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Abstract

The COVID-19 pandemic prompted widespread school closures and a swift transition to distance
learning, raising concerns about consequences for student success. This study explores academic out-
comes in STEM (Science, Technology, Engineering, and Mathematics) courses during COVID-induced
distance learning using student-course records at an U.S. public university. We particularly focus on
students from underserved populations and who have below average academic outcomes. Employing
an expected shortfall regression strategy, we examine outcomes in the bottom quintile and compare
differences between students whose household income were in the lowest bracket or without a par-
ent holding a four-year college degree and peers for whom this was not the case, in distance and
in-person learning. We show that during distance learning, students in disadvantaged populations in
the lowest quintile had average grade differences of 0.11 and 0.06 points, respectively. We also find
that targeted instructional changes in an introductory physics course were associated with narrower
achievement gaps. These results suggest that while distance learning posed challenges for underserved
students, deliberate strategies to increase interaction may potentially support greater equity in STEM

education.

1 Introduction

The COVID-19 pandemic significantly disrupted
the education system and led to mass school
closures worldwide [1]. The majority of colleges
and universities transitioned to online/distance
learning—84% of all undergraduates in the US
had some or all of their classes moved to online-
only in Spring 2020 [2]. Distance learning con-
tinued for several semesters following the onset

of COVID-19. In Fall 2021, 61% of all under-
graduate students were enrolled in at least one
remote course while 28% were enrolled in remote
courses exclusively [3]. Prior to the pandemic,
there were some studies that explored the benefits
and limitations of online learning. For example,
one characteristic of online learning is the flexibil-
ity to study at one’s own pace [4]. However, this
suggests that student success may depend on high
self-discipline and time management skills [5]. In
addition, the design of a course will also need to be



suitable for online learning—the nature and extent
of peer and student-faculty interactions must be
adapted to ensure student learning outcomes in
online courses [6].

Student populations such as Black, Latin,
Indigenous students, low-income (household
income in the lowest bracket) or first-generation
(parents did not complete a four-year college
degree) are historically underrepresented in higher
education and face barriers to opportunity and
high-quality instruction [7]. Promoting equity in
higher education is a major priority in the United
States [8], and with the increase of online learn-
ing in higher education, equity in online learning
should be explored. Investigating the effect of
distance learning on disadvantaged students is
crucial to address the extent of gaps in education.

We focus primarily on students who are low-
income (household income in the lowest bracket)
or first-generation (parental education less than
a four-year college degree), who face great chal-
lenges in higher education [9]. Students who
are low-income or first-generation disproportion-
ately come from ethnic and racial minority back-
grounds, have less academic preparation, tend to
be older, and face more obligations outside college.
Even after taking their background, preparation,
and enrollment characteristics into account, stu-
dents who are low-income or first-generation still
encounter greater risks of failure in higher educa-
tion [10-16]. They are less likely to participate in
student experiences that promote academic suc-
cess such as studying in groups, interacting with
faculty and peers, and utilizing support services
[15, 17-26].

Specifically, in distance learning, students
whose household income is in the lowest bracket
are more likely to face practical challenges such as
not having a quiet workplace, not knowing where
to seek course assistance, and managing conflicts
with home responsibilities [27]. They are also more
likely to face internet connectivity issues, hard-
ware and software issues that negatively impact
the effectiveness of distance learning [8, 28]. On
the other hand, first-generation students may face
challenges in distance learning due to staying
in households where their parents lack the edu-
cational experience to provide support. At the
same time, they are more often expected to assist
with sibling care at home [29]. Moreover, first-
generation students tend to have lower access to

digital tools and are less familiar with school cul-
ture, knowledge and skills which in turn affect
their academic performances [30].

When studying the academic gap, we are par-
ticularly interested in gaps among students who
have below average academic outcomes. Many
studies have investigated strategies to improve
the performance of low-performing postsecondary
students [31-35]. Students who begin with poor
performance tend to struggle throughout their
academic journey [33], a problem which may be
exacerbated by limited in-person instruction and
interaction. Students at the lower end of aca-
demic outcomes are at risk of being placed on
academic probation, which can delay graduation
[36]. First generation students and students from
low-income families already face a graduation
gap: undergraduates who are both low-income
and first-generation have a six-year graduation
rate at four-year institutions of 41% compared
to 73% for undergraduates who are neither low-
income mnor first-generation [37]. We hypothesize
that lower achieving students may be more nega-
tively affected by distance learning than an aver-
age student, further enlarging the achievement
gap between students who are low-income or first-
generation and their peers. While prior literature
suggest that distance learning may have no impact
or even improve average student outcomes [38-40],
additional evidence suggests online learning may
negatively affect low-performing students [41, 42].

In this study, we focus on STEM courses in
higher education. Enhancing social mobility for
students is important for universities, and STEM
is often seen as a vehicle for economic opportunity
and social mobility [43]. STEM degrees have long
been promoted to students as a potential path
to high-paying careers [9, 44-47], and there is a
robust and growing demand for students skilled in
STEM disciplines in both STEM and non-STEM
occupations [48]. Students pursuing STEM majors
are more likely to have a job aligned with their
field of study compared to those from non-STEM
majors [46] and see significant wage advantages in
the job market [45, 46]. However, students from
underrepresented populations are less likely to
study or complete STEM degrees. Once they are
enrolled in a STEM program, retaining these stu-
dents poses a great challenge due to factors such
as insufficient pre-college preparation and lack of



supportive social environments [49-52]. Students
who are first-generation or whose parents have
lower incomes are more likely to leave their STEM
program by changing majors or leaving college
without completing a degree [49, 53]. The effect
distance learning may have on the academic per-
formance of students who are low-income and
first-generation in STEM courses is of interest, as
college GPA and first-semester GPA are impor-
tant predictors of their STEM degree attainment
[54-56] and of obtaining a STEM-related job [57].

Distance learning produces additional chal-
lenges when it comes to STEM courses, as many
STEM courses rely on specialized software and
equipment which may not be readily accessi-
ble outside of traditional classroom settings [58].
In distance learning, students in STEM courses
report concern about losing hands-on experience
in laboratories [59, 60] and struggle with engage-
ment and motivation after the transition [27, 61—
63]. The intersection of STEM, barriers to success
in STEM faced by students who are low-income
and first-generation, and challenges faced in a
distance learning setting are thus of great interest.

The primary objective of our study is to
examine the association between COVID-induced
learning modality (in particular, distance learn-
ing) and student academic outcomes and learn-
ing gaps in STEM courses, particularly focusing
on underrepresented and lower performing stu-
dents. To achieve this goal, we obtain longitudinal
student administrative and educational outcome
data from the University of Michigan (referred
to as the University hereafter) during the years
from Fall 2016 to Fall 2022. Our dataset con-
tains information about student course enroll-
ment and their respective performances, as well
as their demographic, socioeconomic and aca-
demic backgrounds. Focusing on semester-long
undergraduate courses, our data contains over
1.2 million student-course records, more than half
of which are for STEM courses. The study has
received approval from the University’s Institu-
tional Review Board and the data are procured
through a Memorandum of Understanding (MOU)
agreement with the University’s enrollment man-
agement office to ensure strict protection of stu-
dent privacy.

Before the onset of the COVID-19 pandemic,
almost all classes at the University were taught in
person. In March 2020, the University announced

it would switch all classes to distance learning to
limit the spread of COVID-19. It then resumed
limited in-person classes in Fall 2020 and Winter
2021. However, the majority (75.1% and 89.2%,
respectively) of classes were taught online dur-
ing these terms. Later in Fall 2021, a significant
portion (86.3%) of classes returned to in-person
learning while some classes (13.7%) continued
to be taught online or in a hybrid mode. The
selection of learning modality is primarily at the
discretion of individual instructors, in alignment
with guidelines from the University and their
respective academic units. These differential tran-
sitions in learning modality by courses thus allow
us to compare academic achievements across dif-
ferent student subgroups under different learning
modalities, while controlling for the effect of the
pandemic itself.

The results indicate that COVID-induced dis-
tance learning is linked to larger academic gaps in
STEM courses. Students whose household income
were in the lowest bracket and first-generation
students in the lowest quintile have grade point
differences of 0.114 and 0.064 under distance
learning, respectively, compared to their peers.
This difference is significant given the lower-
quintile mean grade points of 2.48 overall, and
2.00, 2.02, and 1.69 for students who are low-
income, first-generation, and both low-income and
first-generation, respectively.

Moreover, at below a 2.0 cumulative GPA, and
for some colleges below a 2.0 semester GPA, stu-
dents will be placed on academic probation with
the risk of having enrollment withheld or being
placed on academic recess for one year. In some
majors, students who achieve below 2.0 grade
points will fail to fulfill the minimum requirement
for common required and core courses in their
majors. Thus, a reduction of 0.114 or 0.064 in
grade points for students within the lowest quin-
tile can result in serious academic consequences
and delays to graduation. In non-STEM courses,
we see a smaller gap of around 0.05 grade points.

Given the greater disparities observed for
lower-performing students, we then investigate
potential instructional interventions which may
reduce disparities in COVID-induced distance
learning. Specifically, we consider an introductory
physics course that, in each semester starting from
Fall 2019, offered additional sections as part of



a recent university initiative, i.e., the Founda-
tional Course Initiative (FCI), aimed at improving
learning experiences for students. Course sections
offered as part of this programs provide students
with greater access to instructor support and more
interactions with their peers consistently imple-
mented during the in-person and distance learning
environments. For example, during distance learn-
ing, these sections continued to offer students
greater interactions through discussions and group
work facilitated by online platforms such as Zoom
and Gather Town.

We find that this course initiative, which
provide students with additional support and
student-instructor and peer interactions, signifi-
cantly reduces the observed achievement gaps in
COVID-induced distance learning. These findings
not only corroborate previous results in the lit-
erature that increased interaction with peers and
instructors is associated with greater success in
online learning in general [6] and in the context
of the pandemic [64, 65], they further demon-
strate that enhanced interaction can effectively
narrow the achievement gaps for students from
disadvantaged backgrounds.

2 Results
2.1 Institutional background

We use student administrative and educational
outcome data from a large public university in the
US which enrolls around fifty thousand students
every year, as of 2022. The University transitioned
to distance learning in the middle of the Winter
2020 (WN20) semester. The majority of univer-
sity courses were taught remotely in Fall 2020
and Winter 2021, and many returned to in per-
son teaching in Fall 2021. A small percentage of
courses were hybrid modality from Fall 2020 to
Winter 2022. The proportion of STEM course
sections in each learning modality by semester are
presented in Figure 1.

2.2 Empirical strategy

We estimate the association between distance
learning and grade outcomes for students who
are low-income and first-generation by contrast-
ing the difference in educational outcomes between

in person and distance learning modality in stu-
dents who are low-income and first-generation
relative to that of students who are non-low-
income and non-first-generation. Thus our method
focuses on the interaction between distance learn-
ing and low-income or first-generation status. In
addition to students who are low-income and first-
generation, we are interested in lower performing
students within these categories. To estimate the
association between distance learning and grade
outcomes for the lower performing students at the
lower quintile, we employ the expected shortfall
(ES) regression which allows for this specifica-
tion. ES regression allows us to study the average
outcome for the students whose outcomes fall
in the bottom quintile of the entire population.
More details about ES regression can be found in
Section 4.

Second, we estimate the outcomes of inter-
ventions that provide increased student atten-
tion, student-peer and student-instructor interac-
tion, particularly for students underrepresented
in higher education and STEM, taking advantage
of the university’s course initiatives implemented
in a large introductory physics course. We imple-
ment a three-way-interaction strategy within the
expected shortfall regression, contrasting differ-
ences between students who are low-income and
their non-low-income peers and students who
are first-generation and their non-first-generation
peers enrolled within these special course sections
versus in standard sections, in distance learning
versus in person learning.

In our regressions, we control for other stu-
dent, course, and term variables and separate the
pandemic association with grade values from the
distance learning association with grade values.

2.3 Data and definition of outcomes

Our data consist of semester data on student
grades for undergraduate students at University
between Fall 2016 and Fall 2022. Because classes
transitioned to remote midway during the Winter
2020 semester at the onset of the pandemic, this
semester is excluded from our analysis. Restrict-
ing classes to undergraduate level semester-long
classes that follow a typical A-E grading scale,
our data comprise 1,256,632 observations. Limit-
ing to STEM courses, our data comprise 675,463
observations. The outcome variable, grade value,



is taken as the numerical equivalent of the letter
grade given by an instructor to a student. Oth-
erwise, the official letter grade received may be
in Satisfactory /Not Recorded or Pass/Fail format.
A student’s low-income status, is described as
low-income if a student reported their household
gross income to be in the lowest income bracket
(less than $25,000 a year) and non-low-income
otherwise. A student’s first-generation status is
described as first-generation if a student reported
their parents’ maximum educational attainment
level to be less than a Bachelor’s degree and non-
first-generation otherwise. In our dataset, 4.88% of
students are categorized as low-income and 13.0%
are categorized as first-generation.

2.4 Association between distance
learning and grade outcomes in
STEM courses

Panel A of Table 1 presents estimates of the
association between distance learning and grade
outcomes (in grade points: 0.0-4.0) for low-income
versus non-low-income students in STEM courses.
Our results suggest that there may exist differ-
ences in the association between distance learning
and educational outcomes for low-income students
in the bottom quintile of students in terms of
grade values. Among the bottom quintile of low-
income students and the bottom quintile of non-
low-income students, low-income students show a
significant grade difference of -0.114 (p<0.001; CI:
—0.181, -0.047) points, on average, relative to their
non-low-income peers during distance learning.

Panel B of Table 1 presents estimates of
the association between distance learning and
grade outcomes for first-generation versus non-
first-generation students in STEM courses. Similar
to the first model, the table suggests that there
exists differences in the association between dis-
tance learning and educational outcomes for the
bottom quintile of first-generation students. We
found that the bottom quintile of first-generation
students show a significant grade difference of
-0.064 (p=0.003; CI: -0.106, -0.023) points, on
average, relative to the bottom quintile of non-
first-generation students during distance learning.
For both first-generation and low-income students
in the bottom quintile, there is no significant link
between hybrid learning and grade outcomes as
opposed to in person learning.

The association between distance learning and
grade outcomes for the bottom quintile of students
in STEM courses can also be seen in Figure 2.
We observe that the association between dis-
tance learning and grade outcomes is significantly
negative for both the bottom quintile of non-low-
income and non-first-generation students and the
bottom quintile of low-income and first-generation
students, but the estimate is much more negative
for low-income and first-generation students.

We detect a small disparity (around -0.025) for
low-income students but not for first-generation
students in the mean results as shown in Sup-
plementary Table 8. Results for all courses are
displayed in Supplementary Table 9 and Supple-
mentary Figure 4. Results for STEM courses from
a regression including interactions for both low-
income and first-generation status are displayed
in Supplementary Table 12 and Supplementary
Figure 3. There is a significant negative associ-
ation between distance learning and grade out-
comes for the bottom quintile of non-low income
and non-first generation, only low-income, only
first-generation, and both low-income and first-
generation students. The additional association
between distance learning and grade outcomes
on only low-income, only first-generation, and
both low-income and first-generation students is
significantly negative. The results including inter-
actions for both low-income and first-generation
status for all courses are displayed in Supplemen-
tary Table 13 and Supplementary Figure 5. We
additionally considered the association between
distance learning, hybrid learning, and grade out-
comes by sex and by underrepresented minority
status. The results are in Supplementary Table
1 in Supplementary Information A.1 and Supple-
mentary Table 2 and Supplementary Figure 1 in
Supplementary Information A.2, respectively. As
COVID-induced distance learning is intertwined
with factors such as at-home conditions, we con-
sidered the association between distance learning
and grade outcomes in courses that had distance
learning after most courses returned to in-person
on campus. The results are in Supplementary
Tables 5-6 in Appendix A.4.



2.5 Association between distance
learning and grade outcomes by
subject category

In addition to across all STEM courses, we further
considered the association between distance learn-
ing and grade outcomes for courses in different
subject categories. Specifically, we considered the
following subject categories: Physical & Natural
Sciences, Social Sciences, Engineering, Medicine
& Health, and Humanities, Arts & Languages.
All Physical & Natural Sciences and Engineer-
ing courses are considered STEM, while some
courses in Medicine & Health and Social Sciences
and almost no courses in Humanities, Arts &
Languages are considered STEM. The association
between distance learning, low-income or first gen-
eration status, and grade outcomes for the bottom
quintile of students in these groups is presented
in Figure 3. For Physical & Natural Sciences and
Engineering, we observe similar results for low-
income and first-generation students as in our
main results for all STEM courses. The negative
association between distance learning, low-income
or first-generation status, and grade outcomes is
generally largest in Physical & Natural Sciences,
Engineering, and Medicine & Health courses, com-
pared to the Social Sciences and Humanities,
Arts & Languages. Tables presenting estimates
of the association between distance learning and
grade outcomes comparable to that in Table 1
are in Supplementary Table 10 in Supplementary
Information B.

2.6 Association between the
COVID-19 pandemic and grade
outcomes in STEM courses

In the previous sections, we considered the asso-
ciation between distance learning and grade
outcomes, controlling for associations with the
COVID-19 pandemic. Specifically, we include in
the regressions an indicator of post Winter 2020
semesters as well as its interaction with low-
income and first-generation statuses to allow for
differential associations between the pandemic
and grade outcomes on different subgroups of
students. The results are presented in Supple-
mentary Figure 6 in Supplementary Information
B. The figure shows clearly that there exists a
negative association between the pandemic and

student learning outcomes of all income levels and
regardless of whether they are first-generation col-
lege students or not. However, the link is much
more substantial for first-generation students. The
association between the COVID-19 pandemic and
grade outcomes for all courses and for the subjects
considered in Section 2.5 is presented in Supple-
mentary Figure 7 in Supplementary Information
B and Supplementary Figure 9 in Supplementary
Information B, respectively.

2.7 Is an intervention associated
with smaller disparity between
groups?

In this section, we examine the link between an
intervention that aims to increase student-peer
interaction and student-instructor interaction on
the relationship between distance learning and the
grade outcomes of underrepresented students. We
consider an introductory physics course that is
offered in both Winter and Fall semesters, and
enrolls on average 582 students per semester. This
course is offered in multiple sections. Besides the
standard sections, starting from Fall 2019, the
course includes two sections of students as part
of the Foundational Course Initiative (FCI). The
FCI sections provide students with greater access
to instructor support, more peer interaction by
having small groups within a large class and
frequent discussion and group/individual work
instead of lectures.

FCI sections consist of around 200 students
per term and are about a third of the total stu-
dents in the course starting in Fall 2019. All
sections (FCI, standard) offered in person instruc-
tions before Winter 2020, and shifted to distance
learning in Fall 2020 and Winter 2021. While FCI
sections were in person the following semester
(Fall 2021), standard sections remained distance
and only shifted back to in person instructions in
Winter 2022.

Our physics course data comprise 7,373 obser-
vations, 1,212 of which are for FCI sections. The
demographics of the FCI sections are approxi-
mately the same as those of the standard sections.
A brief summary of the students in different
sections is presented in Table 2 in Section 4.

As all sections (FCI, standard) experienced
both in person and distance learning, and the
learning modality is mostly syncronized across



all sections (except for one semester, Fall 2021),
we can compare the relationship between dis-
tance learning and grade outcomes based on the
type of sections. We continue to use the instruc-
tor inputted grade as our outcome as before.
In this section, we conduct expected shortfall
regressions with three-way interaction terms to
examine how the innovative course sections (i.e.,
FCI), moderate the association between distance
learning and grade outcomes for low-income and
first-generation students.

The difference in association between dis-
tance learning and grade outcomes for the reg-
ular sections and FCI sections is presented in
Figure 4. For the bottom quintile of non-low-
income and non-first-generation students, the
association between distance learning and grade
outcomes is not statistically significantly different
between regular sections and FCI sections (effect
size=0.133; p=0.179; CI: -0.061, 0.327 and effect
size=0.099; p=0.333; CI: -0.102, 0.299, respec-
tively). For first-generation students, the associa-
tion effect size increases from standard to FCI and
becomes significantly positive in the FCI sections
(effect size=0.792; p=0.010; CI: 0.188, 1.396). For
low-income students, we also observe a increase in
the effect size for the association between distance
learning and grade outcomes from standard to
FCT section types (effect size=1.063; p=0.021; CI:
0.159, 1.968). In other words, under the interven-
tion (i.e., FCI), the negative link between distance
learning and grade outcomes in first-generation
and low-income students is reduced.

The intervention is not linked to a statisti-
cally significant association between the COVID-
19 pandemic and grade outcomes. The results are
presented in Supplementary Figure 8 in Supple-
mentary Information B.

3 Discussion

This paper presents estimates of the educational
gap between lower performing students who are
low-income or first-generation and their non-
low-income/non-first-generation peers in COVID-
induced distance learning. Using over 600,000
student records data from a large public uni-
versity, we provide evidence that there exists a
negative association between COVID-induced dis-
tance learning and grade outcomes for students

who are low-income and first-generation, particu-
larly those in the lower quintile, in STEM courses.
We do not find such association at the mean.
Additionally, we find that innovative course ini-
tiatives that provide students will increased peer
interaction as well as student-instructor interac-
tion are linked to a lowered negative association
observed between distance learning during the
pandemic and grade outcomes for students who
are low-income and first-generation.

This paper contributes to the growing liter-
ature studying the association between distance
learning and academic outcomes during COVID-
19. Several papers have explored the relationship
between distance learning, student experiences
[66-68] and academic outcomes during COVID-
19. Many studies considering academic outcomes
focus on primary or secondary education [69-72].
Notably, [71] observed learning loss and widened
achievement gaps in primary education, while [72]
reported increased dropout risks and decreased
test scores in secondary education in Brazil. Stud-
ies that focus on higher education tend to be
smaller scale [73-75]. Among higher education
studies, [73] found no significant differences in
grades between online and in-person learning
in STEM courses including biology, chemistry,
physics, mathematics, and statistics, attributing it
to instructors’ proactive course adjustments. [76]
found higher grades overall and mitigated equity
gaps for underrepresented students in online learn-
ing for an introductory biology course series, and
hypothesized it may be due to instructors chang-
ing grading practices. Conversely, an experiment
by [74] revealed lower final grades in distance
learning, particularly affecting academically at-
risk students. Analyzing data from 11,000 aca-
demic records at Queens College, [75] discovered
that lower-income students in the bottom quar-
tile outperformed their higher-income peers due
to flexible grading policies. However, no advan-
tage was found for top-performing lower-income
students, and without flexible grading policies,
there was a decline in GPA. Larger-scale studies
like those conducted by [77] and [78], focusing on
statewide community college systems, highlighted
a decrease in course completion, particularly for
students with lower GPAs. [78] noted a decrease
in course completion but an increase in A grades,
attributing it to instructor leniency in grading
during the pandemic. Our paper is a large-scale



higher education study that focuses on dispari-
ties in STEM academic outcomes due to distance
learning in lower performing students who are
low-income and first-generation. Additionally, our
study explores an intervention that reduces the
gap in achievement from distance learning for
disadvantaged students.

Students considered low-income and first-
generation may face greater academic challenges
in distance learning, attributed to limited access
to resources and familial support [27, 29, 30].
Additionally, they are less likely to engage in
learning experiences that foster academic success,
such as collaborative group studying, interactions
with faculty and peers, and utilization of sup-
port services [15, 17-26]. Therefore, providing
additional support from instructors or learning
assistants and encouraging increased peer engage-
ment can positively relate to students’ academic
performance. The intervention (FCI) we examine
features smaller class styles by assigning students
to work in smaller groups facilitated by learning
assistants, thereby fostering greater peer interac-
tions as well as student-instructor interactions.

Several other courses have been re-designed
as part of FCI, however some may redesign all
sections of the course or change a section funda-
mentally such that FCI and non-FCI sections are
not comparable. For example, switching to writ-
ten assignments instead of exams. Additionally,
the majority of these courses began their remodel
after the onset of the pandemic and switch to dis-
tance learning. The impact of these initiatives in
other courses is worth exploring.

Other strategies that could enhance the learn-
ing experience for students considered low-income
and first-generation engaged in distance learn-
ing involve implementing systems for monitoring
student progress [9]. These systems enable both
instructors and students to proactively address
and enhance performance well before a student
faces potential failure. One such system, ECoach,
empowers students to monitor their progress,
receive personalized feedback, and access course
tips and exam playbooks. Previous research has
investigated the efficacy of ECoach in tradi-
tional STEM and economics courses conducted
in-person [79, 80|, revealing positive effects on
students’ academic outcomes. Notably, a study
by [79] demonstrated that first-generation stu-
dents derived greater benefits from the ECoach

exam playbook resource compared to their non-
first-generation counterparts. It is important to
note that in both studies, students independently
utilized ECoach tools. Considering the promis-
ing outcomes observed, further exploration of the
advantages of using ECoach in a distance learning
environment, with incentives for universal adop-
tion among students in a study, holds potential.
Initiatives to redesign courses, like FCI, have
been explored at a number of universities. These
include the University of Pennsylvania Structured,
Active, In-class learning (SAIL), UNC Chapel Hill
Associate of American Universities (AAU) STEM
Project, Purdue University IMPACT Project,
Cornell University Active Learning Initiative
(ALI), and TRESTLE, a multi-institution (Uni-
verity of Kansas, Indiana University, Queen’s
University at Kingston, University of California-
Davis, University of Colorado-Boulder, Univer-
sity of Texas at San Antonio, University of
British Columbia) NSF-funded project to promote
improvement of STEM education at research uni-
versities [81]. Many efforts focus on reforming
science education, particularly introductory and
required courses. One trait frequently included in
evidence-based course redesigns is the emphasis
on active learning and interaction with classmates,
especially through the creation of small groups or
teams, similar to the intervention in the physics
course we examined. The popularity of this ped-
agogical method in courses is due to its strong
positive outcomes for students in terms of their
performance in and perception of the course [82—
85]. Brown University’s Associate of American
Universities (AAU) undergraduate STEM educa-
tion initiative project aimed to improve retention
in introductory and required science courses, and
redesigned 11 courses by integrating problem solv-
ing sessions into recitations, encouraging engage-
ment and collaboration with peers [86]. These
initiatives have also been implemented and stud-
ied during COVID-induced distance learning. As
a part of the Active Learning Initiative (ALI) at
Cornell University, instructors implemented team-
based learning (TBL) first in an in-person life
sciences course and later both adapted the course
with TBL to a smaller online platform and uti-
lized TBL when transitioning the in-person course
to online during the onset of the pandemic [64].
They found that TBL enhanced the student expe-
rience in the online course and students had high



retention and achievement with online teaching
[64]. Another ALI at Cornell investigated student
performance during the pandemic and found that
teaching methods that promote active engage-
ment, such as small group activities, can mitigate
the negative effect incurred in online classes during
the pandemic [65].

Our study is limited to one university, so there
is a need for broader data collection so that large
scale studies across universities can be done in the
future to understand the prevalence of disparity
in higher education during distance learning. The
University’s response to the pandemic aligns with
the typical response of other large universities in
the United States. Campus closed in March 2020
and did not reopen until Fall 2020, and the major-
ity of courses shifted to distance learning until
Fall 2021. In Fall 2020, the university’s percent of
undergraduates exclusively in distance education
is similar to the median of its comparison group,
which includes most Ivy Leagues, University of
California system schools, and public universities
such as Indiana University-Bloomington, Univer-
sity of Minnesota-Twin Cities, and University of
Wisconsin-Madison [87]. However, the percent of
undergraduates in at least one but not all distance
education courses is much higher at the Univer-
sity at 61% compared to 35% for the comparison
group. In Fall 2021, the percent of undergradu-
ates in at least one but not all distance courses is
46% compared to 38% for the comparison group
and the percent not in any distance education is
54% versus 59% [88]. Although the response to
the pandemic and adoption of distance learning is
relatively similar, our findings may not generalize
to other comparable universities due to differences
in factors influencing grade outcomes such as aca-
demic culture, student body, and grading scheme.
As of 2015-2016, about 20% of students enrolled in
undergraduate education were in poverty (family
income for family of four less than $25,696), and
for Very Selective four-year universities about 13%
were in poverty [89]. Our definition of low-income
as family income less than $25,000, based on the
the poverty guidelines updated periodically in the
Federal Register by the U.S. Department of Health
and Human Services under the authority of 42
U.S.C. 9902(2) [90], includes In Poverty and Near
Poverty categories defined by Pew Research Cen-
ter. About 56% of undergraduates nationally were
first-generation, defined as neither parent having

a bachelor’s degree [91]. In our dataset, about
5% of students are considered low-income and
13% are considered first-generation, which is much
lower than the national statistics. Thus, nation-
ally there may be a higher or more detectable
association between distance learning and grade
outcomes in students considered low-income and
first-generation.

Our study considers distance learning in the
context of the pandemic, which can be accom-
panied by and difficult to separate from factors
such as disruptions in students’ everyday life, dif-
fering at-home conditions, and carry-over effects
such as potential loss of knowledge in pre-requisite
courses. As a limitation, we cannot completely
distinguish the association between distance learn-
ing and academic outcomes from these factors.
Beyond the context of the pandemic, many uni-
versities in the United States and around the
world have shown recent enthusiasm for adopting
distance learning [92-94]. In STEM education in
particular, distance learning strategies are receiv-
ing increased attention [40, 58, 95-97]. The link
between distance learning and academic outcomes
remains inconclusive, as various studies present
differing perspectives. Some research suggests no
significant difference or even improved outcomes
in comparison to traditional in-person learning
[38-40, 98]. Conversely, other studies suggest that
student learning and performance may be some-
what lower in a distance setting when compared
to face-to-face environments [42, 99, 100]. Pro-
ponents of distance education assert that online
courses not only provide students with greater
and more convenient access to coursework but also
serve as cost-effective instructional alternatives
for universities [101, 102]. As online courses gain
popularity among both universities and students,
there is a crucial need to thoroughly investigate
the diverse patterns in academic outcomes dur-
ing remote learning, especially among the most
vulnerable student populations.

4 Methods

The study has received approval from the Uni-
versity of Michigan’s The Health Sciences and
Behavioral Sciences Institutional Review Board
and the data are procured through a Memoran-
dum of Understanding (MOU) agreement with



the University’s enrollment management office to
ensure strict protection of student privacy.

Data. Our data set consists of administrative
data and educational outcomes for all students
enrolled at the University from the mid-1990s
through 2022. In our main sample of STEM
courses for the years 2016 to 2022, we have
a total of 675,463 data points for 1200 unique
courses and 66,461 unique students. Of these,
approximately 43% of the data points are after
Winter 2020. Additionally, information about the
introductory physics course sections were made
available through the university’s collection of
historical syllabi.

Measures and definitions. We define grade
values, the outcome variable of interest, as the
numerical equivalent of the letter grade given
by an instructor to a student (A+/A=4.0, A-
=3.7, B+=3.3, B=3.0, B-=2.7, C+=2.3, C=2.0,
C-=1.7, D+=1.3, D=1.0, D-=0.7, E=0.0). The
instructor inputted grade is the grade given by
an instructor to a student; the official grade that
appears on a student’s transcript is the trans-
lated value of the instructor inputted grade as
defined by the school or college grading policy.
Official grades may take other forms other than
a letter grade. Due to COVID-19, official grades
may be chosen to be masked by students as
Satisfactory /Not Recorded - COVID.

Courses are categorized as STEM by their
instructional area based on the 2023 U.S. Depart-
ment of Homeland Security (DHS) STEM Desig-
nated Degree Program List [103]. The list desig-
nates all Engineering, Biological and Biomedical
Sciences, Mathematics and Statistics, and Phys-
ical Sciences (determined by the Department of
Education’s Classification of Instructional Pro-
grams) programs as STEM, and also includes
some programs in related fields such as Natural
Resources and Conservation, Education, Psychol-
ogy, etc. For categorizing instructional areas into
subject categories, Physical & Natural Sciences
include life sciences, physics, chemistry, earth sci-
ence, astronomy, and mathematics. Engineering
includes all fields of engineering, as well as infor-
mation and technology related subjects. Social
Sciences include social and behavioral sciences
such as sociology, economics law, anthropology,
business, etc. Medicine and Health include areas
in Kinesiology, Pre-Medicine, Nursing, Pharmacy,

Dentistry, and Public Health. Based on the DHS
Designated Degree Program List, all Physical &
Natural Sciences and Engineering divisions, some
Social Sciences or Humanities divisions such as
archaeology and psychology, and some Medicine
and Health divisions such as kinesiology, phar-
macology, immunology, and biological sciences are
designated STEM.

For the student categories of interest, a stu-
dent’s low-income status is defined as estimated
gross family income less than $25,000 and first-
generation status as parent’s maximum education
level less than a Bachelor’s degree. Estimated
gross family income and parent’s maximum edu-
cation level are self-reported in a student’s appli-
cation for college admission; students that do not
report these are considered non-low-income or
non-first-generation. A sensitivity analysis of our
results when excluding these observations where
household income or parent’s educational level are
not reported is in Supplementary Information A.3
Tables 3-4 and Supplementary Figure 2.

Of the unique students in our main data set,
4.88% are considered low-income and 13.0% are
considered first-generation. Among low-income
students, 52.0% are first-generation, and among
first-generation students, 19.6% are low-income. A
brief summary of the students in all considered
courses and in the introductory physics course
examined in Section 2.7 is presented in Table 2.

Intervention. The intervention we considered
was FCI sections in a large introductory physics
course. We provide a brief description of how this
program appears in the physics course. Starting
in 2018, FCI partnered with the physics course
over a three year pilot period. As a result of
the partnership, starting from Fall 2019 onward,
two sections of the physics course under study
were transformed into a Studio Model , in which
instructors used the same curriculum (e.g., same
teaching materials) and students were held up
to the same course requirements as those in the
standard sections. The main difference, however,
is that it created a radically different student
experience. Each FCI section is split into several
neighborhoods of students who spend the whole
term together. Additionally, within a neighbor-
hood, students work in small groups of three and
cycle through groups throughout the term such
that every student in a neighborhood will have



worked with every other student by the end of the
semester. Each neighborhood is directly overseen
by a undergraduate learning assistant. A large
portion of lecture time is dedicated group work
within these groups which during distance learn-
ing is done synchronously on Gather Town. The
rest of the lecture is review or preview and indi-
vidual work periods. Regular sections meet for one
hour lectures four times a week, while FCI sections
meet twice a week for two hours each. Moreover,
each section employs five additional learning assis-
tants, a graduate student instructor, and a faculty
member, all part of the instruction team. In this
way, the FCI section increases the students’ inter-
actions with one another and with instructors, and
results in a larger instructor/assistant-to-student
ratio. The inclusion of this type of section was
maintained after the three year partnership with
FCI ended.

Furthermore, one of the remaining sections of
the physics is part of the Comprehensive Stud-
ies Program (CSP). CSP sections consist of about
20 students per term, while FCI sections have
the same sizes as standard sections. We focus our
discussion on FCI instead of CSP, because the lat-
ter is a small scale intervention representing no
more than 5% of the total students enrolled in the
physics course, while FCI is a larger-scale inter-
vention with two sections of regular size classes.
Moreover, FCI is a more recent innovation with
primarily in-class transformations, while CSP is
an existing program started in the 1980s which
features additional outside resources for students
part of the program such as advising and tutor-
ing. However, we control for the existence of CSP
sections in our regressions.

Empirical strategy. We are interested in con-
trasting the difference in education outcomes
between in-person and distance learning modal-
ity in low-income and first-generation students
relative to that in non-low-income and non-first-
generation students. Thus, our method focuses on
the interaction between distance learning and low-
income or first-generation status. Ordinary least
squares is a baseline approach for fitting linear
models and focuses on inferring the conditional
mean of the response given the predictors. How-
ever, more aspects than the mean of the condi-
tional distribution of the response given predictors
are of interest. In particular, we are interested in

lower performing students within these categories.
Thus, we utilize expected shortfall (ES) regression
which allows for this specification.

The quantity of interest for ES regression is
the expected shortfall, compared to the mean for
ordinary least squares regression. If we consider a
single variable, such as grades, the 0.20-ES refers
to the average grade for the sub-population of stu-
dents whose grades fall below the 0.20-quantile
of the entire population, where the 0.20-quantile
of the grade outcome refers to the highest grade
of those who have the 20% lowest grades among
the entire population. In other words, ES gives
us the average outcome for the lowest-performing
students. To extend this concept to a regression
setting, we focus on the average outcomes for the
students who fall below a certain threshold (at a
specific quantile level) conditional on a given set of
covariates. Specifically, ES regression allows us to
estimate the relationship between an explanatory
variable (e.g. distance learning) and the average
outcome for the lowest-performing students, while
controlling for other relevant factors/covariates.

We estimate the association between distance
learning and educational outcomes for disadvan-
taged students with a focus on the average perfor-
mance of the bottom quintile using the following
specification:

EYict|Yiet < Qr (Yiet| Xict, Wict), Xict, Wict] =

ao + 81D, + B2Distance.; + BsHybrid,,+

B4Post-WN20.; + B5D; - Distance .+

BeD; - Hybrid,, + 87D; - Post-WN20; + YW
(1)

where Y;.; is an outcome for student ¢ in course
¢ in term t, Q;(Yiet|Xict, Wict) denotes the
conditional quantile at quantile level 7, and
E[}/icth/;ct < QT(Y;ct|Xict7Wict)aXictawict] is
the conditional ES at level 7, which can be inter-
preted as the average outcome, given covariates
X,;et and W, for the subpopulation whose out-
comes fall below the 7-quantile conditional on
covariates X;.: and Wic. Model (1) utilizes the
conditional ES, targeting the lower quintile condi-
tional on specified covariates rather than truncat-
ing the students at the bottom of the performance
distribution. The advantage of ES regression over
alternatives that also consider the entire condi-
tional distribution such as quantile regression is



that it can provide information about the aver-
age in the tail of a distribution, in our case the
bottom quintile, rather than only providing infor-
mation about specific points along a distribution.
More details about the use of quantiles in regres-
sion analysis can be found in [104] and in depth
discussion of ES and its mathematical properties
can be found in [105] and [106].

The vector X,.; includes main and interaction
variables { D;, Distance., Hybrid,;, Post-WN20,,,
D; - Distance.t, D; - Hybrid,,, D; - Post-WN20; },
where D; is an indicator variable coded to 1 if
student 7 is in a disadvantaged group such as
low-income or first-generation, Distance.; is an
indicator variable coded to 1 if course ¢ in term ¢
is distance learning, Hybrid.; is an indicator vari-
able coded to 1 if course ¢ in term ¢ is hybrid, and
Post-WN20; is an indicator variable coded to 1 if
term t is after the Winter 2020 term. The covari-
ates matrix W includes the following student,
course, and term attributes: indicator variables
for male, underrepresented minority status, part-
time student status, overtime status (more than 18
credit hours in a term), the previous term cumu-
lative GPA, indicators for first term attended,
class standing (i.e., Sophomore), incomplete sta-
tus, unofficial withdrawal status, repeating class,
winter term, the log scaled total enrollment for the
course, and average class GPA excluding student
i.

We use this specification to measure the dis-
parate association between distance learning and
changes due to COVID-19 and the grade values
of low-income and first-generation students, par-
ticularly those in the lower quintile of academic
performance. The estimates are from ES regres-
sions. The 95% confidence intervals are obtained
following [106]. We consider 7 = {0.20, 1}, where
7 = 1 is equivalent to an ordinary least squares
regression. The ES regression estimator is asymp-
totically normal [106] thus the p-value is deter-
mined from a two-sided one-sample Z-test where
the estimate is compared to zero and the test
statistic is calculated as the ES regression estimate
divided by the standard error (obtained following
[106]). The estimate of the difference in association
between distance learning and grade values for the
bottom (7-100)% of D = 1 students compared to
the bottom (7 -100)% of D = 0 students would
be (5, and the estimate of the difference in grade

values between the bottom (7-100)% of D = 1 stu-
dents and bottom (7-100)% of D = 0 students in
distance learning would be §; + 5. We considered
additional analyses using 7 = {0.1,0.15,0.25,0.5}
and generally found significant results for 7 <
0.25.

We estimate how an intervention in the form
of innovative course initiatives (i.e. FCI) relates
to the association between distance learning
and educational outcomes by utilizing three-way-
interaction terms, in which we contrast differences
between disadvantaged and non-disadvantaged
students within course sections that adopted an
innovative instruction style versus those within
standard course sections, in distance and in per-
son learning. As the course we considered did
not have any sections adopting hybrid learning
modality and did not have any students with
an unofficial withdrawal, we excluded these two
variables. We estimate the association between
grade outcomes and distance learning and the
pandemic on disadvantaged students and its inter-
actions with non-standard course sections through
a three-way-interaction strategy using the follow-
ing specification:

E[Yist|Yist < Qr (Yist|Xist, Wist), Xist, Wist] =
oo + B1D; + BoDistanceg; + B3Post-WN20,;+
B4FClg; + B5CSP4 + B D; - Distanceg;+

B7D; - Post-WN20, + BgDistance; - FCI 4+
BgDistancey; - CSP4; + [B19Post-WN20,, - FCI g+
B11Post-WN20,; - CSP; + B12D; - FClL+
B13D; - CSPg + (814D; - Distanceg; - FClg+
B15D; - Distanceg; - CSP g+

B16D; - Post-WN20,, - FCI 4+

B17D; - Post-WN20y,; - CSPy; + YW ;o

(2)

where Y;,; is an outcome for student 7 in section s
in term ¢, FClg; is an indicator variable coded to
1 if section s in term t is an FCI section, CSPg;
is an indicator variable coded to 1 if section s in
term ¢ is a CSP section, and W, follows that in
equation (1) excluding unofficial withdrawals and
by section s rather than course c.



5 Data availability

Currently, the LARC Data Set is available to
University of Michigan (U-M) investigators who
have obtained Institutional Review Board (IRB)
approval and signed a memorandum of under-
standing describing their research interests. Inves-
tigators not affiliated with the University of Michi-
gan must adhere to the established data request
protocols of the University of Michigan to gain
access to data. Investigators should contact stud
ent.data.request@Qumich.edu to request access
to data. The expected time-frame for response to
access requests depends on the the scope of the
request. For accepted data requests, the timeline
for data availability will be outlined in the data
user agreement. More information about access-
ing the data can be found here: https://enro
llment.umich.edu/data/learning-analytics-d
ata-architecture-larc. Cleaned data are avail-
able from the authors upon university approval
for LARC data. Individuals interested in obtain-
ing this data should follow above steps to obtain
approval from the University of Michigan. Source
Data are provided with this paper.

6 Code availability

Code to perform the expected shortfall regression
method is available in the Supplementary Code.
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10 Tables

Table 1: Relationship between educational outcomes and
distance learning, COVID-19, and student category for the
bottom quintile in STEM courses

Estimate  95% Confidence p-value
Interval

Panel A: Low-income
Distance -0.019 (-0.031, -0.007) 0.002
Hybrid 0.036 (0.011, 0.062) 0.006
Post-WN20 -0.207 (-0.216, -0.199) <0.001
Low-inc -0.104 (-0.128, -0.081) <0.001
Low-inc:Distance -0.114 (-0.181, -0.047) <0.001
Low-inc:Hybrid -0.08 (-0.233, 0.072) 0.304
Low-inc:Post-WN20 -0.04 (-0.086, 0.006) 0.088

Panel B: First-generation

Distance -0.016 (-0.028, -0.004) 0.009
Hybrid 0.04 (0.015, 0.065) 0.002
Post-WN20 -0.197 (-0.206, -0.188) <0.001
First-gen -0.125 (-0.140, -0.111) <0.001
First-gen:Distance -0.064 (-0.106, -0.023) 0.003
First-gen:Hybrid -0.065 (-0.168, 0.038) 0.216
First-gen:Post-WN20  -0.099 (-0.128, -0.071) <0.001

The table displays the relationship between distance learning and
grade outcomes based on low-income or first-generation status.
Panel A shows the main effects of distance learning, hybrid learn-
ing, post-WN20, and low-income status and interaction effects
comparing the variation in outcomes between the bottom quin-
tile of low-income and non-low-income students for either distance
learning, hybrid learning, or pre-WN20 with that between the
bottom quintile of low-income and the bottom quintile of non-
low-income students for in person learning or post-WN20. Panel
B shows the main effects of distance learning, hybrid learning,
post-WN20, and first-generation status and interaction effects com-
paring the variation in outcomes between the bottom quintile of
first-generation and non-first-generation students for either dis-
tance learning, hybrid learning, or pre-WN20 with that between the
bottom quintile of first-generation and the bottom quintile of non-
first-generation students for in person learning or post-WN20. Both
regressions are expected shortfall regression for the lower quintile
and control for additional student, class, and term specific vari-
ables. A two-sided one-sample Z-test was used to determine the
p-value and no adjustments were made for multiple comparisons.

11 Figure Legends/Captions
(for main text figures)



Table 2: Summary of students in all courses, STEM
courses, and in a general physics course

Physics Sections
All STEM All Standard FCI

Low-inc (%) 5.03 4.88 4.23 4.09 3.07
First-gen (%) 13.20 12,97 12.61 11.80 10.50
Male (%) 49.49 50.56 65.93 66.52 66.78
Underrep-min (%) 12.22 12.19 14.04 12,53 12.89
No. students 71823 66461 6886 5475 1171

figures/Figurel.pdf

Fig. 1: Learning modality of STEM course sections by
semester. Proportion of the number of course sections
that are distance, hybrid, or in person each semester
from Fall 2016 to Fall 2022. The dotted vertical line
indicates the semester the university officially closed
due to COVID-19. Full details are in Supplementary
Table B7.

figures/Figure2.pdf

Fig. 2: Association between distance learning and
grade outcomes in STEM classes by low-income (low
inc) or first-generation (first gen) status. a,b. Data are
presented as effect sizes with 95% confidence intervals
(error bars) and are estimated through expected short-
fall regressions with 7 = 0.20 using Model (1), where
the dependent variable is the numeric grade outcome
(N = 675,463). The regression follows the specifica-
tion in (a) Panel A of Table 1 and (b) Panel B of
Table 1. The point shape (triangle) indicates signifi-
cance at level & = 0.05 and the dashed vertical line
indicates effect size equal to zero.



figures/Figure3.pdf

Fig. 3: Association between distance learning, low-
income or first-generation status, and grade outcomes
in all classes. a,b. Data are presented as effect sizes
with 95% confidence intervals (error bars) and are esti-
mated through expected shortfall regressions with 7 =
0.20 using Model (1), where the dependent variable is
the numeric grade outcome (N = 366, 840 for Physical
and Natural Sciences, N = 262,202 for Engineering,
N = 339,341 for Social Sciences, N = 75,524 for
Medicine and Health, and N = 327,673 for Human-
ities, Arts, and Languages). Refer to Table B10 for
detailed estimates.

figures/Figure4.pdf

Fig. 4: Difference in association between distance
learning and grade outcomes from regular sections to
FCI sections of a general physics course by low-income
(low inc) or first-generation (first gen) status. Data
are presented as effect sizes with 95% confidence inter-
vals (error bars) and are estimated through 7 = 0.20
expected shortfall regressions using the Model (2),
where the dependence variable is the numeric grade
outcome (N = 7,373). A positive effect size indicates
a less negative association between distance learning
and grade outcomes for the FCI section group than
its regular section counterpart. The regression follows
the specification in column 1 and 3 of Supplementary
Table 11.
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