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I. Introduction

By the end of May 2021, there were at least 700,000 cumulative cases of COVID-19
among students and employees at colleges and universities in the United States (The New
York Times, 2021). While a vast majority of these university students ultimately recovered,
and many did not experience severe symptoms, the diagnosis itself had the potential to
influence academic performance significantly. Possible disruptive channels include COVID-
19 symptoms (e.g., cough, fatigue, fever, nausea)! (Ihm et al., 2021; Centers for Disease
Control and Prevention, 2022b), increased stress and anxiety (Essadek and Rabeyron, 2020;
Wathelet et al., 2020), negative psychological responses to mandatory quarantine (Brooks
et al., 2020), missed lectures and assessments (especially for face-to-face instruction), and
“brain fog” from long COVID, which affects memory and cognitive function (Ceban et al.,
2022; Premraj et al., 2022).2

While the general effects of the COVID-19 pandemic on education are well-studied,?
this paper represents, to the best of our knowledge, the first to analyze the influence of a
COVID-19 diagnosis on university student academic performance. We use longitudinal ad-
ministrative records of students from a large public university (henceforth “the University”)
combined with detailed data on reported absences to estimate the effect of a COVID-19
diagnosis on term grade-point average (GPA), student retention, and on-time graduation
at the University.

Using event study analysis with individual fixed effects on students who began at the
University in the fall cohorts from 2017 to 2020, we find that a COVID-19 absence through
the Spring 2021 semester resulted in a 0.08 point decline in GPA in the semester of diagnosis
but no evidence that the effects extended to the next semester. While not a seemingly
debilitating effect, we demonstrate that it is roughly the same magnitude as absences for
bereavement and family emergencies. Furthermore, we find that significantly larger effects

(0.15 decrease in GPA) for students with face-to-face (F2F) courses or labs suggesting

IIncidence of symptoms is not well-documented for this exact population. Some early evidence suggested that
about one out of five positive cases in a college setting were asymptomatic (Lewis and Bhavnani, 2020).

2 Among students who reported that they had COVID-19 in the 2022 survey, four percent were diagnosed with
long-COVID, and another 15 percent suspect they may have or have had long-COVID (American College Health
Association, 2022). Landry et al. (2023) collect data on students, faculty and staff at Georgetown University who
were diagnosed with COVID-19 finding a 36% prevalence of long COIVD. These long-term effects are increasingly
being highlighted as potentially problematic for students (Magee, 2022).

3Brodeur et al. (2021) provides a nice summary of the early literature in economics studying the effects of the
pandemic across a wide range of topics, noting that by November 2020, there were over 200 IZA working papers and
nearly 250 NBER working papers related to COVID-19.



that the general transition to online instruction—the common modality for institutions
during the time—mitigated the adverse effects. Outside of differences in course modality, we
find substantial heterogeneity in treatment effects with larger estimates for male students,

sophomores and juniors, and those with the highest pre-pandemic GPA.

In contrast to the negative effects of COVID-19 diagnosis, we show substantial grade
inflation in general associated with the pandemic (0.21 point increase in term GPA). These
general increases in grades may have offset some of these negative diagnosis effects as we
find no evidence that COVID-19 absences lowered on-time graduation or first-year retention
generally. The elevated grades continued even when classes returned to F2F instruction sug-
gesting an acceleration of a trend in grade inflation that has positively affected graduation
rates in higher education (Denning et al., 2022).

This study makes several contributions to the literature. First, while there is a large
literature on the general effects of the pandemic on higher education (see Section II), we
know of no research on the impacts of COVID-19 diagnosis on student academic success.*
The safeguards and sensitive nature of student educational records linked to protected health
information have impeded previous research on this crucial topic. To protect university
students’ privacy and comply with the Family Educational Rights and Privacy Act (FERPA)
and Health Insurance Portability and Accountability Act (HIPPA), we, in consultation
with University administrators and general counsel, took several precautionary steps to
appropriately silo and deidentify the data. To the best of our knowledge, Essadek and
Rabeyron (2020)—which use survey data early in the pandemic to document increased
anxiety among French university students with a COVID-19 diagnosis—is the only other

empirical study of university students with information on COVID-19 cases.’

Second, we add to the overall literature on the effects of the pandemic in higher education
by placing diagnosis within the context of institutional policies. Institutions changed policies
to respond to both the health threats of the pandemic (e.g. online courses, mitigation rules,

vaccination policies) as well as academic effects for students.® Furthermore, faculty may

4There is some evidence about negativity effects on productivity in other contexts, for example among professional
soccer players in Europe (Fisher, 2021).

5The focus of Essadek and Rabeyron (2020) was on the pandemic effects on mental health but they were able to
also explore the effects of diagnoses reported in their survey. Jaeger et al. (2021) also ask about COVID-19 diagnoses
in their surveys but their focus is on exploring incidence of COVID-19 as part of studying how the pandemic affected
students.

6While our paper focuses on the academic effects, recent research has demonstrated that university COVID-19
vaccination policies had spillover effects lowering mortality in the local community Acton et al. (2022).
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have adjusted academic standards, whether in response to formal policy changes or informal
encouragement to be particularly sensitive to students during the pandemic. However, it is
unclear whether those responses were effective or appropriately calibrated. Bird, Castleman
and Lohner (2022) finds evidence that grading became more lenient during the pandemic,
and faculty focus groups in McDaniel et al. (2020) reported struggling to balance flexibility
and academic rigor. The same faculty further worried that the online learning environment
led to more academic misconduct among students (i.e., cheating), which could increase
GPAs. Additionally, some evidence suggests that flexible grading policies during the Spring
2020 semester led to substantial grade inflation (Rodriguez-Planas, 2022a).

Third, we add to the literature on student absences and shocks in higher education.
The literature has noted that students may be too present-oriented and rely too much on
routines (Lavecchia, Liu and Oreopoulos, 2016), and thus students may not respond well to
disruptions. There is a suggestion that mandatory course attendance might be important
for students to overcome some of their behavioral biases, as there is strong evidence that
course attendance improves course outcomes (Dobkin, Gil and Marion, 2010). However, this
literature typically does not have information on why a student is absent, and interventions
are often designed to incentivize attendance, implicitly targeting students making decisions
to not attend class as opposed to students who cannot attend class. Thus, it is unclear what
this research tells us about the impact of shocks on the individual that cause absences.

Similarly, there is little longitudinal research on the effect of health shocks to students
or households on student success in higher education. Eisenberg, Golberstein and Hunt
(2009) investigates mental health and student success in higher education using longitudi-
nal student records and individual fixed effects models, finding evidence that depression and
anxiety are associated with lower term GPA. Similarly, research has shown that the propen-
sity for poor mental health is associated with lower educational outcomes in longitudinal
data in the United Kingdom (Cornaglia, Crivellaro and McNally, 2015). In terms of non-
mental health issues, a small study in the UK finds evidence that mononucleosis (mono), a
disease that causes extreme fatigue, was associated with less study time in general and an
increased likelihood of discontinuing school for female students (Macsween et al., 2010).”

Household, instead of individual, health shocks may also matter as Johnson and Reynolds

"Williams-Harmon, Jason and Katz (2016) note that up to 5% of students are infected with infectious mononu-
cleosis during college.
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(2013) finds evidence that week-long hospitalizations of household members negatively af-
fect college attendance and attendance shifts to closer institutions or two-year colleges,
particularly among the oldest male children. More research is needed about the effect of
these shocks so that institutions can craft appropriate policies to assist students.

The paper is organized as follows. Section II gives an overview of the influence of the
pandemic on higher education; Section III provides institutional details and a timeline,
including the transition to online learning; Section IV describes the administrative student

and absence data; Section V presents the empirical analysis; and Section VI concludes.

II. Effects of Pandemic on Students in Higher Education

While we are unaware of any existing research on the effects of COVID-19 diagnosis on
university student outcomes, there is significant work on the general effects of the pan-
demic on students in higher education. The most extensive related literature has focused
on the general pandemic effects on students’ mental health (see Jehi et al. (2022) for a
recent review). College students historically under-utilize mental health services (Browning
et al., 2021), the pandemic strained existing services (Lederer et al., 2021), and there were
fewer students helped in college counseling centers during the pandemic compared to before
(Center for Collegiate Mental Health, 2021b). Data from counseling centers collected by
the Center for Collegiate Mental Health (2021a) suggested that a third of students sought
treatment due to the pandemic, while students seeking help for any reason reported that
the pandemic affected mental health (72 percent), motivation/focus (68 percent), loneli-
ness/isolation (67 percent), and academics (66 percent). However, students also reported
concerns about finances (35 percent) and worries about their own health (26 percent), and
the health of others (30 percent).

Similarly, academic studies based on student populations across the United States and
other countries have documented that the spread of the pandemic was associated with
an increase in stress, anxiety, and depression among college students (e.g., Aucejo et al.,
2020; Browning et al., 2021; Essadek and Rabeyron, 2020; Fruehwirth, Biswas and Perreira,
2021; Jaeger et al., 2021; Logel, Oreopoulos and Petronijevic, 2021; McDaniel et al., 2020;
Odriozola-Gonzalez et al., 2020). Additional work shows significant heterogeneity in these

effects, frequently finding larger impacts for female students (Jaeger et al., 2021; Logel,
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Oreopoulos and Petronijevic, 2021; Browning et al., 2021; Padrén et al., 2021; Aucejo et al.,
2020), minorities (Jaeger et al., 2021), and lower-income and first-generation college students

(Jaeger et al., 2021; Aucejo et al., 2020; Rudenstine et al., 2021).

Students were concerned about the disease for themselves, family, and friends (Jaeger
et al., 2021) but were also concerned about the quality of their education, the likelihood
of continuing their studies, and the lack of social connections. The rapid switch to online
education was not seen as particularly effective (McDaniel et al., 2020), and students often
experienced technological problems (Logel, Oreopoulos and Petronijevic, 2021; McDaniel
et al., 2020; Jaeger et al., 2021). Even beyond the initial switch, the online coursework
was seen as less effective, and some research demonstrated that students did worse in this
environment (e.g., Bird, Castleman and Lohner, 2022; Kofoed et al., 2021). Social connect-
edness was an important mediating strategy for students (Logel, Oreopoulos and Petronije-
vic, 2021), and recent evidence suggests that online peer mentoring helped to mitigate some
of the adverse effects of the pandemic (Hardt, Nagler and Rincke, 2022). Other research
showed that loss of social interactions was an important mechanism for mental health de-
cline (Browning et al., 2021; Logel, Oreopoulos and Petronijevic, 2021; Prowse et al., 2021).
Jaeger et al. (2021) indicated the lack of in-person classes was a major reason students were
considering not returning to school, and students expected the pandemic would decrease the
likelihood of on-time graduation, particularly among lower-income and first-generation col-
lege students (Aucejo et al., 2020; Rodriguez-Planas, 2022b). Consequently, Aucejo, French

and Zafar (2021) found a high willingness to pay for in-person classes and social activities.

Overall, this literature suggests that the pandemic could have non-trivial negative effects
on educational outcomes of college students, although that may be counteracted by flexi-
bility in grading practices (Rodriguez-Planas, 2022a). Notably, few of these papers provide
specific information about COVID-19 diagnosis itself. Some surveys ask about diagnosis:
the US subsample in Jaeger et al. (2021) shows slightly elevated rates of COVID-19 diag-
nosis, as well as elevated COVID-related deaths among family and acquaintances, among
Black and Hispanic students while Essadek and Rabeyron (2020) finds evidence of higher de-
pression among students diagnosed in France. However, the literature is clear that students
were disadvantaged during the pandemic, which could lead them to be more susceptible to

disruptions caused by COVID-19 diagnosis and quarantine.



III. Institutional Details and Timeline

Prior to describing the main analysis, we present a comparison of the University to other
similarly sized public universities using data from the Integrated Postsecondary Education
Data System (IPEDS) to gauge the extent to which the results would apply in other set-
tings. Specifically, we compare the University to the 229 public universities with enrollment
of at least 10,000 students, comprising the two largest institution size categories in the
IPEDS data, and complete data for all variables utilized. Combined with the University,
this sample enrolled approximately 4.5 million undergraduate students in 2018, equivalent
to 59 percent of all undergraduates at public four-year institutions and 41 percent of under-
graduates at all four-year institutions. Figure 1 reports the comparison and illustrates that
the University is comparable across multiple dimensions to the median of similarly-sized
institutions. Nonetheless, the University has a higher proportion of White (non-Hispanic)
students, with the difference originating from a relatively lower share of Hispanics and inter-
national students. The University students are also more likely to receive aid, use loans to
finance their education, and had marginally lower entrance exam scores. However, except
for the percent of students receiving loans, the University characteristics are within the
interquartile range of similarly-sized institutions. The similarities suggest that the results

of this analysis likely have some external validity.

Related to any difference in student populations across universities, the varying responses
by higher education administrators to the pandemic also potentially impact the influence
of a COVID-19 diagnosis and are discussed here. Like many institutions, the University
transitioned to fully online courses starting in March 2020. The University first extended
spring break and later announced that online instruction would continue for the remainder
of the semester. Due to the sudden change in instructional format, for one semester only
(Spring 2020), the University allowed students to change the grading criteria to pass/fail
throughout the semester.® Furthermore, the University encouraged “a spirit of flexibility
that will help ensure positive student outcomes.” A combination of this encouragement and

empathy for the educational disruptions resulted, anecdotally, in more flexible deadlines,

8Technically, students needed to elect the pass/fail option by early May. Nonetheless, students could switch the
grading criteria back to letter grades even after final exams were administered and graded. Consequently, strategic
students changed all courses to pass/fail and merely switched classes back to letter grades that they did well in. We
explore this further in section V.C.



additional extra credit opportunities, and less stringent grading criteria.

The entirety of the Fall 2020 semester and the Spring 2021 semester were also primarily
conducted online. Nonetheless, 21.9 and 31.4 percent of students had at least one class
categorized as “in person” respectively during the Fall 2020 and Spring 2021 semesters due
largely to courses with a laboratory component, directed research, or professional practice
requirements.” Even though the mode of instruction was primarily online for these two
semesters, the number of students with active contracts to live in the dorms still accounted
for roughly 56 percent of the Spring 2020 active contracts. Thus a significant number of stu-
dents were still living on campus and would therefore be subject to substantial disruptions
from isolation policies, including potentially having to temporarily switch housing during
isolation (including going home or staying in an alternate dormitory). Unfortunately, we
do not have campus residency data to isolate this effect, but this is one potential avenue

through which a COVID-19 diagnosis could affect student outcomes.

At the tail end of the Spring 2021 semester (mid-April), the general population in the
state became eligible to receive a COVID-19 vaccine. Consequently, some students might
have been vaccinated at the end of the Spring 2021 semester. Nonetheless, the demand
for vaccinations exceeded the supply initially leading to rationing and non-trivial waits.
Thus, the number of vaccinated students during the Spring 2021 semester was likely small.
Furthermore, individuals were only considered fully vaccinated two weeks after their last
injection. Thus the vaccine had no influence on students during the Fall 2020 semester
and likely did not significantly influence most students for the Spring 2021 semester. In
contrast, the widespread availability of the COVID-19 vaccine during the summer of 2021
led to the University reopening for F2F instruction for the Fall 2021 semester. For the main
analysis, we exclude the Fall 2021 semester due to increased concerns for endogeneity re-
sulting from selection into vaccination status, which is correlated with COVID-19 diagnosis

and potentially correlated with the primary outcome variables.'®

90nly a small share of lectures continued to be held in a F2F environment during the Fall 2020 and Spring 2021
semesters. Respectively, 4.2 and 5.8 percent of lectures (weighted by number of students) continued to be held in the
F2F environment.

10In addition to the concerns for endogeneity in the Fall 2021 semester, the absence data we possess only accounts
for a portion of the semester.



IV. Data

We use administrative education and absence data from the University which were deiden-
tified to comply with FERPA and HIPPA requirements and maintain the confidentiality
of sensitive student records. For the primary analysis, we use a sample of first-time in
college (FTIC) undergraduate students from the Fall 2017, 2018, and 2019 cohorts. This
restriction creates a more homogeneous sample and allows for observation prior to the
pandemic-induced educational changes. The estimation sample consists of 10,390 unique
students, of whom 7,467 were enrolled during the Spring 2021 semester.

To analyze COVID-19 diagnoses, we use detailed information on excused absences at the
University. The institution uses a centralized system wherein any student seeking an official
absence contacts the “Dean of Students” office and provides documentation. The office then
emails all of the student’s instructors specifying the duration and a broad reason for the
excused absence (e.g., bereavement, illness, family emergency). Students are incentivised
to officially report legitimate absences as they will be able to take exams late and turn in
assessments after the due dates without being penalized for the duration of the excused
absence (e.g., for a COVID-19 diagnosis, students were generally granted 10 days worth
of excused absences). Instructors commonly direct students to the Dean of Students office
when approached about absences as it provides uniformity, less hassle for the instructor
(e.g., the instructor does not need to verify the reason for the absence), and consistent
communication to all of the student’s instructors.

Overall, there are 546 reported COVID-19 diagnoses for the main estimation sample in-
cluding 428 (5.5 percent) in the Fall 2020 semester and 118 (1.6 percent) in the Spring 2021
semester. These diagnoses are in-line with the percentage of reported statewide COVID-19
cases (5.2 percent during the fall 2020 semester and 2.3 percent during the spring 2021
semester).!! Additionally, these rates a substantially higher than other types of absences

in the data (see Appendix Figure A1). Thus, there is little evidence of underreporting.'?

1 The county COVID-19 rates are similar to the statewide COVID-19 rates (5.5 percent during the fall 2020
semester and 2.9 percent during the spring 2021 semester). Nonetheless, the statewide rates likely serve as a better
comparison as most students have a permanent residence in-state, but were not physically on campus for the semesters
of interest.

12We do not observe COVID-19 cases during school breaks or for the Spring 2020 semester. That means some
control units (i.e., those coded as not having the diagnosis) were potentially diagnosed with COVID-19 outside the
semester. This would attenuate our results but only if there are long-term effects of COVID-19 (such as long COVID),
since we can measure treatment and control in the same semester. Given results later that show little to long-term
effects, we believe the absence of out-of-semester COVID-19 case data does not significantly affect our estimates.
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Nonetheless, in Section V.B we discuss and analyze potential bias to our estimates origi-
nating from possible mismeasurement of cases.

In addition to the absence data, we have detailed information on student demographics,
college entrance information (e.g., high school GPA and ACT/SAT scores), term GPA,
graduation date, and department of major.'® Furthermore, we use the zip code from a stu-
dent’s permanent address to provide additional information about the student’s background.
Using 5-year American Community Survey (ACS) data from 2015-2019, we calculate the
share of adults with a four-year college degree, median household income, and the per-
centage with broadband internet at the zip code level. In addition to those variables, we
also have student-course level information, including instructional method, credit hours,

department of course, and the grade earned, which we use in the analyses.™

A.  Control and Treatment Group Comparison

To understand the differences between students diagnosed with COVID-19 and those
who were not during the Fall 2020 and Spring 2021 semesters, we present a simple mean
comparison in Figure 2. The most pronounced demographic difference between the two
populations—albeit not statistically significant—is that those who contracted COVID-19
were more likely to be female than those who did not. Nonetheless, this gender difference
goes away if nursing majors—predominately female and higher risk of getting COVID-19
due to patient interactions—are excluded. In addition, the mean comparison shows that
students from more advantaged areas, as measured by household income, college graduates,
and internet access, are marginally more likely to get COVID-19. However, while these
locational differences are statistically significant, the magnitudes likely do not rise to the
level of “economic” significance.

To further understand any selection into the “treatment,” Figure 3 reports the coefficients
from a simple cross-section regression of COVID-19 absence on our student characteristics.

As shown, there is no evidence of a significant correlation based on academic performance

13The University accepts either the ACT or SAT scores for college entrance. For consistency, we convert SAT scores
into ACT scores for the analysis using concordance tables. Only the department of the student’s major was provided
to maintain anonymity, as some majors have few students.

141n the estimation sample, 49 do not have an ACT score, and 45 do not have HS GPA listed in the data. In addition,
we are missing the zip code for 40 students and missing zip code level information on median household income, percent
with a college degree, and share with broadband internet access for 46, 40, and 40 students, respectively. Nonetheless,
individual fixed effects are used in the main specifications, which allows these individuals to be included except in
subsample analysis directly using these variables.
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predating the pandemic (e.g., cumulative GPA in the Fall 2019 semester and ACT scores),
demographics (e.g., gender, race/ethnicity), or likely household characteristics (e.g., income,
education, and internet access). The student’s department of major was also uncorrelated
with COVID-19 diagnosis except in the case of nursing and technology majors (positively
associated with diagnosis). Nursing students were involved with patient care, and their ele-
vated infection seems reasonable. It is less apparent why technology students have relatively
high COVID-19 diagnoses. One potential explanation is that their jobs might have required
them to physically go to different locations to maintain technology and consequently had
more opportunities for infection. Nonetheless, the main takeaway from this simple regres-
sion is that there does not appear to be significant selection—especially across academic
measures—into who contracted COVID-19 for this sample of undergraduate students during
this period. Furthermore, as described in the next section, our primary estimation strategy
will include individual fixed effects, which account for time-invariant factors that might be

associated with COVID-19 infection.
V. Empirical Analysis
A. Influence of COVID-19 on Term GPA

To analyze the impact of a COVID-19 diagnosis on term GPA, evaluate the validity of a
common trends assumption, and gauge the duration of any COVID-19 effects, we estimate

the following event study model:
(1) Yie=> ml(t — B = k) + 01 X1 + o + % + O + €4t
k

where Yj; is student i’s semester GPA for term ¢, E; is the semester in which individual
i contracted COVID-19, and I(t — E; = k) is an indicator for being k semesters from
the COVID-19 diagnosis. Failure to reject the hypothesis that n, = 0 Vk < 0 supports
the parallel trends assumption. X is a vector of time-varying covariates, including other
excused absences (e.g., bereavement, other illness, family emergency), credit hours enrolled,
and the share of credit hours for major courses.'® Fixed effects for individuals, term-year,

and major are given respectively by «;, v;, and §,,.

15We also estimated alternative models excluding X;¢, and the main conclusions remain largely unchanged.
16Note that we allow student majors to change over time so d,, allows us to compare students within a given major
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An alternative approach would be to estimate a simple difference-in-difference model by
replacing the set of (¢t — E; = k) indicators with a single indicator for having COVID-19
in that semester or previous semesters. We will consider that approach later when explor-
ing heterogeneous responses across student characteristics. A recent literature, however,
has noted that both models, while being standard and common in the literature, require
stronger assumptions than previously considered and involve a weighting of underlying av-
erage treatment effects that can bias estimates (e.g., Goodman-Bacon, 2021; Callaway and
Sant’Anna, 2021; Sun and Abraham, 2021). For example, bias will occur if treatments are
staggered in timing and treatment effects are not homogeneous. This is not likely to be a
significant concern in our case because we only have two time periods of treatment (Fall
2020 and Spring 2021), and we will show that treatment effects do not seem to persist
across periods, reducing the concern about “forbidden” comparisons of treated units to
previously treated units. We will also show that our main event study results are consistent
with alternative approaches, specifically those proposed in Callaway and Sant’Anna (2021)
and that our difference-in-difference model produces similar estimates to both sets of event

study approaches.

The primary identifying assumption for our empirical models is that the outcomes of
students diagnosed with COVID-19 would have trended in the same direction if they had
not been infected as students without a COVID-19 diagnosis (i.e., parallel trends). Note
that random assignment of COVID-19 diagnosis is not necessarily required for parallel
trends to hold. Additionally, individual fixed effects will control for underlying differences
in unchanging student characteristics.'” For example, if students with lower academic ability
were more likely to be diagnosed with COVID-19 (which does not appear to be the case
based on the above correlation regression), then the individual fixed effects would account
for the lower acumen, and the assumption would be satisfied inasmuch as lower-ability
students’ grades trended in the same fashion as high ability students. Furthermore, time-
invariant differences in individuals that would affect choices to employ mitigation techniques

such as masking (CDC, 2022c) would also be captured by the individual fixed effects.

Figure 4 presents the event study results. The first and second panels report coefficients

during each semester.
17See Bird, Castleman and Lohner (2022); Kofoed et al. (2021); Rodriguez-Planas (2022a) for examples of studies
using individual fixed effects in related literature.
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for a treatment of being diagnosed in the Fall 2020 and Spring 2021 semesters, respectively.
To avoid contamination across the two time periods, we exclude observations diagnosed
in both semesters (three students) and those diagnosed in the non-designated treatment
semester.'® In the recent literature about event study and difference-in-difference estimates
with two-way fixed effects, our approach to the sample is equivalent to comparing the
students with a COVID-19 diagnosis (treated) to the set of students who are never treated
in our time period.!” Note that the prior results show that student characteristics do not
predict COVID-19 diagnosis, so the treated and “never treated” are balanced on covariates
suggesting that the “never treated” may be a suitable control group. Furthermore, as
shown in both regressions, there does not seem to be evidence of a differential trend prior
to diagnosis, which provides evidence that the estimation identifies the influence of COVID-
19.20 For example, the lack of a pre-trend for those diagnosed in the Spring 2021 semester
suggests that mitigation techniques did not both significantly increase GPA and decrease
infection rates. Otherwise, there should be evidence of divergence in the period before
diagnosis when mitigation techniques were applied. For example, if students that were
diagnosed with COVID-19 in Spring 2021 got the virus due to less “social distancing” (e.g.,
partying) which had a negative impact on their grades, then we would expect their grades
to be worse in the Fall 2020 semester than those that took more preventative measures.
Given the lack of a pre-trend in the second panel of Figure 4, this is less likely to be the
case.

The statistically significant point estimates indicate that COVID-19 was associated with
a 0.08 and 0.13 point decrease in GPA, respectively, for those diagnosed in the Fall 2020
and Spring 2021 semesters. In the semester prior to the pandemic (Fall 2019) the mean
semester GPA was 2.95 with a standard deviation of 0.88. Thus, the effect of a COVID-19
absence is approximately 9.3 to 14.9 percent of the standard deviation of GPA prior to the

18For example, we exclude students diagnosed with COVID-19 in the Spring 2021 semester for the specification
that is estimating the effect of getting COVID-19 in the Fall 2020 semester.

9Removing the Fall 2020 COVID-19 cases from the Spring 2021 results removes the “previously treated” individuals
from the analysis. This group is a particular concern in the recent literature on event studies and difference-in-difference
models because including them among the controls causes the estimated average treatment effects of Spring 2021 cases
to depend on the evolution of Fall 2020 treatment effects. Removing the Spring 2021 COVID-19 cases from the Fall
2020 analysis removes the “not-yet-treated” observations, which are not generally seen as problematic and could be
valid controls. However, removing them keeps consistency of our approach across the two time periods.

20While commonly investigated, a lack of pre-trends does not guarantee that the common trends assumption
necessary for identification actually holds. Furthermore, the estimated pre-trends can be contaminated in situations
with multiple time periods and heterogeneous treatment effect (Sun and Abraham, 2021). However, as previously
discussed, our limited number of time periods, lack of evidence of long-term effects, and the way we construct our
data to use only the “never treated” as controls should reduce this problem.
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pandemic. Additionally, the graphs can provide some evidence of whether the COVID-19
effect carries beyond the semester. The results do not suggest longer-term effects, as the
Fall 2020 treatment specification does not provide evidence that the impacts of a COVID-19
diagnosis persisted for more than the semester of diagnosis.

To get a combined estimate, we follow Callaway and Sant’Anna (2021) to estimate the
group-time average treatment effects and then aggregate the separate effects to arrive at
our estimate of the overall average treatment effects. In our implementation, we use “never
treated” observations instead of “not yet treated” as the control group in the specification
because there are only two periods of treatment. This also means we use a similar treatment-
control comparison as in Figure 4. Figure 5 shows that the results are largely consistent
with the separate event studies, with the average treatment on the treated (ATT) indicating
that a COVID-19 diagnosis decreased term GPA by 0.08 points or 9.5 percent of a standard

deviation.
B. COVID-19 Case Measurement

Given the incentives for students to report cases and the fact that University rates of
COVID-19 are similar to county and state data, there is little reason to suspect that un-
derreporting is a serious concern in our analysis. Nonetheless, while it is easy to report an
absence and students are encouraged to do so, it is certainly possible that not all absences
are reported (including those for COVID-19). There are three possible types of COVID-19
cases among students: 1) a COVID-19 case known to the student and reported to the Uni-
versity for an absence, 2) a COVID-19 case known to the student but not reported to the
University, and 3) a COVID-19 case unknown to the student (and therefore not reported).
Our absence data is the universe of Type 1. We have no data on Type 3, but argue that
these cases are not policy relevant because there should be no effect on student academic
outcomes.?! During this time, students with symptoms of illness would likely get tested for
COVID-19, which would put them into categories 1 or 2. Consequently, Type 2 cases are
more concerning because they have the potential to bias our estimates.

On the one hand, if unreported cases experience negative outcomes then underreporting

in general would bias our results toward zero, as treated observations would be wrongly cat-

21These unknown cases were likely asymptomatic or had minimal symptoms implying minimal or no no effects on
course outcomes.
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egorized as control observations in our analysis (Bound, Brown and Mathiowetz, 2001).22
On the other hand, if only the most severe cases were reported by students (i.e., unreported
cases represent circumstances where the students were unaffected), then the observed out-
come under treatment would be too large to be interpreted as the outcome of any COVID-19
infection. Our results would, however, still be a valid measure of outcomes among reported
COVID-19 absences, which could have policy relevance but would affect the interpretation

of our results.

Given that we cannot identify unreported cases, we run a simulation exercise to see the
potential impacts of underreporting on our point estimates. In this exercise, we assume
that only half of COVID-19 cases were reported for absences (an extreme assumption given
the similarity of case rates for the University, state, and county). Specifically, we randomly
assigned 546 students who did not report having COVID-19—along with the 546 students
who actually reported a COVID-19 diagnosis—to our “treated” group and estimate a two-
way fixed effect model of the influence of the treatment on term GPA. Figure 6, reports the
point estimates (panel a) and p-values (panel b) from 1,000 simulations. As shown, some
point estimates in the simulation are larger in magnitude than what we have estimated
previously. This could be associated with non-reporting of actual COVID-19 cases that
had a detrimental effect or could simply be where the random assignment went to students
who had a bad semester. The vast majority of the point estimates, however, are smaller in
magnitude reflecting either circumstances where non-reported cases had a less detrimental
effect in comparison to reported cases or more likely, where the randomly assigned student
did not actually have COVID-19, which diluted the treatment effect. Regardless, the main
take away is that even if there were massive amounts of underreporting, the treatment

effects are still negative with a vast majority being statistically significant.

Outside of severity of COVID-19, we might be concerned that reported absences are
correlated with other factors. For example, perhaps lower-income households would be
more likely to get COVID-19 and have fewer technical resources (e.g., broadband inter-
net), which could cause these students to have reduced academic achievement during the
online semesters. If this were the case, any negative treatment effects would be overstated.

22Gimilarly, if students were diagnosed with COVID-19 during the summer of 2020 (which we do not see in the

data for a vast majority of students) and had lingering effects (i.e., long COVID), then the treatment effect would be
biased toward zero. However, Figure 5 showed no evidence of lingering effects across semesters.
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Nonetheless, the correlation regression results do not indicate an increased incidence of
COVID-19 for university students from lower-income areas or areas without stable inter-
net access. Similarly, if students with more challenging courses in a particular semester
were more likely to report a COVID-19 diagnosis, the estimated effects could be overstated.
Nonetheless, semester difficulty—as measured by the realized grades of other students in
an individual’s courses—is uncorrelated with COVID-19 diagnosis (correlation coefficient

of -0.01), which lessens this concern.

In addition, we might be concerned that underlying behaviors correlated with the risk of
contracting COVID-19 are also correlated with academic performance. For example, per-
haps students who are less likely to mitigate COVID-19 risk by social distancing or avoiding
groups/crowds are less likely to do well academically; essentially, the people with more so-
cial activities during the pandemic may be less likely to spend time studying. Conversely,
students “staying home” may have more time to devote to studying. We do not believe
this is likely to be a significant issue in our estimates for several reasons. First, the individ-
ual fixed effects will capture any time-invariant characteristics that affect the likelihood of
prioritizing social activities over school, regardless of the pandemic. Second, it is not clear
that students who are being more cautious about COVID-19 are converting spare time into
academic performance, particularly given that students were feeling stressed academically
and struggling with motivation (e.g., Center for Collegiate Mental Health, 2021a). Lastly,
exposure to COVID-19 is not a simple function of individual choices and activities. The
airborne nature of COVID-19, combined with occasional mild symptoms, means that stu-
dents could contract COVID-19 because of exposure from people they live with. Thus, it
is unclear whether behavioral choices around COVID-19 would form a tight link between

COVID-19 diagnosis and academic outcomes in our estimation strategy.

Lastly, it is worth noting that any selection story would have to orthogonal to the covari-
ates and the individual fixed effects. While we cannot prove such selection is not occurring,
it seems implausible that it would be large enough to drive our estimates. Nor is it likely
to produce magnitudes of effects that appear “reasonable” when compared to other types
of absences as we will later show. Nor is it likely to vary in such a way to produce some of
the heterogeneity effects we later present. For example, the story above would most likely

suggest that more academically marginal students would be most affected by a COVID-19
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diagnosis. In fact, we later present evidence that the highest-performing students are the
most affected. Similarly, since we might expect less negative effects on student achievement
in a completely virtual setting, negative selection would likely suggest large negative effects
regardless of course delivery. Again, we will later show evidence that the effects are larger
for students with a face-to-face component to their courses during the semester. Thus we

argue that some form of selection bias is unlikely to be the primary driver of our estimates.
C. Contextualizing the Results

While our estimation strategy provides identification of COVID-19 absences on same term
GPA at the University, it is important to consider how we should interpret the magnitudes
of the estimates. To do that, we leverage additional information in our data to provide more
context about the COVID-19 effects within the institutional setting. First, we benchmark
the impact of a COVID-19 diagnosis on term GPA by comparing the magnitude to the
effects on term GPA of other student absences. To do that, we replace our event study

approach with the following two-way fixed-effect model

(2) Yit = Bo + f1COVIDy + XL, + a; + Y + O + Eimt

where the variables are defined the same as in the event study analysis.

Figure 7 reports that a COVID-19 diagnosis decreases term GPA by 0.08 points. Thus,
our switch to a difference-in-difference model with fixed effects produces a similar estimate
as both the simple event study models in Figure 4 and the aggregated approach of Callaway
and Sant’Anna (2021) in Figure 5. Again, this suggests that our empirical approach is not
being driven by recent concerns about two-way fixed effects models.

Nonetheless, the main reason for presenting this figure is to compare the point estimate
for COVID-19 to other absences.?> As shown, the disruptive influence of a COVID-19
diagnosis is comparable to the impact of losing a close family member, an event which
we might expect to have a negative impact on student success. COVID-19 absences, with
a median of 12 excused days, are similar in magnitude to illnesses with absences of less

than seven calendar days but have lower effects than illnesses that result in long absences

23Note that previously we controlled for ”other illnesses” but here we split this by duration to provide a clearer
comparison with COVID absences.
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(e.g., extended hospitalization). These results provide context for our estimated COVID-
19 effects and, perhaps, provide additional reassurance that our results are not driven by

measurement problems as the estimates appear “reasonable” compared to other absences.

In addition to understanding the magnitude of the effect of a COVID-19 diagnosis on
student grades, it is also vital to understand the University’s general “pandemic” response.
Figure 8 presents results from a simple fixed effect regression with term GPA as the outcome
with only term and individual fixed effects as the independent variables.?* As illustrated, the
pandemic itself led to significant levels of grade inflation generally. The effect is particularly
pronounced in the Spring 2020 semester (0.43 point increase) due in part to the option for
students to change their courses to pass/fail in practice even after completion of final exams.
Nonetheless, as shown in the results that use an imputed measure of term GPA (i.e., using
underlying course grades for students who used the pass/fail option), there is still non-trivial
grade inflation.

This finding is consistent with the evidence in Rodriguez-Planas (2022q) that official grade
policies explained approximately half of elevated grades during the Spring 2020 semester
at another institution.?> Our evidence, however, is that this grade inflation continued well
beyond the beginning of the pandemic, and beyond when there were formal policies al-
lowing for expanded pass/fail options. One potential explanation is that students learned
the content better in an online environment, although that is not consistent with the re-
search showing lower performance in online settings in economics coursework (Kofoed et al.,
2021). Perhaps academic integrity decreased (as was a faculty concern in McDaniel et al.,
2020). Nonetheless, the high grades continued even in the Fall 2021 semester, which was
predominately F2F. Perhaps the most likely explanation is increased leniency and flexibility
by faculty members, consistent with the guidance of University administrators previously
mentioned. This is also consistent with evidence that grade inflation has increased gradua-
tion rates in higher education (Denning et al., 2022) but would suggest that the pandemic

has accelerated these longer term trends.

24To mitigate concerns that sample attrition is causing any change in GPA, we restrict the sample to continuously-
enrolled individuals once they initially start in Fall 2017, Fall 2018, or 2019. For the Fall 2017 cohort, we only require
that they are continuously enrolled through Spring 2021 when many of them graduate. Regardless, the overall results
remain essentially unchanged without the balanced panel restriction.

25Students might have decreased effort in courses where they took a class as pass/fail, which would cause the
calculated GPA without pass/fail to be even lower. Nonetheless, GPA is still elevated relative to the Fall 2019
semester. Alternatively, students could have increased effort to pass, but this likely represents a smaller share of
students.
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Regardless of the root cause, the general grade elevation of approximately 0.21 points
more than compensated for the -0.08 point influence of a COVID-19 diagnosis on semester
GPA. Consequently, even though the students were at a relative disadvantage on average
to their peers who did not get COVID-19, their GPAs were higher than if the pandemic
did not transpire. This suggests that stated concerns about the pandemic on grades (but
not necessarily learning) by students early in the pandemic (Aucejo et al., 2020; Rodriguez-
Planas, 2022b) may not have been realized. If the cause of the grade inflation was the
reaction of the University to the pandemic, it suggests that it overcompensated, at least in
terms of student academic outcomes. Of course, the University’s pandemic policies (e.g.,
online courses) also had public health goals for which it is possible the benefit of the reduced
spread of COVID-19 and potentially reduced anxiety of students may have been worth the
inflated grades.

D. Heterogeneity Analysis

The main analysis identifies a modest yet meaningful influence of COVID-19 on term
GPA. In this section, we analyze the heterogeneous impact of COVID-19 across several
dimensions. We estimate Equation 2, including various interaction terms of COVID-19 ab-

sence with other covariates, primarily student characteristics, to identify differential effects.

Figure 9 presents results across different models, where each model includes different
interactions of a COVID-19 absence with another set of covariates. The first model tests
for differential effects by sex by interacting COVID-19 with an indicator for being male. The
estimated effect for the base category, female, is small in magnitude and not statistically
significant, suggesting little impact of a COVID-19 diagnosis on semester GPA for female
students. In contrast, the interaction term shows that male students drove the negative
effect of COVID-19 diagnosis with a 0.14 point decrease relative to female students. This
effect is almost twice the average effect previously estimated, and would therefore represent
approximately a 4.7 percent decline relative to pre-pandemic average GPA, or a decline
of 15.9 percent of a standard deviation in pre-pandemic GPA. This finding is consistent
with male students having become more marginal in education over time (e.g., see Fortin,
Oreopoulos and Phipps, 2015). Thus, a COVID-19 diagnosis may affect male students more

because they are more at risk of not being successful in college. In contrast to these gender
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differences, the next set of estimates suggests there is no differential impact across racial and
ethnic groups at the University. The base category, White non-Hispanic, shows a decrease
in term GPA from a COVID-19 diagnosis, but the interaction terms are not statistically
different from zero.

The following two sets of results use information derived from the student’s permanent zip
code and both suggest that the negative effects are concentrated among students from less
privileged backgrounds (lower-income and lower-educated zip codes). For household income
and percent of the adult population with a four-year college degree, students from zip codes
in the lowest tercile show large and statistically negative effects of COVID-19 absences. In
contrast, in both cases, the interaction terms on higher terciles are positive but are not
statistically significant. These results are potentially suggestive (based on the insignificant
but positive interaction terms) of more negative effects of a COVID-19 diagnosis for students
from less-privileged backgrounds. This would be consistent with the larger negative effects
of the pandemic found among lower-income and first-generation college students for mental
health (Jaeger et al., 2021; Aucejo et al., 2020; Rudenstine et al., 2021) and expectations
of student success (Aucejo et al., 2020; Rodriguez-Planas, 2022b).

Next, the figure reports analysis by class standing and shows that the negative COVID-
19 effect is concentrated among sophomores and juniors, with the point estimates implying
that GPA decreased by 0.19 points more than freshmen.? What might be driving this
is unclear. The lack of effect for first-year students might be due to the relatively more
straightforward courses they typically take. It could be the case that experienced seniors
with larger networks were better able to handle disruptions or, perhaps more plausibly, the
University’s policies (formal and informal) served to protect students who were on the verge
of graduation. Consistent with these effects, we later find no evidence that a COVID-19
diagnosis reduced the likelihood of on-time graduation.

In the next model, we test for differences across historical student performance by in-
teracting the COVID-19 absences with indicators for terciles of the Fall 2019 GPA. The
results illustrate that students whose cumulative GPA is in the highest tercile prior to the
pandemic were negatively impacted by a COVID-19 diagnosis, whereas students with lower

GPAs were not. Maintaining a higher GPA presumably requires students to devote signif-

26We define class standing by accumulated credits earned. Thus a “freshman” is a student who has 30 or less
accumulated credits, a sophomore has between 30 and 60 credits, etc.
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icant amounts of time and focus to their studies, and disruptions—such as a COVID-19
diagnosis—represent a binding constraint. Conversely, students in the lowest tercile might
not devote as much time to their studies, and disruptions might not necessarily cut into
their study time in the same fashion. Another conjecture is that some students have low
GPAs due to other time commitments, such as employment. In this scenario, these students
would not have to work due to their COVID-19 diagnosis and consequently may not be as

negatively influenced academically as those without employment.

There is also the potential that students with a F2F requirement are more negatively
impacted than those who can complete all required tasks online. As discussed previously,
the primary course modality was fully online during this time, but some courses met in
person and others had an in-person component. We create an indicator for having any
course that is in person during a given semester and include both the variable itself and
its interaction with the COVID-19 indicator in the specification. As shown, the negative
effects of COVID-19 were the most pronounced for students with an in-person component
(e.g., laboratory requirement) with an estimated 0.15 point reduction in term GPA. This
magnitude is quite large, approximately twice the size of the average effect estimated across
all students and would represent a 5 percent decline relative to average GPA prior to the
pandemic, and a decline of approximately 17 percent of a standard deviation of GPA. This
result implies that the University’s decision to move the vast majority of courses online

likely mitigated the negative impacts of COVID-19 diagnosis.?”

The last results presented in Figure 9 report an analysis of how the timing of diagnosis
within a semester influences term GPA. A diagnosis early in a given semester might give
the student more time to catch up in their classes, mitigating the COVID-19 effect. Al-
ternatively, getting COVID-19 early in the semester might be more detrimental if course
content builds upon early concepts (e.g., mathematics). To investigate, we interacted the
COVID-19 absence with an indicator for contracting the virus in the second half of the
semester. The results do not show any difference in the effect based on diagnosis in the first

or second half of the semester. This could be because the effects described above cancel on

27Given that nursing students, and to some extent Applied Technology students, are more likely to report a COVID
absence we also explored heterogeneity across majors. The results in Appendix Figure A2 show that nursing students
do experience large and negative effects of a COVID diagnosis. Some of the effect appears to be due to the role of face-
to-face classes as nursing students have a large share of face-to-face classes (see Appendix Figure A3). Furthermore,
while not statistically significant, the point estimates are negative for Applied Science & Technology students as well
as Fine Arts students, both of who have large shares of face-to-face courses.
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average. It is also possible that whether an early or late diagnosis is more harmful depends
on course subject, course level, and course structure in such a way that there is no apparent

difference with timing on average.

E.  Additional Educational Outcomes

Thus far, we have focused on the influence of a COVID-19 diagnosis on term GPA, which
is, of course, an average of underlying course grades. While there is not a large effect on
that average, there is a potential for the diagnosis to impact more consequential educational
outcomes. For example, it is more detrimental if a COVID-19 diagnosis caused a student to
earn a D or F in a course, than if the student earns a B instead of an A. Earning a D or F
might require the student to retake the course or change their major. Furthermore, students
may be more likely to drop a course because a poor grade could affect financial assistance.
However, a student withdrawing from a course could delay their graduation. Importantly,
withdrawals would not be represented in the above GPA analysis as the courses would not
count towards the term GPA.

Figure 10 presents two event study analyses using the approach of Callaway and Sant’Anna
(2021) for dependent variables of earning a D or F in any course and withdrawing from a
class altogether. In both cases, a COVID-19 diagnosis did not increase the likelihood of
these negative outcomes. This is consistent with the evidence in 9 that effects are concen-
trated among those students with higher GPA who are unlikely to be on the margin for
either of these outcomes. Nonetheless, Appendix Figures A4 and A5 show some heteroge-
neous influences with some evidence of differential below-C grades by males and more course
withdrawals by Black, low-income, and lower-GPA students. Thus, there is some evidence
that students from more at-risk higher education populations experienced consequential
negative educational outcomes due to a COVID-19 absence.

Lastly, we can consider some additional outcomes by switching to a cross-sectional analysis
of a specific entering cohort. For example, students were concerned early in the pandemic
that the likelihood of on-time graduation would be reduced by the various effects of the
pandemic (Aucejo et al., 2020). We can test whether a COVID-19 diagnosis lowered on-
time graduation among students in the Fall 2017 cohort who were scheduled to graduate

“on-time” at the end of the Spring 2021 semester. Because we are focusing on a single
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cohort, we cannot estimate models with individual fixed effects and instead must rely on a
cross-sectional analysis. This approach relies on there being no selection on unobservable
characteristics, which is unknowable. However, as discussed previously, we have seen little
evidence that a COVID-19 diagnosis is correlated with our set of observable characteristics,
and have discussed why we believe unobserved selection is not likely to be a significant prob-
lem in our context. So we think it is informative to investigate some additional outcomes
using a cross-sectional analysis, with the caveat that identification may not be as strong as

our prior estimates.

To analyze the influence of a COVID-19 diagnosis on on-time graduation, we estimate

the following cross-section for the Fall 2017 cohort:

(3) OnTime; = o+ f1COVID; + XA + 6 + V2 + Qg + &

where OnT'ime; is one if the student graduates in the Spring or Summer 2021 semesters
(i.e., four years following initial enrollment). X; is a vector of covariates including gender,
race/ethnicity, major, high school GPA, ACT score, cumulative GPA as of Fall 2019, and
separate indicators for ever switching majors, excused absence for bereavement, excused
absence for a family emergency, and excused absence for “other illness.” Major, zip code
and age group fixed effects are given respectively by d,,, 7., and ay. The sample includes
undergraduates from the Fall 2017 cohort who were enrolled in the Spring 2020 semester.
Therefore, the comparison will be those that graduate “on-time” compared to anyone that
does not either due to course failure, drop-out (related or not related to the pandemic), ma-
jor change, etc. Note that any selection on unobservables here would have to be orthogonal
to the covariates, including both major and zip code fixed effects. While possible, we do

not think such selection is likely to drive our estimates given our previous discussion.

To strengthen our regression approach, we also consider a reweighting scheme based on
entropy weighting (Hainmueller, 2012). The goal is to estimate our regression with weights
that help to balance the covariates across treatment and control groups. This approach is
considered a “doubly-robust” estimator in that the results are valid if either the regression
model is correctly specified or if the weights are correctly specified (Zhao and Percival, 2017).
One could create weights for the regressions using propensity score methods (predicting the

treatment using the covariates), but that relies on the researcher to check that balance of
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the covariates is achieved. While not hard in principle, it is not always done in practice
and determining at what point “covariate balance” achieved is somewhat subjective (choice
of statistical tests and level of statistical significance are up to the researcher and just
because covariates are not statistically difference does not mean they are the same). Unlike
weighting techniques that use the propensity score, entropy weighting constructs weights
that ezactly balance multiple moments of a covariate distribution. In our case, we match
both the first and second moments of the covariates and then estimate Equation 3 with the

weighted sample.

The results in the top of Figure 11 indicate that a COVID-19 diagnosis does not influence
on-time graduation for the Fall 2017 cohort. The null result for COVID-19 is insensitive to
use of the reweighting scheme that balances the first two moments of the student charac-
teristics for those who did and did not have a COVID-19 diagnosis. Thus, despite concerns
expressed by students that the pandemic would reduce the likelihood of on-time graduation,
it does not appear that COVID-19 absences themselves delayed graduation. This very well
could be because of the responses by the University leading to grade inflation, which may

have cushioned the impact of COVID-19 absences on graduation.?®

Higher education research also often focuses on first-year student success, as students
are most at risk of dropping out prior to the second year of college. We can explore how
COVID-19 diagnoses affect outcomes of first-year students using the Fall 2020 cohort in our
data and estimating versions of Equation 3 using outcomes relevant to first-year students,
namely first-year GPA and second-year enrollment (retention to a second year of college).
The identifying assumptions are the same as for on-time graduation and we consider both
the unweighted and weighted approaches used previously. These results are also presented in
Figure 11. Once again, the results indicate that a COVID-19 diagnosis did not meaningfully
influence either first-year GPA or retention. These results are also consistent with Figure

A2, which found little evidence of term GPA effects among first-year students.

28While there is not a general influence on on-time graduation, Appendix Figure A6 illustrates that on-time grad-
uation of Hispanic students was differentially influenced by COVID-19 indicating that on-time graduation decreased
by 31.0 percentage points more than non-Hispanic Whites. Nonetheless, the point estimate was derived from a total
of 19 COVID-19 diagnoses of Hispanic students.
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VI. Conclusion

Early evidence suggested that higher education students were quite concerned about the
pandemic’s effect on their educational outcomes. Universities attempted to respond to both
those academic concerns as well as the public health issues of the pandemic. Research has
detailed that the pandemic negatively affected mental health and student success, despite
evidence of grade inflation. Despite this large literature on the effects of the pandemic, there
is no direct evidence of the effects of COVID-19 diagnoses on university student success.
This paper begins to fill that gap by utilizing student longitudinal academic records along
with data on COVID-19 absences in an event study approach to explore how a COVID-19
diagnosis affected student outcomes at a large, public university.

We find that a COVID-19 diagnosis reduced term GPA by approximately 0.08, or 9.5
percent of a standard deviation. This average effect is roughly equivalent to the effect of
absences due to other short-term illnesses and bereavements. We find evidence of hetero-
geneity in the effects, with larger negative impacts for male students and students with
higher pre-pandemic GPAs. There is some evidence of smaller effects on term GPA for
first-year students and seniors, which is consistent with additional evidence that COVID-19
diagnoses did not affect on-time graduation or first-year retention. And while we do not
have data to explore the influence of COVID-19 diagnosis in a predominately F2F environ-
ment, our results from students with some F2F component suggest that the negative effects
would likely have been exacerbated. Finally, all of these results should be understood within
the context of an institutional response that led to significant grade inflation, potentially

mitigating the effects of a COVID-19 diagnosis.
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Figure 1. IPEDS University Comparison
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Note: The figure compares the University to 229 other public universities with an enrollment over 10,000 students in
2018.
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Figure 2. Estimation Sample Summary Stats
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Note: The figure compares undergraduate university students from the Fall 2017, 2018, and 2019 cohorts enrolled
during the Spring 2021 semester. The statistic are presented separately based on the whether the student was
diagnosed with COVID-19 (either during the Fall 2020 or Spring 2021 semester). Cumulative GPA is reported for the
Fall 2019 semester, and the other metrics are time invariant.
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Figure 3. Correlates with COVID, Dependent Variable: COVID-19 in Fall 20 or Spring ’21
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Note: The sample includes 7,450 undergraduate students from the Fall 2017, 2018, and 2019 cohorts enrolled during
the Spring 2021 semester. Controls for department of major fixed effects were included but not reported with the
exception of nursing and technology majors (omitted major is accounting). The bars represent 95% confidence
intervals.
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Figure 4. Event Study, Dependent Variable: Term GPA
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Note: The sample includes FTIC students from the Fall 2017, Fall 2018, and Fall 2019 cohorts who never had a
COVID diagnosis or only had a COVID diagnosis is the semester considered. Individual, date, and department of
major fixed effects, along with variables for bereavement, family emergency, other illness, major course share, and
credit hours, were included but not reported here. The bars represent 95% confidence intervals, and the standard

errors are clustered at the student level.
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Figure 5. Staggered DID Estimation
Callaway and Sant’Anna (2021)
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Note: The figure represents an event study approach following Callaway and Sant’Anna (2021). The sample includes
48,956 observations for 9,571 unique undergraduate students. Individual, date, and department of major fixed effects
were included but not reported here. The bars represent 95% confidence intervals.
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Figure 6. Simulations of the Influence of COVID-19 on Term GPA Assuming Substantial
Underreporting

(a) Distribution of point estimates
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Note: For these simulations, we randomly assigned 546 students who did not report having COVID-19—along with
the 546 students who actually reported a COVID-19 diagnosis—to our “treated” group and estimate a two-way fixed
effect model given in Equation (2) of the influence of the treatment on term GPA. The distributions are based on

1,000 simulations.
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Figure 7. Benchmarking the Influence of COVID-19 on Term GPA
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Note: The sample includes 49,169 observations for 9,601 unique undergraduate students. Individual, date, and
department of major fixed effects, and controls for share of credit in a students major, and credit hours, were included
but not reported here. The bars represent 95% confidence intervals, and the standard errors are clustered at the
student level.
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Figure 8. Semester Effects, Dependent Variable: Term GPA
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Note: Student fixed effects were included but not reported here. The bars represent 95% confidence intervals, and
the standard errors are clustered at the student level.



Figure 9. Heterogeneity Analysis, Influence of COVID-19 on Term GPA
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Note: Figure reports results from multiple models, iterating through different interactions of COVID-19 absence and
other variables. Individual, date, and department of major fixed effects along with other absences (e.g., bereavement,
other illness), share of major course credits, and credit hours were included but not reported here. For the class
standing specification we additionally include indicators for class standing and for the F2F regression we similarly
add a covariate for any F2F instruction. The bars represent 95% confidence intervals, and the standard errors are

clustered at the student level.
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Figure 10. Event Study, Alternative Educational Outcomes

(a) Dependent Variable: Below C grade in any class
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Note: Each figure represents an event study approach following Callaway and Sant’Anna (2021). The sample includes
FTIC students from the Fall 2017, Fall 2018, and Fall 2019 cohorts and excludes students who contracted COVID-19
during both semesters. Individual, date, and department of major fixed effects along with variables for bereavement,
family emergency, other illness, major course share, and credit hours, were included but not reported here. The bars
represent 95% confidence intervals, and the standard errors are clustered at the student level.
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Figure 11. Influence of COVID-19 on “On-Time” Graduation, First Year GPA, and Second
Year Enrollment
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Note: Each specification was estimated using Equation 3. The regressions with on-time graduation as the dependent
variable has a sample that includes 2,063 FTIC students from the Fall 2017 cohorts enrolled in the Spring 2020
semester. The samples for the next two specifications include FTIC students from the Fall 2020 cohorts. The bars
represent 95% confidence intervals, and the standard errors are clustered at the student level. The covariate balanced
specifications match the covariates using entropy weighting as a pre-processing step.
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Figure Al. Absences over Time as a Percentage of Enrollment
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Note: The sample includes FTIC students from the Fall 2017, Fall 2018, and Fall 2019 cohorts.
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Figure A2. Influence of COVID-19 Diagnosis on GPA: College Interactions
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Note: There were 9,601 unique students and 49,169 total observations. Individual, date, and department of major
fixed effects along with other absences (e.g., bereavement, other illness), share of major course credits, and credit
hours were included but not reported here. The bars represent 95% confidence intervals, and the standard errors are

clustered at the student level.
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Figure A3. Share of Students with at least one Face-to-Face Course, Fall 2020
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Note: The sample includes FTIC students from the Fall 2017, Fall 2018, and Fall 2019 cohorts.
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Figure A4. Below C Heterogeneity
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Note: Figure reports results from multiple models, iterating through different interactions of COVID-19 absence and
other variables. Individual, date, and department of major fixed effects along with other absences (e.g., bereavement,
other illness), share of major course credits, and credit hours were included but not reported here. The bars represent
95% confidence intervals, and the standard errors are clustered at the student level.
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Figure A5. Any Withdrawal Heterogeneity
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Note: Figure reports results from multiple models, iterating through different interactions of COVID-19 absence and
other variables. Individual, date, and department of major fixed effects along with other absences (e.g., bereavement,
other illness), share of major course credits, and credit hours were included but not reported here. The bars represent
95% confidence intervals, and the standard errors are clustered at the student level.
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Figure A6. Heterogeneous Influence of COVID-19 on “On-Time” Graduation
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Note: Figure reports results from multiple models, iterating through different interactions of COVID-19 absence and
other variables. The sample includes FTIC students from the Fall 2017 cohorts enrolled in the Spring 2020 semester.
The bars represent 95% confidence intervals, and the standard errors are clustered at the student level.





