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Abstract

Grade point average in “other” courses (GPAO) is an increasingly common measure used
to control for prior academic performance and to predict future academic performance. In
previous work, there are two distinct approaches to calculating GPAO, one based on only
courses taken concurrently (term GPAQ) and one based on all previous courses taken
(cumulative GPAO). To our knowledge, no one has studied whether these methods for cal-
culating the GPAO result in equivalent analyses and conclusions. As researchers often use
one definition or the other without comment on why that choice was made, if the two calcula-
tions of GPAO are different, researchers might be inducing systematic error into their results
and publishing potentially inaccurate conclusions. We looked at more than 3,700 courses at
a public, research-intensive university over a decade and found limited evidence that the
choice of GPAO calculation affects the conclusions. At most, one in seven courses could be
affected. Further analysis suggests that there may be situations where one form of GPAO
may be preferred over the other when it comes to examining inequity in courses or predicting
student grades. However, we did not find sufficient evidence to universally recommend one
form of GPAQO over the other.

Introduction

Colleges and universities face pressure from students, parents, politicians, and the public to
demonstrate positive educational outcomes such as high retention and graduation rates. It is
then unsurprising that prediction of student performance and likelihood of dropping out are
two of the most common research areas in the learning analytics and educational data mining
communities [1, 2], often with the goal of implementing supportive interventions. As grades
have a central role in determining whether a student will stay in their major or even at the uni-
versity [3-9], many of these efforts focus on predicting how a student will perform in a course
or on an exam in the course. Typically, these studies include some measure of students’ prior
academic performance such as high school grade point average (GPA) or standardized test
scores to control for preparation or as a predictor in the model [10-15].

In recent years, researchers have started to use a metric called grade point average in
“other” courses (GPAO), meaning the average grade in other courses taken at the institution
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with the exception of the course of interest, to account for academic performance in a specific
course in retrospective analyses [16-18] as it has been found to be more predictive of course
grades and final exam grades than high school GPA and SAT/ACT scores [19, 20]. As Huberth
et al. note, this finding is unsurprising because unless one course is “utterly unlike” other
courses at an institution, we would expect that performance in one course should inform how
the student will do in other courses at the institution [16].

Yet, there have been alternative interpretations in the literature as to what “other” courses
means. One approach to GPAO, which we call cumulative GPAO, uses grades from all other
courses taken up to and including the term of interest at the university in the calculation [16,
20-28]. Alternatively, other studies have calculated GPAO based only on the grades of the
courses the student is enrolled in during the same term as the course of interest [17, 29, 30].
We refer to this approach as term GPAO because only courses from the same term as the
course of interest are included.

Although the difference may seem pedantic, the methods we as researchers use can influ-
ence our findings, and therefore we should reflect on the detailed elements of the methods we
choose [31]. As GPAO can be used for educational equity analyzes, such as to examine whether
courses, programs, and environments are equitable for all students, such as Matz et al. [20],
knowing whether the definition of GPAO influences the findings researchers and administra-
tors use to allocate limited institutional resources for interventions is important and can help
prevent resources from being misallocated. As recent work has called for researchers to
account for limitations that exist in assessing students’ prior performance [32], research should
be done into where they may lie with GPAO. This study attempts to fill this gap and provide
an evidence-based understanding of GPAO measures.

Based on the definitions of the two GPAO measures, there are reasons why one might be pre-
ferred over the other, and the differences (and outcomes) should be examined. For example, as a
result of using all courses past and concurrent, the cumulative GPAO method is less sensitive to
the grade in a single course and thus, will be less variable than the term GPAO method. How-
ever, term GPAO may be better able to account for non-academic events such as physical and
mental illness, care-taking responsibilities, relationship or personal issues, or world events that
could have affected a student’s performance in a temporally-bound way that might be obscured
by the cumulative GPAO, as well as academic factors such as grade inflation [33-35], or navigat-
ing a particularly challenging courseload. Term GPAO may also be more useful for analyses
conducted in advanced courses or with advanced students because prior performance in large-
enrollment, “weed-out” introductory courses may not be representative of performance in
advanced courses, and students’ GPAs often increase after their first term [36, 37]. In either
case, however, the GPAO can only be calculated after the term of interest is complete.

For this study, we focus on the two definitions of GPAO, the difference between a student’s
GPAO and their final grade in the class of interest, the grade anomaly [20], the type of course,
and the identity of the student based on selected demographic characteristics. Specifically, we
ask four research questions:

« RQI1: How does the term GPAO compare to the cumulative GPAO and, by extension, term
grade anomaly to cumulative grade anomaly?

o RQ2: How does the answer to the above question change based on whether the course is an
introductory, intermediate, or advanced level course? How does the answer change based on
whether the course is a lab or lecture course?

« RQ3: How do the answers to the above questions change when breaking results down by
demographics?
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o RQ4: How does a researcher’s choice of using the term GPAO or the cumulative GPAO in
the grade anomaly calculation affect conclusions about the course?

This is a comparison study; as such, we follow the criteria laid out by Boulesteix et al. [38],
which are discussed in S1 File. These criteria provide a productive frame given that compari-
son studies “may be necessary to ensure that previously proposed methods work as expected
in various situations and that emerging standard practice rules adopted by substantive
researchers or statistical consultants are the result of well-designed studies” [38]. Our goals are
then to document the affordances and constraints of two different methods for calculating
GPAO, whether one definition should be preferred over the other, and best practices for using
GPAO.

Materials and methods
Mathematical definitions of GPAO and grade anomaly

First, we briefly provide formal definitions of cumulative GPAO, term GPAO, cumulative
grade anomaly, and term grade anomaly.

For a student enrolled at a university, let x;; be the numeric grade earned by them in their
jth course taken during their ith term enrolled at the university and c;; be the number of credit
hours of the jth course taken during the students’ ith term. The cumulative GPAO for this stu-
dent for a specific course (denoted j*) taken during their i*th term is then given by

E C;X;
. i< A"
cumulative GPAO.. =

Cij

i<itj7j"

and their term GPAO is given by

E C;iX;
i=i* "
term GPAO, . =

¢
= A

As the grade anomaly is the difference between the grade earned in the course and the stu-
dent’s GPAO, the cumulative and term grade anomalies for the specific course (again denoted
7*) taken during the student’s i* term are

E ci].xij
. i<i* A"
cumulatlve anomalyi* i = xiw* —_———
Ci
i<i* jA*

E €%,
=it
term anomaly,. . = x;. . —

i*j } :
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respectively.
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Data collection

Our data comes from the student data warehouse at a large, public, research-intensive univer-
sity. This data set provides deidentified information about students, including course enroll-
ments, grades earned, majors and minors, demographics, and prior educational experiences,
among other information. Grades were recorded in letter form (e.g. A, B-, etc.) and we con-
verted them to the standard 4.0 scale, with an A being a 4.0, an A- a 3.7, a B+ a 3.3, and so on,
for this study. Both term and cumulative GPAO values are provided in the dataset for each
grade outcome observed (with some exceptions—detailed below). For this paper, we looked at
grades and GPAO:s for all undergraduate course enrollments from Fall 2009 through Fall 2019,
including summer terms, for students who enrolled in Fall 2009 or later. We removed course
records for any students who took the course during their first semester at the university from
our analysis because, by definition, the term GPAO and cumulative GPAO are equivalent in
this case. This choice removed 16% of the student course records in the original data set. We
then removed any course that did not have at least 50 students enrolled during the time period
to eliminate any one-off courses or courses with very low enrollment (50 students in the data
set correspond to at least 5 students taking the course per calendar year), resulting in nearly
60% of the course offerings being dropped but only 4% of the remaining student records. After
doing so, we were left with 3737 usable course offerings, corresponding to about 1.85 million
student records. Student records without GPAOs were only dropped for specific analyses
using each GPAO. For example, if a student was missing term GPAO but had a cumulative
GPAO, their record would be dropped from the median term GPAO calculation but not the
median cumulative GPAO calculation. This case is possible if a student took only one course
in a given term or withdrew from all of their other courses during a term and occurred for at
most 1.6% of student records.

Data analysis

For each course, we calculated the median term and cumulative GPAOs. Because we had
access to students’ final course grades, we also calculated the median term and cumulative
grade anomalies, which are the median differences between each student’s final grade and
GPAO (because the median is not additive, it is important to note that this calculation is not
equivalent to the difference between the median final grade and the median GPAO). A positive
grade anomaly (“grade boost”) means that the student earned a higher grade in the course of
interest relative to their performance in “other” courses while a negative grade anomaly
(“grade penalty”) means that the student earned a lower grade in the course of interest relative
to their performance in “other” courses. The median anomalies then determine whether a
“typical” student (i.e., a student with a grade anomaly in the 50th percentile) earned a grade
boost or a grade penalty in the course. Analyses using the means instead of the medians are
included in S2 File.

Because the central tendency of the grade anomaly distributions could hide differences in
the tails of the distributions, we also looked at how many grade anomalies exceeded a certain
threshold, 6, in magnitude, which we picked to be either 0.7 or 1.0 grade points. We chose this
range because for a grade anomaly to be this large or greater (anomaly > 0), the grade earned
in a course would have to be at least one letter or two signs different from the GPAO, indicat-
ing a relatively large error from a prediction standpoint (e.g., the student had a GPAO of 3.7,
A-, but earned a grade of 3.0, B). We calculated the fraction of students with a final grade more
than 6 = 0.7 and 6 = 1.0 away from their term GPAO and cumulative GPAO, respectively, in
each course. We then counted the number of courses where using the term GPAO resulted in
more students beyond the threshold than using the cumulative GPAO and vice versa for each
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threshold. Such a result would be useful to know in the case that the GPAO is used in a model
to predict a student’s final grade in a course.

Demographic analysis

Due to the increased attention to equity and demographic gaps in education research [39, 40],
we also examined how the GPAOs compare across groups of students with different selected
demographic identities. If GPAO is to be used as a measure of prior performance or to control
for prior performance in regression analyses, it is important to know whether the measures are
equivalent for all students or if there are situations where using one GPAO instead of the other
could systematically affect a result. For example, if a researcher is using grade anomalies to
determine whether a course is equitable for students of different demographic groups, it would
be problematic if using the term GPAO resulted in the conclusion that the course offered a
grade boost to students while using the cumulative GPAO resulted in the conclusion that the
course offered a grade penalty.

For this analysis, we focused on five demographic categories that are often associated with
grade differences and are included in our student data warehouse. As the data come from the
data warehouse and are not collected by us, we had no control over what options students
could select to describe their identity. The five categories were sex, race, socioeconomic status,
first-generation status, and transfer status. Sex was treated as a binary variable (male or female)
even though sex is not binary [41] and gender is the construct of greater interest. Race con-
sisted of five options, Asian, Black, Hispanic, Native American, and White, and students who
selected more than one of the five options were marked as multi-racial. We then collapsed
these data into an underrepresented minority category (Black, Hispanic, multi-racial, and
Native American) and a non-underrepresented category (Asian and White) to ensure we had
sufficient students in each group to detect any trends. Given that the underrepresented minor-
ity label is considered racist and harmful [42-44], we will instead refer to these groups as “B/
H/M/N” and “A/W?”, using the first letter of the term that students used to identify themselves.
We acknowledge that such groupings obscure the unique situations of each group and mask
the struggles of individuals [42, 45, 46]. However, as using a binary grouping of race is rela-
tively common in educational research, we believe that our study should replicate the structure
of the data that researchers themselves are using to greatest degree possible. As such, we also
did not split the race variable by international status; we acknowledge that there are likely to be
differences between domestic and international students identifying as the same race. We
defined first-generation status as a binary variable in which we marked any student whose
parents did not complete at least a 4-year degree after high school as a first generation student.
We considered a student as low income if the median annual household income of the stu-
dent’s high school’s zip code was less than $60,000. We used this metric rather than the stu-
dent’s self-reported estimated family income due to a large amount (more than 20%) of
missing data. We conservatively coded students without a zip code (such as international stu-
dents) as not low income. We considered transfer students as those who did not enter the uni-
versity as a first-time college student. Students with missing data were only excluded from the
analysis for the specific demographic variable that they were missing.

To determine whether our choice of GPAO might affect conclusions about equity gaps, we
computed the median term anomaly and the median cumulative anomaly in all of the courses
split by our ten demographic categories (male students; female students; Asian and White stu-
dents; Black, Hispanic, multi-racial, and Native American students; low income students; non-
low income students; first-generation students; continuing-generation students; transfer stu-
dents; and non-transfer students). We identified where our choice of GPAO could impact the
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conclusions as cases when there were at least 50 students in the demographic group in the
course over the 10-year period, one of the median grade anomalies was positive and the other
was negative, and at least one of the median grade anomalies was at minimum 0.099 grade
points to ensure that we were unlikely to be accounting for differences due to intrinsic variabil-
ity in the data.

To determine the impact of our choice of the minimum grade point difference on the
results, we repeated the analysis using 0.049 instead of 0.099 as the minimum difference
needed to indicate a conclusion changed.

Subset of courses

While summary statistics such as the median are useful to understand the general trend, they
may mask important information hidden in the distribution of the data. To investigate this, we
conducted additional analysis on a subset of 18 STEM (science, technology, engineering, and
mathematics) courses informed by our previous work using GPAO and the type of courses
studied in previous GPAO papers. Additionally, we focused on STEM courses because they
often assign lower grades than non-STEM courses [47, 48] and have documented grade ineq-
uities [37, 49]. We varied these courses along three parameters: discipline (biology, chemistry,
and physics), level (introductory, intermediate, and advanced), and format (lecture and lab).
The lab courses we selected require prior or concurrent enrollment with the lecture course.
The courses, along with the level, the number of students enrolled over the period of the study
and included in the analysis, and the average grade of those students in the course, appear in
Table 1.

First, we repeated the analysis examining differences in the tails of the grade anomaly distri-
butions. This time, we were interested in whether the differences were statistically and practi-
cally different. We again looked at how many grade anomalies exceeded a certain threshold, 0,
in magnitude, this time ranging between 0.7 and 1.0 grade points to examine in greater depth

Table 1. The courses, their level, number of students included in the analysis, and average final grade of those students.

Course name

Intro biology

Intro biology lab

Human & animal physiology
Human & animal physiology lab
Genetics

Genetics lab

General chemistry

General chemistry lab

Organic chemistry

Organic chemistry lab

Physical chemistry
Physical/Computational chemistry lab
Physics 1

Physics 1 lab

Physics 2

Physics 2 lab

Intro modern physics

Intro modern physics lab

https://doi.org/10.1371/journal.pone.0290109.t001

Level N Average Grade
Introductory 8,762 2.922
Introductory 12,752 3.385
Intermediate 5,410 3.038
Intermediate 4,231 3.680
Advanced 6,026 2.799
Advanced 1,297 3.348
Introductory 7,984 2.784
Introductory 7,261 3.256
Intermediate 12,405 2.774
Intermediate 11,489 3.653
Advanced 248 3.246
Advanced 231 3.773
Introductory 8,753 2.735
Introductory 9,001 3.312
Intermediate 8,502 2.883
Intermediate 9,669 3.505
Advanced 974 3.261
Advanced 512 3.614
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how our choice of § influenced the results. We determined whether the difference mattered
statistically by a difference of proportions test. To test for practical significance, we adopt the
criteria that for the difference to matter, the difference should be at least 5 percentage points. If
there are differences between the two GPAOs at the tails of the distribution, we would expect
that using either term or cumulative GPAO would result in more students having grade anom-
alies above the threshold than the other.

Next, we examined differences between the two GPAOs in the subset of courses. We inves-
tigated this question in two ways, covering two methods in which GPAO might be used. First,
we used the Wilcoxon signed-rank test to compare the two GPAO measures. We do so because
we are interested not only in whether there is a difference between the two GPAO measures
but also the direction of the difference. This approach is equivalent to comparing the GPAO
methods at the student level, and the results would be applicable if we were interested in pre-
dicting a student’s grade from their GPAO. Second, we used the median test to compare the
median term GPAO and the median cumulative GPAO in each of the courses. This approach
is equivalent to comparing the GPAOs at the course level and would be useful for comparing
outcomes across courses. We then repeated the median tests for the term anomaly and the
cumulative anomaly in each of the courses. As the difference between the two GPAOs and the
difference between the two grade anomalies is equivalent up to a sign at the student level (that
is, anomaly;e,, — anomaly,,,,, = (grade — GPAO ) — (grade — GPAO ) = —(GPAO e, —
GPAO,,,;)), we only perform the Wilcoxon tests on the two GPAO measures and not the two
anomaly measures. Due to increasing calls to move away from solely relying on statistical sig-
nificance and p-values to determine conclusions [50], we also calculated the effect size using
the Wilcoxon Effect Size, r [51]. We consider r € [0.1, 0.3) as a small effect, r € [0.3,0.5) as a
medium effect, and r € [0.5, 00) as a large effect [52]. For the three analyses, we performed
them both for all students in the course and for only students in each of the ten demographic
categories identified in the previous section.

Because we are comparing GPAOs for multiple demographic groups and hence conducting
multiple tests of statistical significance, we used the Holm-Bonferroni procedure to control for
multiple tests within each individual course. We control within courses rather than across
courses for two reasons. First, for our results to be applicable to future studies, we want our
study to match as closely as possible to what researchers do. Second, following the criteria of
Boulesteix et al. [53], we are discussing and reporting the results of each course regardless of
whether we find statistical differences but placing emphasis on statistically significant results
within courses. Therefore, we should control within courses but not across courses. More for-
mally, we are considering the results within each course to be a family and therefore, we should
control the p-values within each course [54].

Results & discussion

In this section, we begin by zooming in on GPAO and grade anomalies in the subset of 18
courses to first gain an in-depth of understanding of GPAO and grade anomaly. We then
zoom out to the full institutional level, leveraging our understanding from the subset of
courses.

Subset of courses

From Fig 1, we find that in many of the courses, there is a relatively large number of students
with a term GPAO of 4 but very few students with a cumulative GPAO of 4.0 (e.g., Intro biol-
ogy, Human & animal physiology and Organic chemistry in Fig 1).
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Biology

Intro biology

Intro biology lab
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General Chemistry

General Chemistry
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Organic Chemistry

Organic Chemistry |
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Physical Chemistry

Computational
Chemistry lab
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Grade Point Average in Other Courses (GPAO)
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Fig 1. Distribution of the term (blue) and cumulative (red) GPAOs in the selected 18 courses. In general, the median term GPAO tends to be
higher than the median cumulative GPAO and the term GPAO distribution tends to have a peak around 4.0 while the cumulative GPAO distribution

does not.

https://doi.org/10.1371/journal.pone.0290109.g001

Second, the tails of the term GPAO distributions in all courses tend to be longer than those
of the cumulative GPAOs. This likely reflects the fact that fewer data points (grades) are con-
sidered in the term GPAO calculation than the cumulative GPAO calculation and hence, it is
harder for higher grades to balance out the lower grades. Breaking the results down by the type
of course, we find that the tails of the distributions in advanced chemistry and physics courses
are smaller than the introductory courses. The same is true for the advanced biology courses
but only for the cumulative GPAO. The distributions between the lecture and lab course at
each level and in each discipline appear to be roughly similar.

Finally, we find that the patterns of which GPAO is larger depend on the course’s format.
In all nine of the lecture courses, regardless of the discipline, the term GPAO is larger than the
cumulative GPAO. Alternatively, the term GPAO is only larger in five of the nine lab courses.

The grade anomalies show a similar result (Fig 2). First, for all introductory and intermedi-
ate lecture courses and the advanced biology course, the grade anomalies are negative, while
for laboratory courses, the anomalies are either positive or centered around zero. In contrast,

in the advanced physics and chemistry courses, the grade anomalies are centered around zero.

Biology
1

Intro biology

Intro biology lab

Human & Animal
Physiology

Course

Human & Animal
Physiology lab

Genetics = H o
Genetics lab e | o
o ——— ; =
4 2 0 2

General Chemistry

General Chemistry
lab

Organic Chemistry

Organic Chemistry
lab

Physical Chemistry

Computational
Chemistry lab

B3 Term B3 Cumulative

Chemistry
1

|
D

)
T G———
1

e =

Physics
1

Physics 1

Physics 1 lab

Physics 2

Physics 2 lab

Intro Modern

Physics

Intro Modern
Physics lab

-2 0
Grade Anomaly

Fig 2. Distribution of the term and cumulative grade anomalies in the selected 18 courses. In general, the median cumulative grade anomaly is
closer to zero, meaning that the median difference between the student’s grade and GPAO is smaller when the cumulative GPAO is used.

https://doi.org/10.1371/journal.pone.0290109.g002
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We also notice that the distributions are smaller in this case. These negative grade anomalies
in lower- and intermediate-division lecture courses mean that students do worse in these
courses compared to their “other” courses at the university.

Looking at the values of median grade anomalies, we find that the median term grade
anomaly and median cumulative grade anomaly are mostly within 0.1 grade points of each
other and in general, agree with the direction of the effect (i.e., a grade boost or grade penalty).
We find this to be true regardless of the discipline, level, or format of the course.

Considering the magnitude of the anomalies, we find that the median cumulative anomaly
is closer to zero than the median term anomaly in 10 of the 18 courses.

Outlier analysis

Our results regarding the fraction of students in each course with a grade anomaly outside of
some threshold 6 are shown in Table 2. If the tails of the grade anomaly distributions are differ-
ent, we would expect to see a difference in the fraction of students beyond each 6.

For all the biology courses except for genetics lab, we do find that to be the case. While
these differences are only a small percentage of students, the term grade anomaly does seem to
have larger tails for most of the biology courses, regardless of which threshold we use. We find
the same to be true for the organic chemistry courses, as well as physics 1 lab and physics 2 lab.

In the other courses, we do not find such differences. In some cases, changing the threshold
value 0 changes which GPAO results in more students beyond the threshold (e.g., general
chemistry lab and physics 2). We note that even if the difference in the fraction of students is
not different between the two GPAO measures, there can still be a relatively large number of
students beyond the threshold. For example, regardless of which GPAO we use, about 15% of
the students in physics 2 earned a grade that was more than 1 grade point different from their

Table 2. Percentage of students with a term or cumulative grade anomaly outside of the threshold 6. A * means that the difference is statistically significant (p < 0.05).

Course Termf= | Cumf= | A= | TermfO= | Cumf0= | A= | TermO= | CumfO= | Af= | Termf=  Cumf= Af=
0.7 0.7 0.7 0.8 0.8 0.8 0.9 0.9 0.9 1.0 1.0 1.0

Intro biology 31.7 26.9 4.8* 25.5 22.1 3.4* 20.6 17.9 2.7* 17.5 14.9 2.6"
Intro biology lab 16.5 10.3 6.2* 11.4 6.9 4.5% 8.5 4.7 3.8* 6.5 3.2 3.3*
Human & animal physiology 33.7 289 | 48" 26.7 23.7 3* 22.6 19.2 3.3* 19.1 16.2 2.9%
Human & animal physiology 15.7 12.8 2.8% 11.5 8.5 3* 8.7 5.8 2.8% 6.6 4.2 2.5%
lab
Genetics 47.2 40.9 6.4* 40.0 35.5 4.5% 35.2 30.7 4.5% 30.9 27.0 3.8*
Genetics lab 17.0 12.8 4.2 12.1 9.4 2.7 7.9 7.2 0.7 6.6 52 1.4
General chemistry 36.2 34.7 1.5 29.8 29.8 -0.1 25.2 25.2 0 21.6 21.4 0.2
General chemistry lab 19.5 20.4 -0.8 14.2 14.3 -0.1 10.1 10.1 0 7.3 6.9 0.4
Organic chemistry 42.7 37.2 5.5% 36.2 31.7 4.5% 31.3 27.4 4* 27.0 23.7 3.4%
Organic chemistry lab 27.9 19.9 8* 22.2 14.4 7.8% 18.1 10.5 7.7% 14.8 7.6 7.2%
Physical chemistry 21.0 16.1 4.8 15.7 14.5 1.2 12.9 11.7 1.2 10.1 9.7 0.4
Physical & Computational 22.1 20.8 1.3 19.5 17.3 2.2 16.0 134 2.6 13.9 12.1 1.7
chemistry lab
Physics 1 35.6 37.4 -1.8 29.3 31.1 -1.8 24.1 25.3 -1.2 19.8 20.3 -0.5
Physics 1 lab 27.5 23.9 3.7% 22.1 18.3 3.7% 17.9 13.7 4.2% 14.2 10.0 4.1*
Physics 2 30.8 31.6 -0.8 25.1 25.7 -0.7 20.4 20.1 0.3 16.2 15.4 0.8
Physics 2 lab 26.0 16.5 9.5% 20.3 11.8 8.5% 16.0 8.7 7.3% 13.1 6.2 6.9%
Intro modern physics 18.1 13.4 4.6 13.2 10.5 2.8 10.0 7.6 2.4 7.5 5.5 2
Intro modern physics lab 18.8 13.5 5.3 14.6 9.6 5.1 10.9 7.2 3.7 8.0 5.3 2.7

https://doi.org/10.1371/journal.pone.0290109.t002
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average grade in their “other courses” (GPAO) while genetics had the highest fraction of stu-
dents outside of the 1 grade point threshold at more than a quarter of students. Using our prac-
tical significance cutoff of at least 5 percentage points different, six courses would be
practically significant for 6 = 0.7 and two courses would be practically significant for 6 = 1.0.

Demographics analysis

While the previous results considered GPAOs and grade anomalies at the course level, it is also
important to consider possible differences at the student level. The results of doing so with the
Wilcoxon tests overall and by demographic variables at the student level are shown in Fig 3A
and the results of the median tests overall and by demographic at the course level are shown in
Fig 3B. We do not find a consistent pattern across all the courses studied here, but we do find
that the patterns tend to be consistent within each course. For example, we notice that students
in physics 1 and 2 labs have a larger cumulative GPAO than term GPAO while students in the
intermediate and advanced biology courses tend to have a larger term GPAO. The results also
show that the trends are consistent regardless of whether the analysis looks at the differences at
the student level or the course level. However, the differences tend to be larger at the course
level than the student level. In addition, when aggregating across all students at the course
level, the median term GPAO is larger than the median cumulative GPAO for all demographic
groups.

Looking at the specific demographics, we find there are cases where there is a statistically
significant difference between the two GPAO measures. For example, in nearly all of the intro-
ductory and intermediate level courses, there is a statistical difference between the two GPAOs
for male students at the student level. However, the direction of the effect is not consistent
across courses. Yet, there was no demographic group where a statistical difference was always
found at either the student or course level. We also do not find a consistent result in terms of
which GPAO is larger across courses in a discipline with the exception of the biology courses
in which students tend to have larger term GPAOs, both at the student and course level of
analysis. Nevertheless, even though the size of the difference is not statistically significant, it is
important to note that the two GPAOs measures do produce different impacts on the demo-
graphic groups.

Fig 3C and 3D show the results of the analysis for the grade anomalies. As noted with the
GPAOs, there is not a consistent pattern for each demographic group across the courses. In
some cases, like the biology courses, the direction of the effect is consistent but the difference
is not always statistically significant. Likewise, the direction of the effect is mostly consistent
within each course as was the same with the GPAOs. However, when aggregating across stu-
dents, we do not see a consistent trend. Unlike for the GPAOs, only the largest student groups
show a statistically significant difference.

Finally, the effect sizes show similar results (Fig 4). There are a few groups in a few courses
that have a small effect size such as female students, Asian and White students, first-generation
students, and non-transfer students in human and animal physiology lab, but most demo-
graphic and course combinations have a trivial effect size (r < 0.1). The same is true for stu-
dent groups when aggregating across all courses.

All courses

Building on our results from the subset of courses, we now change our focus to all courses with
at least 50 enrolled during the time period studied at the institution.

Fig 5 shows the median cumulative GPAO plotted against the median term GPAO for
3,737 courses at our university. There is a wide variation in both the cumulative and term
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Fig 3. The difference between the term GPAO and cumulative GPAO in each course (3A and 3B) and the difference between the cumulative anomaly
and term anomaly in each course (3C and 3D), split by demographic groups. In the top plots, red signifies that the cumulative GPAO is larger and blue
signifies the term GPAO is larger. In the bottom plots, blue indicates the cumulative anomaly is larger while red indicates the term anomaly is larger.
The sample size is represented by the number in each cell, with “*” signifying that a Wilcoxon test (left plots) or a median test (right plots) found the

difference to be statistically significant. The left plots show the median differences computed at the student level while the right plots show the

differences of medians computed at the course level. While we find consistent patterns within courses, we do not find a consistent pattern across

courses.

https://doi.org/10.1371/journal.pone.0290109.9003

GPAOs across the university, and at the same time, many of the courses are clustered in the
region between GPAOs of 3.3 to 3.8. The distribution the cumulative GPAOs peaks between
3.3 and 3.4 while the term GPAO distribution peaks around 3.5 and 3.7.
When comparing the two measures, the median term GPAO of students in the course is
larger than the median cumulative GPAO is in around 90% of the courses. However, the dif-
ference between the two GPAOs is typically less than 0.2, or less than the smallest difference
between grades on the typical 4.0 scale (0.3). We note that there are cases where the difference
between the two measures is greater than 0.5; however, these cases represent a very small per-

centage of all courses included here (0.3%).
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https://doi.org/10.1371/journal.pone.0290109.9004

Focusing on grade anomalies (Fig 6), there is a wide variation in the measures across the
courses, though the variation tends to be smaller than that of the GPAOs and the central clus-
ter of courses appears to have a smaller width. Notably, the term anomaly distribution is much
more concentrated than that of the term GPAO distribution, now with a single central peak
around 0, meaning that the most common result is that the median term GPAO approximately
matches the median final grade in the course. Despite being the most common result, only
about one in seven courses actually had this result.

In terms of comparing the two measures, the median anomaly is positive in most cases,
meaning that the GPAO underpredicts the course grade for a typical student. We do notice
some variation in terms of which anomaly is more accurate. If we are concerned with size
alone, we find that the median term anomaly is smaller than the median cumulative grade
anomaly in nearly 88% of the courses. If we instead consider the distance from zero (i.e., the
absolute value), then the median term grade anomaly is smaller than the median cumulative
grade anomaly in 81% of the courses.

When comparing the fraction of students outside of a specified threshold for all courses,
using the term GPAO results in more students with grade anomalies beyond the threshold.
Using the lower bound of the threshold (6 = 0.7), 68% of all courses included in the study had
more students with grade anomalies beyond the threshold when the term GPAO was used in
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Fig 5. Comparison of term GPAO and cumulative GPAO for over 3,700 courses. Diagonal lines represent the differences between the two GPAO
at 0.1 increments. The red points represent the 18 courses explored in detail in the previous sections. The margin plots show the distribution of each

GPAO in 0.01 bins. Overall, we find that courses can have different median term and cumulative GPAOs and that term GPAO tends to be the larger
of the two.

https://doi.org/10.1371/journal.pone.0290109.g005

the calculation compared to the cumulative GPAO. When we used a threshold of 6 = 1.0
instead, the percent of courses where the term GPAO resulted in more students beyond the
threshold increased to 76%.

To account for practical significance, we then required the difference between the fraction
of students with grade anomalies beyond the threshold to be different by more than 0.049. In
that case, under the 6 = 0.7 threshold, 59% of the courses did not show a difference while 31%

PLOS ONE | https://doi.org/10.1371/journal.pone.0290109  August 18, 2023 13/20


https://doi.org/10.1371/journal.pone.0290109.g005
https://doi.org/10.1371/journal.pone.0290109

PLOS ONE Grade point average in other courses

>

©

€

o

C

©

£

e

G -0.24

kol -

S -04-
_0_6-
-0.81
-1.01
-1.21
1.4
-1.61

-16 -14 -12 -1.0 -0.8 -0.6 -04 -0.2 00 02 04 06 08 10 12 14 16
Median cumulative anomaly
Fig 6. Comparison of term grade anomaly and cumulative grade anomaly for over 3,700 courses. Diagonal lines represent the differences
between the two grade anomalies at 0.1 increments. The red points represent the 18 courses explored in detail in the previous sections. The margin

plots show the distribution of each anomaly in 0.01 bins. Overall, we find that courses can have different median term and cumulative anomalies and
that term grade anomaly tends to be closer to the actual grade.
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of the courses included in the study had more students with grade anomalies beyond the
threshold when the term GPAO was used in the calculation compared to when the cumulative
GPAO was used. With a threshold of 8 = 1.0 instead, the percentages were 81% and 17%
respectively.

Finally, in understanding how the choice of GPAO affects conclusions about the grade pen-
alty or grade boost each demographic group experiences, we find the impact to be small.
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When we required at least one median grade anomaly to be at least 0.099 in magnitude, we
found that 7.5% of courses would have a different conclusion about whether the course
resulted in a grade boost or grade penalty for a typical student. Of those courses that would
have had a different conclusion based on the choice of GPAO, 60% had no more than 200 stu-
dents enrolled over the 10-year period under study and 84% had no more than 500 students
enrolled over the 10-year period.

If we required one median grade anomaly to be at least 0.049 in magnitude instead of 0.099,
12.9% of the courses would have a different conclusion about whether the course resulted a
grade boost or grade penalty for a typical student. For the 12.9% of courses that would have
had a different conclusion based on the choice of GPAO with 0.049 requirement, those num-
bers were 56% and 82% respectively. With fewer students enrolled, there would be more noise
and variability in the data than for a larger course and hence, we would expect that most course
conclusions affected by our choice of GPAO would be for smaller courses.

Considering the 10 demographic groups (by sex, race, first-generation college status, low
income status, and transfer student status), we also find limited evidence that the conclusion
changes based on the GPAO used in the grade anomaly calculation. Requiring a median grade
anomaly be at least 0.099 in magnitude, we find that between 6.3% and 9.7% of the courses
would have a different conclusion based on the GPAO used when the results are broken down
by demographics. Requiring one median grade anomaly be at least 0.049 in magnitude, those
numbers increased to between 10.5% and 14.6%.

Looking into the cases where the conclusion would differ based on our choice of GPAO
and the requirement that one median grade anomaly be at least 0.099 in magnitude, we find
that it usually happens when the median term anomaly is zero (between 66% and 76% of the
courses for the 10 demographic groups) or the median term anomaly is negative (between
20% and 30% of the courses for the 10 demographic groups) and nearly always when the
median cumulative anomaly is positive (between 97% and 99% of the courses for the 10 demo-
graphic groups).

Summary of results and answers to our research questions

Here, we address the four research questions our work set out to answer:

1. How does the term GPAO compare to the cumulative GPAO and, by extension, term grade
anomaly to cumulative grade anomaly? We find that in most cases, these two measures are rela-
tively similar and within 0.2 grade points of each other. However, there are cases where there
can be substantial differences between the two.

Across the more than 3,700 courses analyzed in this study, we find that in most of them, the
median term GPAO was greater than the median cumulative GPAO. This result is likely a
result of low grades only impacting the term GPAO if they occur in the same term as the
course of interest while low grades will impact the cumulative GPAO regardless of when they
happen in the student’s academic career.

We also found the median term GPAO was a more accurate predictor than the cumulative
GPAO was when compared to the student’s final grade for a typical student. However, using
the term GPAO instead of the cumulative GPAO resulted in more students with grade anoma-
lies beyond a given threshold, suggesting that while the term GPAO might be better for analy-
ses relying on measures of central tendency like the median, it may not be better for analyses
that focus on individual students.

2. How does the answer to the above question change based on whether the course is an intro-
ductory, intermediate, or advanced level course? How does the answer change based on whether
the course is a lab or lecture course? We found all nine lecture courses of interest have larger
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median term GPAOs than cumulative GPAOs. For the lab courses, the results were mixed,
with about half of them having a larger median term GPAO while the others had a larger
cumulative GPAO. Due to different trends in lab and lecture courses, we urge caution in
aggregating across these types of courses because the effects of GPAO may be different.

Across all courses, we found having a 4.0 GPAO was more common when using the term
method than the cumulative method. That is likely because getting a term GPAO of 4.0 means
that the student only needs to earn all “A”s in a single semester while getting a cumulative GPA of
4.0 requires the student to earn an “A” in every “other” course they have taken at the university.

Looking at the advanced courses, we found that tails of the GPAO distributions were
smaller than those of introductory courses. This finding might reflect the typically higher
grades earned by students in advanced courses. The positive median grade anomalies in those
courses supports such an interpretation.

Looking at the grade anomalies, we found the lab courses had non-negative median grade
anomalies, while the introductory and intermediate lecture courses had negative grade anoma-
lies. These results were true regardless of which GPAO we used. These results imply that, in
general, students do better compared to their “other” courses in lab courses than they do in
their lecture courses. Given the known difficulty of introductory, large-enrollment STEM
courses, it is not surprising that all the introductory courses have negative median grade
anomalies, regardless of which GPAO we used. In fact, these courses, along with the interme-
diate courses in the study, are among the courses at the studied university with the most nega-
tive grade anomalies.

In terms of the differences in the anomalies, we find they are relatively small, less than 0.1
grade points in magnitude. This result suggests that, in practice, any results should not be
affected by using one GPAO instead of the other. Importantly, we do not find evidence that
using one GPAO instead of the other results in a significantly different direction of the median
grade anomaly in any of these courses and would affect any conclusions.

Finally, we found there were differences in the tails of the grade anomaly distributions for
some courses In those cases, using the term GPAO resulted in longer tails than the cumulative
GPAO did. That result was true regardless of which threshold we picked. However, in many of
the courses, there were still a relatively large number (> 10% and up to 25%) of students with
GPAOs more than 1 grade point different from their final course grade, regardless of which
GPAO we used. That is, if researchers want to predict a student’s grade, their grades in “other”
courses alone, regardless of whether “other” courses means all other courses taken at the uni-
versity or in the same term as the course of interest, are not sufficient to do so with high preci-
sion. Given that students can earn significantly higher or lower grades for a variety of reasons,
we do not consider this a fault of GPAO but rather an inherent limitation of grade prediction
using GPAO alone.

Based on our analysis of a subset of courses varied by discipline, level, and format, we do
not find consistent evidence that one GPAO should be preferred over the other or that using
one or the other would substantially change the results.

3. RQ3: How do the answers to the above questions change when breaking results down by
demographics? When we break the subset of courses down by demographics, we find mixed
results. For nearly every demographic, we do find a difference between the two GPAOs,
though the median differences are relatively small—at most, 0.1 grade points. However,
whether that difference is statistically significant very much depends on the specific course.
Within an individual course, it does appear that the direction of the difference is relatively con-
sistent even though the magnitude varies. Across courses, however, there is not a consistent
direction to the results. That is true regardless of whether we are calculating the difference
between GPAOs or grade anomalies at the student or course level.
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When using effect size instead of statistical significance to evaluate differences, we also did
not find any consistent trends. While we did find a few course and demographic pairs with a
non-trivial effect size, most of the combinations resulted in an effect size less than 0.1 and
hence would be considered trivial.

Across both approaches to examining GPAO by demographics, it does not appear that
there should be a clear preference for which GPAO we should use. Once we do pick one of the
GPAOs to use, the consistent direction of the differences within a course suggests that we are
unlikely to be changing the sizes of effects between groups, but rather, shifting all groups
approximately equally.

4. How does a researcher’s choice of using the term GPAO or the cumulative GPAO in the
grade anomaly calculation affect conclusions about the course? We find limited evidence that
we would substantially alter any conclusions based on our choice of GPAO. Based on our
requirement of the size of the difference between the grade anomalies, at most around 13% of
the courses would have a different conclusion about whether students do better or worse in
the course compared to their “other” courses. Even when we split our results by demographics
and looked for evidence of different conclusions, we found that at most 15% of courses would
be affected. Given that only about 1 in 7 courses would have had a conclusion changed by the
choice of GPAO and in most cases, the course had less than 500 students enrolled over a
10-year period, cases where the choice of the GPAO influences the conclusion seem to be the
exception rather than the rule.

Conclusion

Opverall, our results suggest that neither term GPAO nor cumulative GPAO is inherently better
or should be preferred over the other. Looking across more than 3,700 courses, we find limited
evidence that using one or the other would substantially affect a conclusion and establish the
upper bound that around one in seven courses could be affected.

For specific research questions, we find that there may be a preference for which GPAO
should be used. For student-level grade predictions, the cumulative GPAO may be preferred
given the term GPAO does seem more variable, with more students having GPAOs farther from
the grade they earned. For analyses with results reported in aggregate at the course level, the term
GPAO may be preferred given that we found that using the term GPAO does seem to shrink the
anomaly for a typical student in the course. Therefore, we do not recommend one method of cal-
culating GPAO over the other in all cases but instead recommend that researchers consider the
data they have and which method of calculating GPAO best aligns with their research questions.

Because we did find small differences in the values of the GPAOs and grade anomalies
based on what courses were included in the calculation, we encourage researchers to consider
the choice of calculation for GPAO as having a systematic uncertainty. If possible, researchers
should perform their analyses with both to determine how sensitive their results are to the
choice of GPAO and report how their results are impacted by their choice of GPAO.
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