effect of shifting the top
portion of the diversity-performance curve downward, at the points where
Graduate GPA is prioritized. Dropping the GRE produces a selection system
that is suboptimal for achieving the goal of maximizing graduate student
performance. However, among admissions strategies where diversity is prioritized and Graduate GPA is much less valued (near the rightmost endpoint
of the curve), dropping the GRE and keeping the GRE yielded similar
outcomes.

Three notions of test fairness
In discussions of hiring/admissions, diversity, and performance, questions
and claims invariably arise about the fairness or bias of a particular
selection approach. In quantifying test fairness for hiring/admissions,
there exist several notions of what fairness is (American Educational
Research Association, American Psychological Association, National
Council on Measurement in Education, & Joint Committee on Standards
for Educational and Psychological Testing (U.S.), 2014; Cole, 1973; Hunter
& Schmidt, 1976; Linn, 1984). Three notions of test fairness in particular
stand out to us, which we label: (a) equality, (b) test equity, and (c)
performance equity.
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Equality
The equality definition of test fairness stipulates that, for two groups of
people, there is an equal probability of being hired in each group [i.e.,
p(receive offer)Black = p(receive offer)White: equal selection ratios]. For example, if a job opening has 90 White applicants and 10 Black applicants,
and job offers are made to 9 White applicants and 1 Black applicant, then
equality has been met (i.e., 10% of the applicants from each group were
selected).
Under equality, the Adverse Impact (AI) ratio = 1.0 (this is a ratio between
two ratios: the selection ratio of one group divided by the selection ratio
of the other group; practitioners often seek an Adverse Impact ratio greater
than .80—the so-called 4/5ths rule; Uniform Guidelines, 1978). The equality
outcome can be achieved when rrace,test = 0, or when the weighted predictor
composite is uncorrelated with race. When scholastic tests (like the GRE)
are used in admissions, it is almost impossible to achieve the standard of
rrace,test = 0 that is required for equality fairness.
Test equity
The test equity definition of test fairness stipulates that, for two groups of
people, there is an equal probability of being hired in each group, given one’s
test score [i.e., p(receive offer|test score)Black = p(receive offer|test score)White:
equal regression lines for test score predicting performance, or rrace,performance·test = 0 (Cleary, 1968; Humphreys, 1952)]. For example, if a Black
applicant and a White applicant have the same score on an admissions
test, these two applicants would have an equal chance of being selected.
The notion of test equity is seen in research focusing on the Cleary
model of test fairness (i.e., avoiding overprediction—where using a common regression line results in members of one group being systematically
predicted to perform better than they actually do; and also avoiding
underprediction—members of one group being systematically predicted
to perform worse than they actually do). Deviations from test equity are
also labeled predictive bias or differential prediction. Research on this has
been reviewed by Berry (2015), and tends to show very small intercept
and slope differences between Black and White applicants (Mattern &
Patterson, 2013), suggesting very slight overprediction for Black applicants. As such, espousing this notion of test fairness typically leads to
the conclusion that scholastic tests like the GRE are relatively fair.
Performance equity
The performance equity definition of test fairness stipulates that, for two
groups of people, there is an equal probability of being hired in each group,
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given one’s performance if hired [i.e., p(receive offer|performance)Black =
p(receive offer|performance)White: equal regression lines for performance
predicting test score, or rrace,test·performance = 0 (Darlington, 1971; a.k.a.
Darlington Model 3; see description by Hunter & Schmidt, 1976). The
notion of performance equity is rarely used, but was advocated by Outtz
and Newman (2010) and Newman et al. (2007). For example, if a Black
applicant and a White applicant would have the exact same performance
if hired, these two applicants would have an equal chance of being selected.
Endorsing performance equity, Outtz and Newman (2010) focused on
2
a parameter they labeled rPIRV
, for Performance-Irrelevant Race-related
Variance in test scores (see Figure 3).
rPIRV  rrace test  performance  

rrace ,test  rrace , performance rtest , performance
2
1  rtest
, performance

The idea is that scholastic tests (like the GRE) contain a portion of
variance that strongly overlaps with race but does not overlap with performance. Espousing this notion of fairness leads to the conclusion that
scholastic tests are unfair, for reasons that have nothing to do with performance. In particular, if we begin with the recognition that scholastic

2
Figure 3. Performance-irrelevant race-related variance in test scores ( rPIRV
).
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tests exhibit a Black-White d that is larger (Roth et al., 2001) than the
Black-White d of job performance itself (McKay & McDaniel, 2006)—and
that the Black-White d for job performance is smaller than would be
expected based on the Black-White d for scholastic tests and their relationship with job performance—we can then see that scholastic tests must
contain performance-irrelevant race-related variance, or PIRV (see Figure
3). In short, if a Black and a White job applicant both apply for a job, and
if the Black and White applicant would perform the job at the exact same
level of proficiency if both were hired, then the use of scholastic tests for
hiring means that the White candidate is much more likely to be hired, for
reasons unrelated to job performance. Formulas for calculating such effects
can be found in Outtz and Newman (2010). Using estimates from Table 1:
rPIRV  rrace  test  performance  

.26   .14  .52 
1   .52 

2

 .22

If these formulas are calculated for the GRE (using estimates from
Table 2):
.34   .30  .38 
rPIRV  rrace GRE GGPA  
 .24
2
1   .38 
In short, scholastic tests (like the GRE) would be considered unfair,
using the performance equity notion of fairness.
Incompatibility among different notions of test fairness
All three notions of test fairness described above seem intuitively reasonable
to us: (a) equality – equal probability of being hired for each race (i.e.,
rrace,test = 0; adverse impact ratio = 1.0; equal selection ratios), (b) test
equity – equal probability of being hired for each race, given one’s test
score (i.e., rrace,performance·test = 0), and (c) performance equity – equal probability of being hired for each race, given one’s performance if hired (i.e.,
rrace,test·performance = 0). Unfortunately, given the information that is available
about applicants at the time they apply (see Woo et al., 2021), endorsing
the equality definition of test fairness almost always involves notable reductions in the performance of new hires/admits (see Figures 1(a) and 2(a)).
Further, the latter two definitions of test fairness (test equity and performance equity) are almost always mutually incompatible (they mathematically cannot be achieved simultaneously, unless subgroup d = 0 for
the admissions predictor composite/test, or the correlation between performance and test scores is 1.0). As such, when using the GRE, one must
choose between endorsing test equity or performance equity, but not both.
Selection practitioners and policymakers therefore must choose among
the three notions of test fairness, and cannot endorse all three. There

58

D. A. NEWMAN ET AL.

are also some practical issues in choosing one: performance equity and
test equity are difficult to assess at the time of hire, because performance
is not yet known prior to hire; equality typically is easy to assess at time
of hire, so long as the race of the applicants is known. Nonetheless, one’s
choice from among the definitions of test fairness is a reflection of
one’s values.
For the sake of completeness, we note that in the above treatment
we have not mentioned needs-based equity (equal probability of reward,
given one’s level of need), nor have we mentioned race norming (e.g.,
placing Black and White applicants on different lists and admitting
the top applicants from each list), which violates the Civil Rights Act
of 1991 but inherently removes the diversity-performance tradeoff. 4
We also note that we do not endorse the ideas of declaring that scholastic knowledge/skills do not exist, are not valuable, or cannot be
measured.
Four value positions
Generally speaking, one’s approach to resolving local diversity-performance tradeoffs is a reflection of one’s values. We thus find it useful to
articulate four distinct value profiles that typically guide one’s perspective
on diversity issues in hiring and admissions. Although there exist many
ways to characterize one’s values, the most natural approach appertaining
to the current tradeoff curve methodology is to simply cross the two
criterion variables (i.e., diversity and performance). Doing so produces
a 2 × 2 matrix (i.e., valuing diversity × valuing performance), which
creates three value profiles (see online appendix Figure A (supplementary
materials)), to which we add a fourth value profile that we label devaluing
diversity. Altogether, these are the four value positions most relevant to
the management of diversity and performance:
a. Position #1: De-value diversity (individual racist/individual prejudiced
approach) – individuals in this value position will espouse selection/admissions approaches that result in avoiding the selection of Black applicants.
b. Position #2: Value performance, but willing to ignore diversity (colorblind [a.k.a. history-blind] approach) – individuals in this value position will espouse selection/admissions approaches that result in
selecting the highest-performing applicants, regardless of race. There
might be resistance to or lack of investment in considering measures
of race for individual applicants. Colorblind ideology can advantage
an oppressor by propagating the unjust system.
c. Position #3: Value diversity, but willing to ignore performance (performance blind) – individuals in this value position will espouse selection/
admissions approaches that result in selecting more underrepresented
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applicants, regardless of performance. There might be resistance to or
lack of investment in considering explicit measures of performance
or predicted performance for individual applicants. A performance-blind
ideology might be justified on the basis of the history of racial exclusion in a social context.
d. Position #4: Value diversity and performance simultaneously, not willing
to ignore diversity or performance (optimizing; Pareto-optimal weighting
routines; see Figures 1 and 2)—this ideology entails selection/admissions approaches that measure and explicitly value both performance
and race, assigning weights to predictors while seeking to optimize
two criteria at once. It does not require that one criterion be ignored
when considering the other.
Pareto tradeoff curves for the three notions of test fairness
We next created Pareto tradeoff curves for each of the three notions of
test fairness. These performance vs. test fairness tradeoff curves are
shown in Figure 4(a)–(c). Figure 4(a) is the standard Pareto tradeoff
curve–as AI ratio [diversity] increases, Graduate GPA decreases (while
assigning less weight to the GRE). When AI ratio = 1.0 (equal selection
ratios: Equality fairness), Graduate GPA validity R = .13.
Figure 4(b) is the Pareto tradeoff curve for the Test Equity definition
of test fairness (i.e., higher levels of the horizontal axis correspond to
smaller overprediction of Black applicants’ performance, controlling for
test scores). Figure 4(b) shows there is no tradeoff between Cleary fairness and performance (and GRE is not dropped). Figure 4(c) is the
Pareto tradeoff curve for the Performance Equity definition of test fairness
(i.e., higher levels of the horizontal axis correspond to a smaller correlation advantaging White applicants’ test scores, while controlling for performance). This correlation (rPIRV) decreases toward zero (more fairness)
as GRE and undergraduate GPA are given less weight. When rPIRV = 0
(equal probability of selection, given performance), validity R = .21, and
GRE-V still receives some weight (GRE is not dropped).

GRE-optional approach
One alternative to GRE-dropped admissions is GRE-optional admissions.
In GRE-optional admissions the GRE is not required, and each applicant
chooses whether to submit GRE scores. Because GRE-optional removes
an expensive and time-consuming barrier to admission, it might also
increase the overall number of applicants. However, this policy presents
a challenge in how to use the GRE without unevenly advantaging those
who did not submit the test.
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Figure 4. (a) Equality: Pareto-optimal tradeoff between Graduate GPA and AI ratio.
(b) Test equity: Pareto-optimal tradeoff between Graduate GPA and rCleary. (c)
Performance equity: Pareto-optimal tradeoff between Graduate GPA and rPIRV.

GRE-optional admissions present a missing data problem, where the
GRE is an incomplete variable. In this scenario, it is likely that the
probability of skipping (or not submitting) the GRE is higher for those
who would have gotten lower GRE scores. That is, GRE score is positively
related to the probability of reporting the GRE in one’s application. This
particular form of systematic missingness is partly MAR missingness
(Rubin, 1976; see Graham, 2009; Newman, 2014), because missingness
on the incomplete variable (GRE) is somewhat correlated with other
available information about the applicant (note that GRE is correlated
with undergraduate GPA, which is not an incomplete variable because
undergraduate GPA is required from every applicant). This partly MAR
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missingness on the GRE variable permits using a missing data routine
to partly (but very imperfectly) recover what the GRE score might have
been for each individual if it had been reported.
For a simple proof-of-concept, we simulated a GRE-optional admissions scenario (see online supplementary materials for details and results).
We first simulated complete data from the Table 2 population correlation
matrix. We then simulated the GRE-optional approach by probabilistically
deleting GRE scores for half of the applicants in a way that makes GRE
missingness negatively correlated with GRE scores. We then compared
selection/admissions outcomes under four different conditions: (a)
Condition 1: GRE-required admissions (complete-data condition with no
GRE scores missing), (b) Condition 2: GRE-optional without imputation
(standardize available predictor scores and sum them), (c) Condition 3:
GRE-optional with regression imputation (regression-impute the missing
GRE scores and sum them with other predictors), and (d) Condition 4:
GRE-dropped (sum the other predictors, without the GRE). We note
that regression single imputation is generally not advisable in the missing
data literature, where the goal is to accurately recover parameter estimates
and hypothesis tests (Enders, 2010; Newman, 2014); but in the current
implementation the goal is to recover the individual applicant rank-order
that would have been observed if the GRE had been reported, and as
such regression single imputation might be warranted.
Turning to Table 3 (simulation results), we can look at the number of
GRE non-reporters under the GRE-optional scenario, to inspect whether
these individuals would have been admitted under four different GRE
conditions. At selection ratio = .1: (a) for the GRE-Required condition,
379 (1.9%) of GRE non-reporters would have been admitted, but (b) for
the GRE-optional without imputation condition, 1,015 (5.1%) of GRE
non-reporters would have been admitted! This shows a large advantage for
GRE non-reporters under the GRE-Optional condition. In order to partly
Table 3. “GRE-Optional” simulation results: Number of GRE non-reporters who would
have been admitted, under four GRE conditions.
Number of GRE non-reporters
who get admitted
GRE Admissions Policies
“GRE-Required” Admissions (if the GRE nonreporters had reported their GRE scores)
“GRE-Optional” Admissions (admitting on predictor
composite of standardized available predictors)
“GRE-Optional with Regression-Imputed GRE”
Admissions
“GRE-Dropped” Admissions
Note. Each number is out of N = 20,000 applicants.

Selection
Ratio = .1 (10%)
379
(1.9%)
1,015
(5.1%)
700
(3.5%)
814
(4.1%)

Selection
Ratio = .5 (50%)
3,482
(17.4%)
4,594
(23.0%)
4,557
(22.8%)
4,506
(22.5%)
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remove this advantage, GRE regression imputation can be used to impute
the missing GRE scores of GRE non-reporters. Even so, there remains
an advantage: (c) for the GRE-optional with regression imputation condition, 700 (3.5%) of GRE non-reporters would have been admitted. For
comparison, if the GRE had been dropped altogether: (d) GRE-dropped
condition, 814 (4.1%) of GRE non-reporters would have been admitted. To
summarize, the simulation shows a large advantage for GRE non-reporters
under the GRE-Optional condition, such that their chance of admission
is much higher than it would have been in the GRE-Required condition,
and is actually also higher than their chance of admission would have
been in the GRE-Dropped condition. This is because, for GRE-Optional
when the available GRE scores get standardized and added to the predictor
composite, individuals with missing GRE scores are treated as though their
GRE is at the mean of those who reported their GRE (when in reality, it
is usually much lower). GRE-Optional admissions allows low-scorers to
hide their lower GREs to their advantage, and even regression-imputation
cannot fully remove this advantage.
Interestingly, at a high selection ratio (SR = .5; see Table 3), there is
still an advantage for GRE non-reporters under GRE-Optional (chance
of admission rises from 17.4% to 23.0%), but this advantage is nearly
identical to the advantage these individuals would have seen under GREDropped conditions (22.5%) or GRE-Optional with regression imputation
conditions (22.8%).
Next, we simulated the GRE-Optional with Regression Imputation
approach for both the GRE-Verbal and GRE-Quant tests, and used these
numbers to create a correlation matrix for the GRE-Optional condition,
from which we could produce another diversity-performance curve. Figure
5 displays all three diversity-performance curves—GRE-Required, GREDropped, and GRE-Optional with Regression Imputation—on the same figure.
As seen in Figure 5, GRE-optional and GRE-dropped solutions can
yield diversity outcomes similar to GRE-required solutions on the righthand side of the diversity-performance curve (where diversity is more
valued and performance is less valued). This is an area on the curve
where the GRE is simply given less weight. These solutions entail a
noticeable sacrifice in terms of graduate school performance. On the
left-hand side of the curve (where performance is more valued and
diversity is less valued), the GRE-dropped solutions yield much worse
performance outcomes compared to GRE-required solutions, and the
GRE-optional solutions can yield slightly better performance than the
GRE-dropped solutions, but only if one is willing to sacrifice the diversity
benefits (see Figure 5).
GRE-optional admissions do little to boost diversity, compared to
either GRE-required admissions or compared to GRE-dropped
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admissions. First, compared to GRE-required admissions, GRE-optional
admissions give an extra advantage to applicants who score low on the
GRE and high on undergraduate GPA—the vast majority of such people
in applicant pools are still from the majority demographic group. For
this reason, GRE-optional admissions yield both notably lower performance and no-better diversity outcomes, compared to GRE-required
admissions (see Figure 5). Second, compared to GRE-dropped admissions, GRE-optional admissions offer an advantage to individuals with
low undergraduate GPA but high GRE (using the GRE redemptively)—
but an even higher portion of such people in applicant pools are from
the majority demographic group. As such, GRE-optional admissions
are also unlikely to yield better diversity results than GRE-dropped
admissions (see Figure 5).
Overall, Figure 5 supports a few major inferences. When admissions
decision makers place higher value on performance and less value on
diversity (on the left-hand side of the curve), GRE-optional is not much
better than GRE-dropped, and both are suboptimal compared to

Figure 5. Pareto-optimal tradeoff curves based on predictors of Graduate GPA,
including GRE-required, GRE-dropped, and GRE-optional (with imputation).
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GRE-required admissions. Conversely, when admissions decision makers
place higher value on diversity and less value on performance (on the
right-hand side of the curve), GRE-optional, GRE-dropped, and GRErequired admissions yield approximately the same outcomes, because the
GRE is receiving very little weight in the admissions decision. The
important insight here is that one should explicitly inspect the diversity-performance curve and choose a solution, in light of one’s relative
valuation of performance and diversity.

Conclusion
For ease of presentation, we summarize the major messages of the current
article in a list. This list includes seven points related to using the GRE
for graduate admissions:
1. The GRE usefully predicts graduate school performance (rcorrected =
.38). This is an average based on over 100 studies and 14,000 participants, across many academic disciplines, and refers to the correlation in applicant pools (without range restriction; Kuncel et al.,
2001). This effect means that if individuals are admitted based on
their GRE scores, the incoming students will earn notably better
grades in graduate school, especially to the extent that admissions
are selective (at lower selection ratios). The GRE is more standardized
than other applicant information (undergraduate GPA, letters of
reference, measures of research experience, interview scores, personal
statements). This effect cannot be explained by SES, and is likely
due to the fact that the GRE measures proficiency in high school
math and reading comprehension, in a standardized way.
2. The GRE shows strong Black-White race gaps (d = 1.07). This is a
legacy of systemic racism involving macro and historic factors (segregation/discrimination in education, hiring, labor, real estate/property,
healthcare, toxins, resources, law enforcement/police brutality; expectancy effects/stereotypes; and environmental disadvantages), as well
as micro and individual factors (family SES, parental scholastic knowledge and skills, learning materials in the home). This effect cannot
be explained by biased test items (measurement nonequivalence) or
stereotype threat. Scholastic knowledge and skills gaps are real, because
scholastic experience is distributed in society in a biased manner.
3. The combination of points 1 and 2 above can often force a diversity-performance tradeoff decision in local admissions contexts. When
such a tradeoff exists, it can be formalized with a Pareto-optimal
tradeoff curve, which often has a negative slope and shows
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combinations of diversity and performance outcomes available to
graduate admissions decision makers. Each diversity-performance
combination on the curve corresponds to a set of weights assigned
to the predictors (i.e., tests, grades, letters, and other applicant information available at the time of the admissions decision). The slope
of the diversity-performance curve quantifies how much diversity
and performance must be traded off in the admissions decision.
Solutions below the curve are suboptimal, meaning that more diversity, more performance, or both are available if using different predictor weights.
4. Admissions decision makers typically adopt one of four value positions:
a. De-value diversity (individual racism approach),
b. Value performance, but willing to ignore diversity (colorblind/
history-blind),
c. Value diversity, but willing to ignore performance (performance-blind), or
d. Value diversity and performance simultaneously, not willing to ignore
diversity or performance (optimizing).
5. There are (at least) three distinct notions of what test fairness is:
a. Equality – equal probability of being hired for each race (i.e., rrace,test
= 0; adverse impact ratio = 1.0; equal selection ratios in two groups),
b. Test equity – equal probability of being hired for each race, given
one’s test score (i.e., rrace,performance·test = 0), and
c. Performance equity – equal probability of being hired for each
race, given one’s performance if hired (i.e., rrace,test·performance = 0).
To achieve equality fairness, the GRE should typically not be used.
To achieve test equity fairness, the GRE can be used. To achieve
performance equity fairness, the GRE can be used, but will be given
a lower weight in the admissions decision.
6. Dropping the GRE from admissions bends the Pareto-optimal diversity-performance curve downward at the leftmost end (Figure 2(a)).
This means that admissions without the GRE are suboptimal (compared
to admissions with the GRE). Most notably, the maximum amount
of performance that can be attained drops appreciably when the GRE
is dropped. However, the maximum amount of diversity that can be
attained does not drop appreciably when the GRE is dropped. With
or without the GRE, there is still a diversity-performance tradeoff
decision that must be made.
[Notably, if the GRE were dropped from admissions, the numerically largest group of beneficiaries would likely be majority (e.g.,
White) applicants with relatively weaker scholastic preparation. As
such, dropping the GRE is not always the most efficient approach
for simultaneously improving diversity and academic performance.]
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7. When admissions decision makers place higher value on performance
and less value on diversity (on the left-hand side of the diversity-performance curve), GRE-optional is not much better than GRE-dropped
(based on a small simulation), and both are suboptimal compared to
GRE-required admissions (Figure 5). Conversely, when admissions
decision makers place higher value on diversity and less value on
performance (on the right-hand side of the diversity-performance
curve), GRE-optional, GRE-dropped, and GRE-required admissions
yield approximately the same outcomes (because the GRE is receiving
very little weight in the admissions decision). The important insight
is that one should inspect the diversity-performance curve and choose
a solution in light of one’s relative valuation of performance and
diversity. It is an unfortunate tradeoff, and the shape of that tradeoff
depends upon whether the GRE is required (Figure 5).
Future research questions
When conducting the simple simulation of GRE-Optional admissions,
some assumptions were necessary, which could further benefit from
empirical verification. First, how large is the relationship between GRE
scores and the applicant’s choice to not report the GRE? Second, how
much does the number of applicants increase when GRE-Optional admissions are used? Anecdotal evidence from the COVID-19 admissions
season (2020–2021), when many universities made the GRE waived or
optional, might offer some (albeit confounded) evidence about how
much application numbers increase when the GRE is not required.
Performance benefits due to the increased number of applicants are
unlikely to be sizeable in most cases (the key parameter is how many of
the new applicants would be admitted and also perform better than the
applicants who would have otherwise been admitted), and thus might
not likely overcome the performance costs of not using the GRE. This
is an area for future research, and is related to the study of targeted
recruiting of applicant pools (Newman et al., 2014). Of course, there
is a sort of prisoner’s dilemma in which, if a critical mass of graduate
programs begins to drop the GRE, then the remaining programs who
still require the GRE will lose a large and consequential number of
applicants. Third, future research should accrue on additional predictors of graduate school performance, beyond the ones in Table 2. This
research might also include evaluating rubrics to better standardize the
scoring of interviews, letters of reference, undergraduate GPA, personal
statements, and/or additional applicant information—such standardization should somewhat improve the predictive power of these variables,
but empirical validation is needed.
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Epilogue
The decision of whether to use, and how much to weight, tests like the
GRE in graduate admissions typically entails a tradeoff between diversity
and graduate school performance. This diversity-performance tradeoff in
admissions is a legacy of systemic racism (i.e., the existence of the
tradeoff itself is a racist condition). Racism has had real consequences
in the scholastic domain. Indeed, this is one of the reasons to place high
value on diversity in admissions.
As discussed in this article, the tradeoff is not a theory, but is rather
a difficult empirical fact that has resulted from centuries of hateful
practices (including differential and oppressive maltreatment in the
domains of education, labor, housing, public health, and criminal justice),
as well as the historical misuse and misinterpretation of tests to reify
essentialist and racist beliefs. The racist origins of the diversity-performance tradeoff imply a national responsibility to help secure equal opportunity and to remove the tradeoff itself. However, its nefarious origins
and the immensely consequential social imperative that the tradeoff
should not exist, do not imply that the tradeoff does not currently exist,
nor that the tradeoff can be removed by ignoring it. If valuing both
diversity and performance outcomes simultaneously, neither would be
ignored.

Notes
For GPA, meta-analytic r corrected = .34 GRE-Verbal (k = 103 studies,
N = 14,156), and rcorrected = .32 GRE-Quantitative (k = 103 studies, N = 14,425;
Kuncel et al., 2001). The GRE also predicts first–year graduate GPA (rcorrected = .34 GRE-V, rcorrected = .38 GRE-Q [k = 1,231 studies, N = 45,618]),
comprehensive exam scores (rcorrected = .44 GRE-V, rcorrected = .26 GRE-Q
[k = 11 studies, N = 1,194]), faculty ratings (rcorrected = .42 GRE-V, rcorrected
= .47 GRE-Q [k = 34 studies, N = 5,112]), and publication citation count
(rcorrected = .17 GRE-V, rcorrected = .23 GRE-Q [k = 12 studies, N = 2,306]). In
contrast, the GRE does not consistently predict degree attainment (rcorrected = .18 GRE-V, rcorrected = .20 GRE-Q [k = 32 studies, N = 6,304]) or research
productivity (rcorrected = .09 GRE-V, rcorrected = .11 GRE-Q [k = 18 studies,
N = 3,328]; confidence intervals include zero; Kuncel et al., 2001).
		 We note that the running empirical example in this paper uses graduate
GPA as the criterion variable (with a parallel example using job performance). The reported figures should thus be interpreted in light of this
limitation, and assumptions should not be made about whether the current
results do or do not generalize to additional criteria (e.g., attrition, research
productivity, measures of rate of learning that are separate from GPA),
without further analysis of such additional criteria.
2. In establishing that the SAT-College GPA relationship does not depend
upon SES, the Sackett et al. (2009) results suggested a mediation model,
in which SES contributes somewhat to standardized test scores/SAT (un1.
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restricted correlation = .42; N = 155,191; also see Camara & Schmidt, 1999;
Dixon-Román, 2020), and SAT in turn predicts college GPA; but SAT still
greatly predicts college GPA even after the role of SES has been partialled
out (statistically held constant).
The model is similar to a regression model: it does not assume that every
individual behaves as predicted (i.e., it does not assume that every individual with lower test scores will exhibit lower performance), but rather
describes tendencies for those with lower test scores to be more likely to
have lower performance on average, with less-than-perfect prediction (R2
< 1.0 for the model).
A helpful reviewer requested that we discuss methods for reducing the
diversity-performance tradeoff in the future. Outtz and Newman (2010)
addressed this issue, categorizing long-term strategies (major policy and
social change initiatives; cf. Ceci & Papierno, 2005), medium-term strategies (redesigning tests to minimize r2PIRV; see Figure 3), and short-term
strategies (predictor weighting [De Corte et al., 2007], and qualifications-based diversity recruiting [Newman & Lyon, 2009; Newman et al.,
2014]) for eradicating the diversity-performance tradeoff. Last, the practice
of race norming–e.g., putting Black and White applicants on separate lists
then selecting the top 10% of applicants from each list (which was forbidden in the U.S. by the Civil Rights Act of 1991), would immediately
remove almost the entire diversity-performance tradeoff (because it renders
race and test scores uncorrelated). This approach may be admissible in
some countries outside the U.S.
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