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The GRE as a predictor of
persistence to a PhD

Brent Bridgeman*, Margarita Olivera-Aguilar and
Steven Holtzman

Educational Testing Service, Princeton, NJ, United States

Because dropout from PhD programs is common and is a problem with serious
consequences for both students and institutions, identifying indicators of likely
dropout would be very valuable. Scores on admissions tests might be useful,
but existing data on their utility is contradictory and typically based on highly
restricted small samples from just a single institution or a small set of institutions.
Programs dropping the GRE as an admissions requirement noted this lack of
convincing evidence that the test was useful in predicting the criterion of primary
interest—persistence in graduate school PhD programs versus early dropout.
HLM and quartile analyses were used to provide that evidence with a sample of
1,672 graduate programs containing 157,924 students. GRE Verbal and Analytical
Writing scores, but not Quantitative scores, are shown to predict persistence
versus dropout in a variety of majors with especially strong results in business,
engineering, and the physical sciences (e.g., in the physical sciences only 40%
of the students with low GRE Analytical Writing scores in their programs persist
while 78% of the students with high scores do so).

dropout, persistence, graduate school, PhD, HLM

Introduction

About 50% of students who begin doctoral programs drop out before receiving the degree
(Cassuto, 2013). Being able to identify students who are at greatest risk of dropping out would
have clear benefits for both students and graduate institutions. Both students and institutions
make a significant financial investment in a graduate education and early drop out wastes these
investments. Institutions that identified students with a higher risk of dropping out could
commit more resources to helping these students succeed in graduate school. Scores on graduate
admissions tests such as the GRE would seem to be one way of identifying these at-risk students,
but the existing evidence on the value of such tests in identifying students likely to persist in
PhD programs is equivocal and typically based on small samples with severe range restriction.

Showing a relationship between scores on a cognitive test such as the GRE and dropout from
graduate school is challenging for several reasons. First, most dropout is for reasons other than
a lack of cognitive ability. A study of students who dropped out of graduate programs by the
National Center for Educational Statistics (Nevill and Chen, 2007) indicated that the top reasons
for leaving were: change in family status, conflict with job or military, dissatisfied with program,
needed to work, personal problems, other financial reasons, taking time off, and other career
interests. A cognitive test could not be expected to predict a change in family status or job
conflict. Second, most graduate programs have already selected students based on strong
indicators of cognitive skill, so it is impossible to predict how students without those skills would
have done had they been admitted. Third, generalizing from studies done in a single institution
or a small handful of institutions is difficult and can lead to contradictory and confusing results.
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Despite these challenges, a number of studies have attempted to
evaluate the relationship of GRE scores to persistence in graduate
programs. One study noted that GRE scores were higher for men who
dropped out of PhD STEM programs than for those who remained
enrolled (Petersen et al., 2017). But because this study used data from
four flagship state universities that had selected students based on
strong GRE quantitative (GRE-Q) scores virtually no one in the
sample had low scores. The men who dropped out had average scores
of 742 on the old 200-800 GRE scale and the students who persisted
had average scores of 723. Thus, the results cannot tell us anything
about the likely success of students with low or mediocre scores, or the
potential value of considering GRE scores as part of a holistic review
process. A study of biomedical graduate programs at the University of
North Carolina (Hall et al., 2017) similarly reached a conclusion of no
relationship of GRE scores to persistence but had the same problem
of attempting to reach conclusions in a sample from highly selective
programs that include few if any students with low scores. The title of
another recent study (Miller et al, 2019), “Typical physics
Ph.D. admissions criteria limit access to underrepresented groups but
fail to predict doctoral completion,” seemed to suggest no relationship
between GRE scores and persistence in a doctoral program.
Nevertheless, the text concluded that significant associations exist.
Using a multivariate logistic model with the 3,692 physics students in
their sample, the study abstract noted, “Significant associations with
completion were found for undergraduate GPA in all models and for
GRE Quantitative in two of four studies models.” Specifically, in the
model that included all students the significant odds ratio for GRE-Q
was 1.013 with a standard error of 0.004. The “fail to predict doctoral
completion” in the original article title is actually contradicted in the
article text that notes, “the traditional admissions metrics of
undergraduate grade point average (GPA) and the Graduate Record
Examination (GRE) Quantitative, Verbal, and Physics Subject Tests do
not predict completion as effectively [as] admissions committees

» «

presume.” “Fail to predict” and not predicting as effectively as
committees presume are not the same thing. Furthermore, a number
of flaws in the original analysis that tended to underestimate the
effects for GRE-Q were identified (Weisman, 2019). Some of these
flaws were addressed in a response by the authors (Miller et al., 2020)
but a major concern remained-the severe range restriction on GRE-Q
scores. As the authors acknowledged in their response to the
comment, “Undergraduate physics majors’ GRE-Q scores are nearly
all within just a few standard errors (SEs) of a perfect score. This
strong range restriction necessarily limits the strength of any
correlation between GRE-Q and any other variable”

A study of 344 applicants to a top-five PhD program in economics
(Grove and Stephen, 2007) indicated a significant positive relationship
of both GRE verbal (GRE-V) and quantitative (GRE-Q) scores to
program completion. The Probit for GRE-V was 0.064 and for GRE-Q
the Probit was 0.152 with standard errors of 0.031 and 0.064 for V and
Q, respectively. A study using data from a flagship public university
and an Ivy League university (Bridgeman and Cline, 2022) indicated
practically and statistically significant predictions of persistence for
students in PhD programs in chemistry (n=315) from GRE-Q, but
not from GRE-V. Among students in the top quartile of GRE-Q scores
in the chemistry programs 14% dropped out compared to 30%
dropout in the bottom quartile of GRE scores, yielding a 2(drop/stay)
x2(top quartile/bottom quartile) Chi-square with Yates correction of
5.28 with a p<0.03. A study of 203 applicants (over a 7-year period)
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to a math PhD program at a Tier I public university in California
noted significant GRE-V correlations with program completion (Ma
et al., 2018); the coeflicient from the logistic regression was 0.051
(p=0.02). For GRE-Q, the authors reported a coefficient of 0.065
(p=0.07) and noted that the coeflicient “is only marginally significant,
possibly due to the small variation in the GREQ scores among math
PhD students (all scores tend to be near the maximum possible score
of 166, with about a half within 2 points, and three quarters within 7
points of the maximum)?”

In summary, some studies find a significant relationship of GRE
scores to PhD program completion while others do not, and there are
substantial limitations in all of these studies. Attempting to generalize
from the existing studies is difficult because they may focus on only a
single program at one university or data from just a few highly
selective universities. The current study examines early dropout versus
persistence to a PhD degree with a very large sample of programs and
students by using comprehensive data from the National
Student Clearinghouse.

Method
Sample

From ETS files, we identified GRE test takers with scores from
2012 to 2016 so that sufficient time would have elapsed for them to
enroll in graduate programs and make some progress toward a degree.
Names were sent to the National Student Clearinghouse that then
provided data on where and when these students were enrolled in
higher education institutions. These data did not indicate whether
students’ postsecondary enrollment was specific to undergraduate or
graduate studies, and therefore we implemented a data selection
procedure that would allow us to select students who were likely
enrolled in a graduate program. Specifically, using data from the
biographical questionnaire that students complete when they register
to take the GRE, only students who indicated a doctoral degree goal
and who were enrolled in a higher education institution within 2 years
of taking the GRE were retained in the sample.

Procedures

We identified students who were still enrolled 4 years after taking
the GRE (persisters) or were no longer enrolled (early dropouts). Note
that some of the dropouts may have obtained master’s degrees in less
than 4years after taking the GRE, but because they had stated a
doctoral degree goal they could still appropriately be labeled as
dropouts from their stated degree goal. Students were classified
according to their intended graduate majors on the biographical
questionnaire. It is possible that some students may have switched
from their original stated intentions, but because the intention was
recorded just as the students were about to apply to graduate school
we assume that most students stayed with their stated intentions.
We defined these intentions within institutions as programs, and only
programs with at least 20 students were retained in the sample because
analyses had to be conducted at the program-within-institution level
before taking the sample size weighted average over programs. As
indicated in Table 1, the sample consisted of 1,672 graduate programs
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TABLE 1 Number of programs, students, and program means and SDs.

Program # of # of Mean SD
area programs students

GRE verbal

Business 22 578 156 3.6
Education 198 10,372 154 29
Engineering 137 14,683 155 3.1
Humanities 190 12,835 159 2.6
Life sciences 521 64,574 153 3.2
Physical 156 2.7
sciences 198 21,120

Social sciences 406 33,762 155 3.2
GRE quantitative

Business 22 578 159 5.1
Education 198 10,370 149 3.2
Engineering 137 14,684 162 2.6
Humanities 190 12,812 150 2.8
Life sciences 521 64,565 152 32
Physical 159 3.0
sciences 198 21,120

Social sciences 406 33,759 150 3.7
GRE analytic writing

Business 22 582 4.1 0.4
Education 199 10,410 4.0 0.3
Engineering 141 14,989 3.8 0.3
Humanities 190 12,873 4.3 0.3
Life sciences 522 64,709 39 0.2
Physical 3.9 0.2
sciences 198 21,294

Social sciences 407 33,888 4.1 0.3

containing 157,924 students. Although students are expected to have
scores on the three GRE sections, Verbal (GRE-V), Quantitative
(GRE-Q), and Analytical Writing (GRE-AW), occasionally a student
would leave one section blank resulting in no score for that section
and explaining the very slight variations in sample sizes across sections
in Table 1. The Mean column is based on the weighted average of the
means within each program/institution. The highest GRE-V mean, as
might be expected, was in the humanities, but there was relatively little
variation across the program means from a low of 153 to a high of 159.
On the other hand, there was considerable variation in the GRE-Q
mean scores from a low of 149 to a high of 162 with the highest means
in business, engineering, and the physical sciences. We also looked at
the median scores in each program/institution and noted that
on-average medians were within one point of the means.

Analyses

Two methods were used to analyze the results. First, we conducted
a series of hierarchical linear models (HLM) predicting the 0-1
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criterion of persisting or dropping out from a binary indicator of
whether the test takers were international or domestic (United States
citizens or resident aliens), GRE-V, GRE-Q, and GRE-AW scores.
Then, to make these results easier to visualize, within each program/
institution we divided the students by GRE score quartile separately
for V, Q, and AW, and identified the percent of students in each
quartile who were still enrolled 4 years after taking the GRE (persisters)
and took the within-institution sample size weighted average over all
institutions. Note that both the HLM and quartile analyses account for
students embedded in different programs/institutions; the GRE
quartiles reflected different score levels in different programs/
institutions and persistence v dropout was unique to each program/
institution.

Hierarchical linear models

To account for the clustering of test takers within institutions,
we conducted a series of generalized estimating equation logistic
regressions in each of the study majors: business, education,
engineering, humanities, life sciences, physical sciences, and social
sciences. For each major, first an unconditional random effects
analysis of variance (ANOVA) with PhD persistence as the outcome
variable was conducted to compute the ICC for dichotomous
outcomes (Snijders and Bosker, 1999; as cited in O’Connell et al,,
2008) and determine the proportion of variance due to institutional
variability. ICC values above 0.10 indicate the need to use multi-level
modeling to account for the clustering of the data (Lee, 2000). In a
second set of models, we added a binary variable for international
versus domestic student status and each of the three GRE scores.
Based on recommendations by Enders and Tofighi (2007), the
continuous predictors were group mean centered. To be consistent
with the sample selection for the quartile analysis, we restricted the
analysis to programs within institutions with at least 20 individuals.

Quartile analysis

Within each program/institution, and separately for each of the
three GRE scores, we identified students the bottom score quartile
through the top score quartile. We computed the mean GRE score in
each quartile in each program/institution and took the sample size
weighted average of these means. These means and their standard
deviations are in Table 2. Note that in the full sample of GRE test-
takers the standard deviations for V, Q, and AW are 8.6, 9.6, and 0.9
(GRE, 2022), so the differences in means between the first and fourth
quartiles are substantial. We also used the same procedure with
undergraduate point average (UGPA) and with combined scores, e.g.,
students who were in top quartile on three measures (UGPA, GRE-V,
and GRE-AW) or in the bottom quartile in all three measures.

Results
Hierarchical linear models

Although the unconditional models revealed that the proportion
of between institution variance was over the suggested value of 0.10

frontiersin.org


https://doi.org/10.3389/feduc.2023.1182508
https://www.frontiersin.org/journals/education
https://www.frontiersin.org

Bridgeman et al.

TABLE 2 Program means and SDs by GRE quartile.

10.3389/feduc.2023.1182508

Program

GRE-V

Business 147 3.7 154 3.7 159 4.2 165 3.0
Education 146 3.0 152 32 157 33 163 2.8
Engineering 148 34 154 3.1 159 2.8 164 22
Humanities 152 32 158 2.9 162 2.7 167 1.9
Life sciences 147 2.9 152 32 156 33 161 33
Physical sciences 149 3.1 155 2.9 160 2.7 165 2.1
Social sciences 147 3.4 154 3.6 158 3.5 163 3.1
GRE-Q

Business 148 6.0 157 6.2 163 4.9 168 3.2
Education 141 3.0 147 33 151 35 158 3.6
Engineering 156 3.0 162 2.6 165 2.4 169 1.4
Humanities 143 2.7 149 2.9 153 3.0 160 3.0
Life sciences 146 3.0 151 32 155 33 160 34
Physical sciences 154 34 160 33 164 3.1 168 2.0
Social sciences 143 3.3 150 3.9 154 43 160 4.6
GRE-AW

Business 3.1 0.4 3.8 0.4 4.4 0.4 5.1 0.4
Education 3.1 0.3 3.9 0.3 43 0.3 5.0 0.3
Engineering 3.0 0.3 3.6 0.3 4.2 0.3 4.9 0.3
Humanities 34 0.3 4.2 0.3 4.7 0.3 5.4 0.3
Life sciences 31 0.3 3.8 0.3 42 0.3 4.8 0.3
Physical sciences 3.1 0.2 3.8 0.3 4.3 0.3 5.0 0.3
Social sciences 32 0.3 3.9 0.3 4.4 0.3 5.1 0.3

(Lee, 2000) only for business (ICC=0.12), we nevertheless ran HLM
models for all of the programs. The results indicate an improvement
in better model fit on the models including the predictors over the
unconditional model (Tables 3-9). Overall, the results from the model
with predictors indicate that GRE-V was a significant positive
predictor and GRE-Q was a significant negative predictor of PhD
persistence in every major. While the effect of GRE-AW was positive
in every major (except in life sciences where GRE-AW had a
significant negative relationship), its relationship was statistically
significant only in Education, Engineering and Physical Sciences. It
should be noted that while the regression coefficients for GRE-V and
GRE-Q represents the single point increase on a scale that goes from
130 to 170, the GRE-AW scale is from 0 to 6, hence, appearing to have
a larger effect in some majors.

Quartile analysis

The quartile results for persistence in graduate school are in
Figures 1-3. For both GRE-V and GRE-W the percent of persisters in
the fourth GRE quartile was always larger, often much larger, than the
percent of persisters in the first quartile. For example, in engineering
only 25% of the students in the first GRE-AW quartile persisted while
73% of the fourth quartile students were still enrolled 4 years after
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taking the GRE; in the physical sciences the percent persisting was 40%
in the first quartile and 78% in the fourth. Surprisingly (but consistent
with the HLM analysis), the results were reversed for GRE-Q with
lower scoring students more likely to persist. For example, in the
physical sciences 75% of the first quartile students persisted while only
50% of the fourth quartile students did so. Programs show a monotonic
increase from the first to forth quartiles with the exception of GRE-AW
in the life sciences with a decline from the first to third quartiles, but
then a positive jump in the fourth quartile. This odd fit could explain
the negative Logit weight and odds ratio less than 1.0 for GRE-AW in
the HLM analyses for the life sciences while the weight is positive in all
other majors.

Another way to look at these data is to determine the percent of
programs in each program area in which there are more persisters in
the top GRE score quartile than in the bottom quartile. These percents
are in Table 10. Results mirrored the conclusions from Figures 1-3
with especially strong results for programs in business, engineering,
and physical sciences for both GRE-V and GRE-AW scores, but
results in the opposite direction for GRE-Q.

We wondered if the pattern would be the same in more and less
selective institutions, so we divided programs in thirds based on mean
GRE-Q scores at the institution (i.e., highly selective, average, and less
selective institutions). But the pattern was essentially the same for the
more and less selective institutions.
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TABLE 3 HLM results for Business (N = 571). TABLE 5 HLM results for Engineering (N = 14,612).
Unconditional Model with Unconditional Model with predictors
model predictors model
Logit (SE) Logit (SE) Odds Logit (SE) Logit (SE) Odds
ratio ratio
Fixed effects Fixed effects
Intercept 0.296 (0.0168)* 1,097 Intercept 0.173 (0.045) 1.238**%* (0.042)
(0.175) International —3.134%** (0,060) 0.044
International —2.42] %% 0.089 GRE-Q —0.043%* (0.005) 0.957
(0.279)
GRE-V 0.0327*#%* (0.005) 1.032
GRE-Q —0.055%* 0.946
GRE-AW 0.188%%% (0.041) 1.206
(0.019)
Covariance estimates
GRE-V 0.077%%* 1.08
0.023) Level -2 0.207 (0.035) 0.086 (0.022)
intercept (o)
GRE-AW 0.045 (0.179) 1.046
ICC* 0.059 0.026
Covariance estimates
Level — 2 intercept 0.444 (0.195) 0.253 (0.166)
(tu) Model fit
1CC# 0.119 0.071 -2LL 19838.03 12761.69%%*
Model fit AIC 19842.03 12773.69
SLL 753.70 551.00%+* BIC 19847.87 12791.21
* Kk kokok. B -
AIC 757.70 563.09 .P<.0'05’ p'< 0.01, **#p <0.001. The p values attached to the likelihood are related to a
likelihood ratio test.
BIC 759.89 569.64
#p<0.05, *#p <0.01, **#p <0.001. The p values attached to the likelihood are related to a
likelihood ratio test.
TABLE 4 HLM results for Education (N =10,246). TABLE 6 HLM results for humanities (N =12,754).
Unconditional Model with Unconditional Model with
model predictors model predictors
Logit (SE) Logit (SE) Odds Logit (SE) Logit (SE) Odds
ratio ratio
Fixed effects Fixed effects
Intercept 1.914 (0.046) 2.152%%* Intercept 1.267 (0.034) 1.480%**
(0.046) (0.037)
International —3.265%%* 0.038 International —2.793%#% 0.061
(0.134) (0.096)
GRE-Q —0.013* 0.987 GRE-Q —0.018%%* 0.982
(0.006) (0.004)
GRE-V 0.0227%%* 1.022 GRE-V 0.037°%%* 1.037
(0.006) (0.005)
GRE-AW 0.114* (0.053) 1.121 GRE-AW 0.018 (0.037) 1.018
Covariance estimates Covariance estimates
Level -2 0.190 (0.037) 0.145 (0.035) Level -2 0.111 (0.021) 0.126 (0.024)
intercept (o) intercept (o)
ICC* 0.055 0.042 ICC* 0.033 0.037
Model fit Model fit
-2LL 8247.64 7224.44%%* -2LL 13676.79 12268.01%%*
AIC 8251.64 7236.44 AIC 13680.79 12280.01
BIC 8258.22 7256.17 BIC 13687.29 12299.49
#p<0.05, #¥p<0.01, **¥*p <0.001. The p values attached to the likelihood are related to a #p<0.05, #¥p<0.01, #*¥*p <0.001. The p values attached to the likelihood are related to a
likelihood ratio test. likelihood ratio test.
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TABLE 7 HLM results for life sciences (N = 64,254).

10.3389/feduc.2023.1182508

TABLE 9 HLM results for Social sciences (N = 33,477).

Unconditional Model with Unconditional Model with
Model predictors model predictors
Logit (SE) Logit (SE) Odds Logit (SE) Logit (SE) Odds
ratio ratio
Fixed effects Fixed effects
Intercept 1.251 (0.028) 1.403%%* Intercept 1.204 (0.028) 1.396%#*
(0.031) (0.029)
International —2.655%:%* 0.070 International —2.525%:k% 0.080
(0.052) (0.059)
GRE-Q —0.034%% 0.967 GRE-Q —0.012%%% 0.988
(0.002) (0.003)
GRE-V 004475 1.045 GRE-V 0.051 7 1.052
(0.002) (0.003)
GRE-AW —0.075%% 0.928 GRE-AW 0.026 (0.023) 1.027
(0.018) Covariance estimates
Covariance estimates Level -2 0219 (0.022) 0.220 (0.024)
Level —2 0.320 (0.026) 0.374 (0.030) intercept (Ty)
intercept (7o) j(elon 0.062 0.063
1CC* 0.088 0.102 Model fit
Model fit 2LL 36404.09 32975 447
21LL 67166.57 62329.09% AIC 36408.09 32987 44
AlC 67170.57 62341.09 BIC 36416.1 33011.44
BIC 67179.09 62366.62 #p<0.05, *#p <0.01, **¥p <0.001. The p values attached to the likelihood are related to a

#p<0.05, #¥p<0.01, #*¥*p <0.001. The p values attached to the likelihood are related to a
likelihood ratio test.

TABLE 8 HLM results for physical sciences (N = 21,025).

Unconditional Model with
model predictors
Logit (SE) Logit (SE) Odds
ratio
Fixed effects
Intercept 0.738 (0.036) 1.472%%%
(0.032)
International —3.1997#:#:% 0.041
(0.056)
GRE-Q —0.021 %% 0.979
(0.004)
GRE-V 0.028%#5 1.029
(0.004)
GRE-AW 0.089%* (0.032) 1.093

Covariance estimates

Level -2 0.172 (0.025) 0.085 (0.018)

intercept (Ty,)

ICC* 0.050 0.018
Model fit

-2LL 26711.11 18666.427%#%*
AIC 26715.11 18678.42
BIC 26721.68 18698.15

#p<0.05, *#p <0.01, **#p <0.001. The p values attached to the likelihood are related to a
likelihood ratio test.
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likelihood ratio test.

Next we evaluated persistence for top and bottom quartiles of
UGPA and for students who were in the top or bottom quartiles on
multiple measures, that is, for example, a student would need to
be in the top quartile in their program/institution on GRE-V and
GRE-AW and GRE-Q or in the bottom quartile on all three scores.
These results are in Table 11. Note that because results for GRE-Q
are in the opposite direction there is more of an increase in
persistence for the combination of just GRE-V and GRE-AW than
for the combination that includes all three GRE scores. Also note
that UGPA has a very limited impact as an indicator of persistence.
This may be due to the very restricted range and generally high
scores for UGPA with mean UGPAs of 3.6 or higher on the 0-4
scale for all majors.

Discussion and conclusions

In both the HLM and quartile analyses, and with a much larger
sample than in any prior research, greater persistence rates were
associated with higher GRE-V and GRE-AW scores, but with lower
GRE-Q scores. We do not have enough information to fully
understand this result for GRE-Q, but one speculation is that students
with very strong quantitative skills may drop out with just a master’s
degree (despite their originally stated intention to get a PhD) when
they realize that they already have the potential to earn a high salary
without putting in the additional years needed to earn a PhD. Although
exact data on the number of students choosing this path are not
available, anecdotal reports are common. For example, a CNN report
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TABLE 10 Percent of Programs in which the percent of persisters is

higher in the fourth quartile than in the first quartile. focused on the number of PhD dropouts getting high-paying jobs in

GRE verbal

Program area

% of programs with more

students persisting in top
quartile

Silicon Valley and noted:

Dropouts are nothing new to the Valley. Quite the opposite: The
tech turk-characteristically, someone too brilliant, too arrogant,
too obsessed for the classroom-is key to the Valley's creation myth

Business 36 and the stories it tells about itself. Sergey Brin, Larry Page and
Education s Jerry Yang dropped out of graduate programs (Ozy, 2014).
Engineering 7 Consistent with this speculation are the large declines in
Humanities 64 persistence in business, engineering, and physical sciences for students
Life sciences 69 where there are many employment opportunities for students with
Physical sciences 88 strong quantitative skills, and the relatively flat profiles for education,
social . humanities, and the social sciences.
ial sci 7
ocaseiences Additional research is also needed to better understand the
GRE quantitative apparently low persistence rates for international students. Our data
193 ylowp
Business 14 did not indicate whether students left graduate school after receiving
Education 3 a master’s degree. Although we considered any such students to
o be non-persisters given a stated degree goal of a doctorate,
Engineering 15 i . . . .
international students may have been more likely to intentionally or
Humanities 38 unintentionally indicate a doctoral degree goal when they were
Life sciences 32 actually seeking a master’s degree.
Physical sciences 2 These results suggest that GRE scores could have a place as part of
Social sciences 15 a holistic review of potential PhD candidates. We fully support the
X conclusions in a 2014 Nature article (Miller and Stassun, 2014) that
GRE analytical writing GRE scores should not have a disproportionate weight in admissions
Business 77 decisions; many factors should be considered in making holistic
Education 60 admissions decisions, and relatively low GRE scores should not
Engineering 97 be used to reject an otherwise clearly qualified candidate. But the
relationship of GRE scores to persistence demonstrated in this
Humanities 65 )
research suggests that while GRE scores should not have
Life sciences 3 disproportionate weight they also should not have zero weight
Physical sciences 90 whether used as part of an admissions decision or in identifying
Social sciences 67 admitted students who may need extra support to avoid early dropout.
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FIGURE 1
Persistence by GRE-V score quartile.

Frontiers in Education

frontiersin.org


https://doi.org/10.3389/feduc.2023.1182508
https://www.frontiersin.org/journals/education
https://www.frontiersin.org

Bridgeman et al. 10.3389/feduc.2023.1182508

100
20 878787 - -
70 67 64
59
£ 60 56
= 50 50
‘® 50
[}
37
;‘\o 40 35
30
20
10
0
Business Education Engineering  Humanities  Life Sciences Physical  Social Sciences
Sciences
Persistence by GRE-Q score quartile
FIGURE 2
Persistence by GRE-Q score quartile.
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FIGURE 3
Persistence by GRE-AW score quartile.

TABLE 11 Percent persisting in first and fourth quartiles for combined predictors with cell sizes in parentheses.

Qlin Q4 in QlinVW Q4inVW Qlin Q4 in

Study major

vwQ

VWQ

UGPA

UGPA

Qlin VW
and UGPA

Q4 in VW
and UGPA

Business 56% (34) 86% (21) 34% (74) 88% (60) 61% (132) 61% (117) 33% (21) 94% (16)

Education 85% (691) 88% (572) 78% (1180) 89% (1056) 87% (2240) 86% (3024) 82% (399) 90% (457)
Engineering 45% (568) 73% (519) 21% (1966) 76% (1746) 56% (3084) 53% (3906) 27% (452) 77% (514)
Humanities 72% (829) 81% (681) 65% (1397) 81% (1239) 75% (2829) 79% (742) 66% (511) 79% (101)
Life sciences 77% (3873) 82% (3546) 70% (6813) 82% (6523) 80% (15189) 75% (19462) 73% (2176) 82% (2581)
Physical sciences 59% (817) 81% (860) 31% (2778) 81% (2255) 68% (4757) 66% (5262) 41% (690) 82% (720)
Social sciences 71% (1769) 839% (1441) 61% (2917) 83% (2706) 73% (5496) 76% (5207) 66% (1108) 82% (793)

Vis GRE-V, W is GRE-AW, Q is GRE-Q, UGPA is self-reported undergraduate grade point average.
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