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DID TRANSITION TO ONLINE TEACHING DURING COVID-19

PANDEMIC AFFECT STUDENTS PERFORMANCE?
EVIDENCE FROM A STATISTICS COURSE
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Abstract. The COVID-19 pandemic and the lockdown imposed by many countries had a
huge impact on social and economic aspects of life, throughout the world. Schools of all
order and grades were affected severely and forced to transition to alternative teaching
methods. Most universities, in particular, turned to different forms of teaching in-distance.
Students and instructors had to face the challenge of adapting to a sudden change in the
delivery of courses and exams. This paper tries to address the question of how the
unavoidable distress caused by these changes has affected higher education students’
performance, using data from a Statistics course in a Master of Science program in the two
consecutive years 2019 and 2020. Evidence of a significant Year effect is found, which
seems to be ascribable, at least partially, to factors different from student’s cohort
characteristics.

Keywords: Distribution regression, linear mixed-effects models, COVID-19, online
exams, higher education.

1. INTRODUCTION

The COVID-19 pandemic and the consequent lockdown imposed by governments
all over the world resulted in schools of al grades and levels to shut and resort to
alternative teaching methods and eval uation procedures.

Most of schools, colleges and universities turned to online learning to
continuetheir activity in compliance with health security measures (see Crawford
et al. (2020), Toquero (2020), Sahu (2020)). These transitions were a response to
an exogenous shock and concerns were raised about readiness of ingtitutions,
teachers and students (OECD (2020), Zalite and Zvirbule (2020), Scherer et al.
(20212)).

Italy (Lombardy region in particular) wasthefirst, among western countries,
to beviolently hit by the spread of thevirus. Universitiesand schoolsin Lombardy
suspended in-presence activities in February the 24th. Soon after the initial
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suspension of teaching, al universities started a progressive transition towards
online learning, and the lockdown was extended to the whole Italian territory in
March the 9th.

Despite an undeniable effort to provide aprompt response to the emergency,
many universitiesand studentsfaced weeks of uncertainty and re-organi zation that
might have had an impact on students’ psychological condition and academic
performances. One of the challenges of the transition to e-learning was how to
redefine students’ evaluation. Whenever possible, many universities suggested to
replacewritten examswith oral examination, while, for courseswith largenumber
of attendees, several different procedureswere proposed, mostly involving the use
of someformof certified" examination platform”, withmonitoring either performed
by instructors themselves or by artificial intelligence.

This paper aims at quantifying the effect of the disruption induced by the
pandemic on student’ sperformance. Thechangesand inconveniencesimposed by
theCOVID-19havelikely caused difficultiesfor several different reasonsincluding:
problems in adapting to the transition to e-learning and to online examination
procedures, as well asemotional distress caused by uncertainty, by isolation and
health emergency in general. The data used in this analysis do not allow to
disentangle al the different ways the pandemic could potentially have affected
students’ performance. Thus, thispaper aimsat measuringacollective Covid effect
meaning by this*the sum of al Covid-related effects on student’s achievements”,
irrespective of their nature (psychological, cognitive, practical...).

Inthisrespect, thiswork entersinto the emerging literature trying to quantify
the effect that COVID-19 had on different aspects of life. Most of the quantitative
analyses so far focused mainly on psychological consequences of lockdown on
students of different school levels (Sahu (2020), Cao et al. (2020), Odriozola-
Gonzdlez et al. (2020), Zimmermann et a. (2021), Lee (2020) among the others),
or onstudent’ sperception of thetransitionto onlineteaching (Murphy et al. (2020))
rather than on student’s performance per se.

For what concerns the measurement of learning losses, higher attention has
been given to younger students, for example Andrew et a. (2020) and Maldonado
and DeWitte (2020) focuson primary schoolswhile Dietrich et al. (2021) consider
high school pupils. However, the evaluation of the impact on graduate student’s
achievements is crucial to predict mid-long term effects on their academic
performances and on employment prospects (see Pietro et al. (2020)). Itisnot clear
a priori whether theexpected effect shoul d bepositive or negative. Ontheonehand,
the lockdown imposed changes in teaching delivery and in student’s assessment
method (from in-person to online) that might have produced anegative effect, due
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to lack of preparation of the universities.

Further, according to recent studies, online courses themselves are reckoned
anegative —if ever significant — effect. On the other hand, although the isolation
may have produced a psychological distress that is likely to have negatively
affected their performance, the lockdown forced studentsto stay home and give up
other activities, potentially leaving moretimefor study. For example, Gonzalez et
a. (2020), using data from years 2017 to 2020, compare the results of the final
evaluation in three different exams offered at Universidad Auténoma de Madrid
(Applied Computing, Metabolism, Design of Water Treatment Facilities) and
obtainapositiveeffect of COVID-19 confinement, whichthey attributetoimproved
efficiency dueto changingthelearning strategiestowardsamore continuoushabit.
Consistently withthisdual mechanism, Aucejoet al. (2020) find highly heterogeneous
effects, mostly foll owing socioeconomic differences; lower incomestudentsare55%
morelikely to have delayed graduation dueto COVID-19 than their higher-income
peers. Similarly, using asurvey-based study of 232 undergraduate and postgraduate
studentsin West Bengal, India, Kapasiaet a. (2020) point out that although about
70% of studentswereabletousedigital platformsfor learning during thelockdown,
most of them had to“facehugechallengesinonlinestudy”, especially thoseleaving
in rural areas or with lower income.

Independently on the extreme situation that led to this sudden transition,
online courses and exams have seen an exponentia increase over the last decade.
Asaconsequence, their effect on students’ achievement have been largely studied
since then and some insight can aso be drawn from the literature. As mentioned
above, several works find a negative or at best no impact of online courses on
student’ stest scores(seeforinstanceFiglioet a. (2013), Alpert et al. (2016); Joyce
etal. (2015), Bowen et al. (2014)). These works mostly focus on single courses(in
Economics or Statistics) where random assignment of students to online or in-
person classes has been implemented, that gives them the characteristics of an
experimental design. A more recent comprehensive study takes into account more
than 700 courses and 200,000 studentsfrom for-profit collegesin US (Bettinger et
al. (2017)), and anegative effect of online courses on studentsgradesisfound both
for the course taken online and for future courses. Data are non-experimental and
therefore subject to potential selection bias, which istackled by theintroduction of
instrumental variables.

This paper takesinto account data on grades from two consecutive academic
years (2019 and 2020) of an exam of Statistics from atwo year Master program.
This specific exam has several advantages. First, focusing on an examin the area
of Statisticsislikely to produce stronger effectscompared to coursesrequiring soft
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skillsand it istherefore particularly interesting. The course maintained the same
syllabusin the two years and al so the structure of thefinal assessment was almost
unchanged: in both cases, it consisted in answering to several questions after
running the appropriate statistical analysis on agiven dataset, the only difference
isthat, whilein 2019 the exam was held in-presence, in 2020 studentsdid the exam
from their home, with online proctoring. Further, the teaching period was January-
March in both years, which meansthat thelockdown and the transition to distance
learning occurred halfway through the course in 2020. It must be underlined that,
athough the first exam session is normally held immediately after the end of the
course (lateMarch-early April), theopening of exam sessionsin 2020 wasdeferred
to May, because of technical issues. The number of studentssitting thefirst session
is more than 70% of students taking the exam at least once in awhole year. Most
of the students choosing the first session attended regularly the same year the
lessonsandthussufferedthetransition and experimentedthenew onlineexamination
platform for the first time. For this reason the preliminary focus is on the results
attained at first sessions only.

The data used in this paper can be treated as quasi-experimental, since
students had no possibility of opting for different courses and just happened to be
enrolledin 2019-20. Using dataon theresultsinthe Statisticscourse, thiswork tries
to addressthefollowing research questions: did the COVID-19 emergency impact
on students performance? In particular: (i) did it have an effect on the expected
grade?(ii) Did studentsexperienceahigher probability of failureor moregenerally
of underperforming?

Section 2 describesthe dataand displays some summary statistics. Section 3
presents the main results obtained by estimating different regression models.

Specificaly, Section 3.1 focuses on measuring the effect of Covid year on the
expected grade, thereforeon answering question (i). Although, for the af orementioned
reasons, thefirst exam sessionisthe onewhereitismost likely to observeasignificant
Covid effect, it is convenient to use data from al the exam sessions. Infact, it isclear
that the difference in performances of students of two consecutive years could be
simply duetoacohort effect. Thisthreat toidentificationisaddressed by controlling
for a class composition effect, using data from all sessions of the two years (6
sessions per year) and variability between sessions. In particular, this is done
through the introduction of the odds-ratio of Italian vs non Italian students
attending each session. Further, since the sample includes results from 282 exams
for 164 students only (due to retakes), by using a linear mixed-effects model
specification, it is also possible to control for unobserved individual effects.

Section 3.2 instead addresses question (ii): thefocusis, inthiscase, intrying
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to understand whether the treatedgroup (students who took their exam in 2020)
experienced different probabilitiesto fail the exam, or to perform below or higher
certain threshol ds. The approach followed isto define binary variables associated
to different grade levels and to estimate an independent probit model for each one
of them. In particular, the chosen levels correspond to the four events. { exam not
passed}, { grade below 25-th percentile} , { grade below median} and { grade above
75-th percentile}. With a larger dataset and by defining a finer grid for the
thresholds, this approach would enable to compute a semiparametric estimate of
the whole conditional distribution of the dependent variable Grade, via the so-
called Distributional regression (see Foresi and Peracchi (1995) or Chernozhukov
et d. (2013)).

2. DATA

The data cover all students of a Statistics course from an Italian Master who took
part to the first exam session in 2019 or 2020 (also extended to all the sessions of
both years). Besides the performance at the exam, the dataset includes some
demographicinformation, andtheir whol eacademi ctrack record fromtheenrolIment
until May 2020.

A descriptive analysis on demographics shows that the percentage of male
students sitting in the first session in 2019 and 2020 is 42.7% and 38.8%
respectively. The distributions of grades, among those who passed the exam, are
quite similar intheright tail (see Figure 1): they both show abimodality withthe
higher peak in the last interval (> 28) and the fraction of students taking grades
higher than 27 is0.44 in 2019 and 0.4 in 2020, athough the pattern in the left tail
tends to differ. A Kolmogorov-Smirnov test for the comparison of the two
distributionsis not conclusive: the null hypothesisisnot rejected if datafrom first
sessions are considered (p-value equal to 0.4 for all grades and equal to 0.86 for
gradeslarger than or equal to 18 only), but theresult changesassoon asoneor more
sessions are added.

The portion of students who failed the exam (including withdrawals) are
quitesimilar if oneconsidersthefirst sessions, being 0.31in 2019 and 0.33in 2020.
When al exam sessions are taken into account, though, the difference between
yearsincreases, with an oddsratio of failurein 2020 vs 2019 approximately equal
t01.86. Theexam outcomeisstrongly dependent on nationality, withasignificantly
larger portion of international students failing the first session: about 59.5% of
international studentsfailedor withdrew fromthefirst session, vs21.5% of Italians
(see Table 1).

Thisdifferenceisnot mitigated if the exams of the 12 sessions (that however
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include retakes) are taken into account: only 37, out of the 109 exams registered
as“failsor withdrawals’, correspond to Italian students. Thisgap is confirmed by
higher averagegrades (average of all gradesabovethe passing threshold) and grade
point average (GPA) of Italian students. Thereisal soamarked difference ingender
(except for GPA), that however tendsto disappear when all sessionsare considered.

Table 2 summarizes the main descriptive statistics of most of the variables
used for the analysis. The summary refers to the 125 students who st at the first
session and didn’'t withdraw from the exam (for which the variable grade is
unobserved), separated by year. The variable ECTS stands for European Credit
Transfer and Accumulation System, and, similarly tothe GPA, itiscomputed from
all other exams passed until the beginning of the pandemic. Of studentstaking the
exam inthefist session of 2019 or 2020, about 70.4% isltalian (81.1%in 2019 vs
62.5% in 2020). The variable Grade isthe final grade assigned. A binary variable
isassigned equal to oneif the gradeis 30 cum laudgA+). A value of Grade below
18 means failure of the exam.

Tab. 1: Fractions of failed exams, average grade (of passed examsonly) and GPA, by year,
gender and nationality, on the first session only (withdrawals are counted as“ Fails’)

Year Gender Nationality
Result 2019 2020 Mae Female Non-ltalian Italian
N 58 72 49 81 37 93
Failed 0.31 033 0.27 0.36 0.59 0.22
Mean Grade 25.8 20.1 25.8 255 24.1 259
Mean GPA 26.4 27.6 274 26.9 255 27.7

Tab. 2: Descriptive statisticsfirst session examsin 2019 and 2020

Year = 2019 Year = 2020 Total

Statistic N Mean. St.Dev N Mean. St Dev N Mean St. Dev
Grade 53 22547 6.941 72 20.083 8.862 125 21.128 8.165
Female 53 0585 - 72 0.639 - 125 0616 -
Italian 53 0.811 - 72 0.625 - 125 0.704 -
Age 53 24019 1.896 72 24.750 2.915 125 24440 2.551
ECTS 53 66.962 16.670 72 17.000 7.817 125 38.184 27.678
GPA 53 26.428 1.879 72 27.548 2.616 125 27.073 2.390
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Fig. 1: Histogram and estimated densities of the grades of 2019 and 2020

Table 3 reportsthe same descriptive statisticsfor all the exam sessions of the
two years. Students with Grade equal to zero were counted as withdrawals. A
comparison of thetwo tables brings out some characteristics of studentssitting the
first session: on average younger, with higher GPA and with a higher fraction of

Italians.

Tab. 3: Descriptive statisticsall session examsin 2019 and 2020

Year = 2019 Y ear = 2020 Total

Statistic N Mean. St.Dev. N  Mean. St Dev N Mean St. Dev
Grade 109 22600 6.920 173 20.000 7.250 282 21.000 7.230
Female 109 0.587 - 173  0.63 - 282 0.613 -
Italian 109 0.743 - 173  0.497 - 282 0.592 -
Age 109 24400 2390 173 25400 3510 282 25.000 3.160
ECTS 109 66.500 18200 173 19.600 13.300 282 37.700 27.500
GPA 109 26.000 1.940 173 26.900 2.780 282 26.600 2.520
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3. MODELSAND RESULTS

3.1MEASURING THE EFFECT ON THE EXPECTED GRADE

Thissectionisfocused on trying to measurethe effect of the pandemic on students’
average performance. The performance measure is the grade obtained at the exam.

The baseline specification is the linear model of the exam output over the
variable Covid, afew demographic controls, including gender, age and adummy
for nationality (Italian or not), and controlsfor ability. Covid isadummy equal to
one if the exam was taken in 2020.

The genera specification hasthe form

Yi = B, + yCovidi + X + &, & [iid (0, 0?) (1)

where Xi incorporates demographic variables and the combination of one or more
of the ability measures defined below. Note that, in the case of asingle session,
heteroscedasticity robust standard errors are computed for the OLS estimates.
Further, theindependent errorsassumptionisno longer invoked when thedataused
are from multiple exam sessions and repeated observations for the same students
occur.

To control for student’s academic ability, different measures are proposed,
mainly based ontheoverall mean gradesandthenumber of examstakeninacertain
period of time. Specifically, these include the variables GPA, defined as the
standardized mean gradestakenin al other examsuntil acertain date, ECTS, the
sumof accumulated ECT Suntil the pandemic (withacorrection for seniority). This
last variable, however, is omitted because it is dominated by GPA. Other two
dummy variablesare considered as proxiesfor students’ specific skill in statistics.
Thefirst oneisFirstYrTakers: adummy for studentswho did theexamintheir first
year. Thisvariable isincluded because students who find the exam particularly
hard to passare more likely to postpone or repeat it. The second variable, Stats, is
adummy equal to oneif the student passed a statistics exam during the bachel or.

Table4 shows the estimatesof somesel ected linear model specifications. The
total number of examsconsideredis121: 4 outliers, corresponding to blank exams,
were counted as withdrawal s and omitted from the sample.

The first column includes the variable of interest (Covid), the dummy for
Italian, that wasidentified asarelevant factor in Section 2, together with GPA and
their interaction. The other two models displayed in Table 4, models (2) and (3),
differ from (1) by the inclusion of age (not significant) and of the squared GPA
(9GPA =(GPA)?) and,inmodel (3) only, thetwo dummiesFirstY rTakersand Stats.

Theinteraction between GPA and Italian is highly significant in all models,
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Tab. 4: Resultsfrom linear models, 1 session only

Dependent variable: Grade

Models
1) (2 ©)
Covid -3.364"" —2.340" —2.087"
(1.058) (1.135) (1.222)
Age —-0.387 —0.358
(0.360) (0.367)
Italian 3.889 " 3.120 3.259
(1.834) (2.144) (2.217)
GPA 1.460 -1.178 —1.360
(1.192) (1.885) (1.929)
qGPA —1.559" —1.643"
(0.696) (0.717)
FirstYrTakers 1.100
(2.294)
Stats 1.555
(2.069)
Italian:GPA 3.774™ 6.307 " 6.410 """
(1.440) (2.055) (2.087)
Constant 20.187""" 30.683"" 27.295"
(1.828) (9.836) (11.135)
Observations 121 121 121
R2 0.378 0.428 0.432
Adjusted R? 0.356 0.397 0.391

Note:"p<0.1; "p<0.05; "*"p<0.01

and implies a nationality premium: according to column (1), a unit standard
deviationincreasein GPA isexpected toimprove (not significantly) thefinal grade
of non Italian students by less than 1.5 points, while the final grade of Italian
students improves by more than 5 points. This nationality premiumcould be a
consequence of several factors, among which linguistic and cultural divide (most
of the students are not native English speakers, and Italian speaking students are
likely to havean advantagein understanding an I talianlecturer), or other difficulties
related with studying abroad, such as sharing internet connection and workspace
with roommates.
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Themodelsincolumns(2) and (3) evidencethe presence of anonlinear effect
of GPA, the inclusion of which significantly reduces the coefficient of Covid.
According to these models, the variable GPA has a nonlinear effect on student’s
performance. Considering that GPA is standardized with scale 2.29 and center
27.15, from column (3)2, one can measure the marginal effect of GPA. It is
approximately equal to— 1.4 — 3.3 x GPAfor non Italian students: thisis negative
if GPA islarger than 26.2, while it is positive for lower GPA levels. For Italian
students, the marginal effectisinstead 5— 3.3 x GPA that ispositive for all GPA
< 30. Themodel in column (2) isthe result of stepwise selection from all potential
covariates, but column (3) showsthat, albeit not significant, theinclusion of Stats
and FirstYrTaker determines a 10% drop of the coefficient of Covid. Thus,
according to the two best models, students in 2020 have experienced a mildly
significant (at least 10%) worsening of their performance, corresponding to
approximately 2.1 — 2.3 grade points.

As pointed out in the Introduction, focusing on the first exam session is
interesting not only because the large majority of students attends the first exam
session but also because it was the very first session following the lockdown in
2020 and the first one with the new online examination procedure. However, a
major problem with the resultsin Table 4 is that they do not allow to disentangle
the effect of Covid (that isjust ayear dummy) from acohort effect. Onething that
emergesfrom the analysis so far isthat I talian studentstend to have higher grades
and asignificant GPA premium relative to non Italians. Nationality-wise, there
is alarge difference in cohort composition in the two years, with a 19% of non
Italian studentsin 2019 and almost twice (37.5%) in 2020. This difference could
determine acohort effect captured by the variable of interest. It istherefore useful
to include in the model the ratio between Italian and non Italian studentsin each
examsession. Todoso, itisnecessary towidentheanalysisby considering alarger
number of sessions for each year.

For thisreason, theanalysisisrepeated on the set of all exam sessionsof 2019
and 2020. The sessions are 6 each year: the second sessionswerein May 2019 and
June 2020, the other 4 sessionswerein July, September, November and December
respectively, in both years.

The number of students who attended the 12 sessionsis 164 but, because of
failsor retakes, thetotal number of observationsis309. Asinthepreviousanalysis,
21 withdrawals and 6 blank exams are excluded and the final sample consists of
282 exam results for 164 students.

2 Theresults from column (2) are the same.
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Besides allowing theidentification of a cohort composition effect, the larger
sampl e size should give more accurate estimates. We notethat it isalso possibleto
observeamitigation of the Covid effect astime passes, because both studentsand
universities adapted to the challenges of training online and the containment
measures progressively loosened.

Thestructure of thedataconsistsinan unbalanced longitudinal dataset, with
repeated measures of the variable Grade throughout (at most) 12 exam sessions.
Two approachesare used for the specification and estimation of the effect of Covid
on student’s performance: in thefirst case, alinear specification asin (1), fori =1,
...,282, withtheinclusion, among theregressors, of the exam session, to account
for a within-year time effectin this specification, individual effects are not
included, assuming they are captured by the individual specific regressors (like
GPA and Italian). Two more variables can be added to the regressors considered in
the first session analysis: the first one, Iratio, isthe ratio of Italian vs non Italian
studentsin the session and isused to identify cohort composition effect. Sincethis
variable takes at most only 12 distinct values, it prevents the inclusion of time
dummies into the model. The second variable, PrevGrade, is observed only for
studentswho re-take the exam and isthe grade obtained at the previous exam take.

Provided there are no residual omitted factors, the OLS are consistent and
unbiased estimators, but robust standard errors must be computed to account for
cross-sectional dependence due to repeated observations of the same units.

A second approach is aso considered, that allows for the possibility of a
residua individual effect. This effect is assumed to be uncorrelated with the
regressors and with the errors and it is model ed through alinear random intercept
model:

Grade, =B, + B X, +¥ +Y 2

1
wherei =1, ... 164 refersto the student, whilej =1, . . ., nand n, isthe number
of timesstudent i took theexaminthe 12 available sessions. Thevector X;; includes
regressors time specific (session/year) and unit specific. The errors are Gaussian
and conditionally independent on the random effects y, also Gaussian.
Table5displaystheresultsobtainedfromall sessionswiththetwo approaches:
the first two columns refer to the best OL S fits in the case of alinear regression,
whilecolumns(3) and (4) present the best fitsintermsof AIC and BI C respectively,
of the maximum likelihood (ML) estimates of the coefficient in equation (2).
Robust standard errorsfor the OL Sestimatorsare estimated following theapproach
of Driscoll and Kraay (1998), estimates of the linear mixed models are computed
with the R packake Ime4 (see Bates et al. (2015)).
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Fig. 2. Simulated random effectsfrom posterior distributions, model (4) of Table5

The coefficients of Covid in columns (1)—(4) are smaller, in absolute value,
than those of Table 4, and range between — 1.46 and — 2. Thus, a student taking the
exam in 2020 is expected to be graded at least about 1.5 points less than a student
with similar characteristics who took the exam in the same session the year
before. Differently from the first session data, not only Female, but also Age and
(GPA)? are omitted because their inclusion does not alter significantly the
estimates of the other coefficients, especially of Covid but worsens the fit. In all
models displayed, the variable Session is a time variable, ranging from 1 to 6.
Using section dummies in models that include Iratio decreases the estimated
effect of Covid but increases the variance inflation factor.

Although the estimates of the Covid coefficient in the mixed effects models
are larger (in absolute terms) than their OLS counterpart, they suffer a higher
variance that induces higher p-value. However, an Anovalike test for random
effects is conducted on both time (session) and students’ effect and individual
random effect is not excluded with p— value= 0.011 (see Figure 2).

Differently from Table 4, GPA remains strongly significant also when the
interactionwith Italianisadded, whiletheinteractiontermitisonly 10% significant
inthe mixe deffects models. The variables Iratio and PrevGrade are significant in
al modelsand, unsurprisingly, haveapositive effect onthe expected performance.

Although non significant, the variables Stats and FirstY rTakers, if omitted,
cause asignificant change of the estimates of Covid, and for thisreason the models
in columns(2) and (4) should be preferred. In general, whilst somedifferences are
observable, these two model s give similar estimatesfor all the coefficients. Thisis
a sohighlighted by comparing theaverageeffectsplots, fromthe OL Sand thelinear
mixed effects model (LMEM), in Figure 3.
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Tab. 5: Results from OL S and mixed models, all sessions

Dependent variable: Grade

Models
linearmixed-efects

1) 2 ©) 4
Covid —1.458 —1.743" —1.663 —2.043"
(0.845) (0.710) (1.122) (1.210)
Session 0.321 0.361" 0.567" 0.621™
(0.218) (0.213) (0.274) (0.278)
PrevGrade 0.075" 0.064"" 0.119"" 0.112"*
(0.032) (0.027) (0.044) (0.045)
Italian 4.092"" 3.829"" 3.919"" 3.598™"
(0.745) (0.905) (0.936) (0.997)
GPA 2.261"" 2412 2.194™ 2.358""
(0.469) (0.492) (0.605) (0.643)
Iratio 0.941™ 0.948™ 0.841" 0.842"
(0.367) (0.371) (0.472) (0.471)
FirstYrTakers —-1.476 -1.641
(1.058) (1.792)
Stats 0.893 0.851
(0.956) (1.279)
Italian:GPA 1.427 1.562 1.496" 1.650"
(1.386) (1.422) (0.874) (0.895)
Constant 16.374"" 17.221"™" 16.574"" 17.691°
(1.311) (1572) (1.835) (2.761)
Observations 282 282 282 282
R2 0.377 0.380
Adjusted R? 0.361 0.359
Log Likelihood —888.250 —885.137
Akaike Inf. Crit. 1,796.499 1,794.274
Bayesian Inf. Crit. 1,832.918 1,837.977
Note: "p<0.1; "p<0.05; ""p<0.01
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OLS Effect plot, all sessions
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Fig. 3: Estimated marginal means of Grade computed from linear and linear mixed effects
model, over GPA, Covid and nationality from models (2) and (4) of Table5

3.2 MEASURING THE EFFECT ON THE CONDITIONAL DISTRIBUTION

The second question addressed in this work is measuring the effect Covid had on
achieving different grade levels. In particular, the interest in this case is in
determining whether students in 2020 were more likely to fail the exam or to perform
below average, or to gain high scores, relative to 2019 students.

The focus is, therefore, on the estimation of the conditional cumulative
distribution function (cdf) at different points of the support. The approach usedin
thisworkistodefineH thresholdsy,,h=1,...,Hand, for each one of them, estimate
aprobit mode! for the binary dependent variable Grade< 'y, :

P(Grade< y| X)=&( XB), hel,..., H

where® isthestandard Gaussian cdf. Theregressionvectors 3, arefreetovary with
the thresholds, and this entails aversatile approach, that could be used to estimate
semiparametrically the whole conditional distribution of the dependent variable
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(see Foresi and Peracchi (1995) or Chernozhukov et a. (2013)).

Thisflexible specification permitsto account for non-constant effects of one
or more covariateson Grade: for example, low-GPA studentsmight suffer ahigher
effect on the probability of failing the exam, while high-GPA students are more
likely to observe a stronger negative effect (if any is observed at al) on the
probability to have higher grades.

Asmentioned intheIntroduction, the chosen thresholdsarefour (H =4): the
first oneisthe passlevel Grade= 18, the other three are 25, 27 and 29. These three
valuescorrespondtothesmallestintegersabovethefirst, second and third empirical
quartiles of the variable GPA (not standardized), equal to 24.67, 26.9 and 28.6
respectively. Except for thethird quartile, for whichitismoreinterestingto estimate
the probability 1—P(Grade= 29| X), the probabilities considered are all |eft tail
probahilities. Therefore, the expected sign for the coefficient of Covid is positive
for the first three thresholds, and negative for the last one.

Table 6 reports the results of the four models, obtained using the whole
sample.Asinthelinear regressionanalysis, zerogradesaretreated likewithdrawal s
and the session variable ranges between 1 and 6. The results based on the first
session only are available on request. They are coherent with the onesin Table 6,
except for the inclusion of the interaction term of Italian with GPA, that isinstead
omitted in all models of Table 6 becauseit isirrelevant.

In this case, due to students re-takes, the independence assumption of
classical probit regressionisimplausible, thereforetheestimatesareobtained using
the generalized estimating equation approach, that allows for dependence across
units (see Halekoh et al. (2006), Yan and Fine (2004), Yan (2002)).

According to the estimates, the probability of failing the exam did not raise
in 2020, once controlling for all other factors, on the contrary the coefficient of
Covidisnegative, albeit non significant, while there was asignificant increasein
the probability of gradesbel ow the median and bel ow thefirst quartile (of thegrade
point average). Being an Italian student overcompensates the year effect, but this
effect is smaller and only 10% significant on the probability of attaining an
excellent grade. GPA is, unsurprisingly, always significant and has the expected
sign, positiveinthelast columnand negativeinall other cases, although higher GPA
has a smaller and only 10% significant effect on the probability of passing the
exam. PrevGrade, on the other hand, has a positive and strong effect only on the
probability to pass, clearly because the event of having failed before, that is the
reason of amost all retakes, is strongly associated with lower grades. The time
variable (Session) always tends to decrease the probability of a lower grade,
although its effect is significant only for the Fail event.
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Tab. 6: Resultsfrom probit models, all sessions

Dependent variable:

Fail (Grade<25) (Grade<27) (Grade= 29)
(1) v 3 (@)
Covid -0.118 0.638" 0.543" —0.368
(0.321) (0.278) (0.269) (0.324)
Session —-0.169" —0.049 —-0.016 0.019
(0.089) (0.078) (0.079) (0.080)
Italian —-1.010"" —0.591""" -0.575"" 0.428"
(0.276) (0.216) (0.199) (0.236)
GPA —0.094" —-0.301"" -0.286""" 0.256""
(0.054) (0.051) (0.049) (0.066)
Iratio -0.190 -0.166 -0.170 0.089
(0.184) (0.111) (0.126) (0.137)
PrevGrade -0.057"" —0.008 —0.002 0.003
(0.021) (0.010) (0.010) (0.012)
Stats -0.215 0.155 0.418 -0.335
(0.322) (0.333) (0.298) (0.346)
FirstYrTakers -0.618 0.426 0.358 -0.315
(0.489) (0.410) (0.411) (0.477)
Constant 4,010 8.280""" 7.970"" - 7.610""
(1.360) (1.310) (1.240) (1.740)
Observations 282 282 282 282
Note: "p<0.1; "p< 0.05; "p<0.01

Inorder to haveaclearer pictureof theactual effectsof thevariableof interest
on the four probabilities, Figure 4 plots the estimated marginal means, computed
over the variable Covid (called Year in thefigure, dashed lineis 2020, solid lineis
2019) and also over GPA and nationality (Ieft panels correspond to non Italians,
right panelstoItalian students). PictureA showsthat, irrespectiveof theyear, Italian
students Fail the exam with a probability roughly from 25% (high GPA) to 35%
(low GPA) lower than non Italian students.

Nationality does not play such a strong role in the other three cases. In
general, Italian studentswith higher GPA havelower probabilitiesthat their grades
fall below the threshold relative to their non Italian counterparts. However, for the
twointermediatethresholds(Gradebel ow 25 or 27), low GPA Italian studentsseem
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tohavesuffered astronger Year effect thantheir nonItalian peers. TheaverageYear
effect, that is, thedistancebetween the solid and dashed lines, tendstoincreasewith
GPA, except in the probability of Fail (panel A). In the case of Italian students,
however, the average Year effect seemsto peak when the GPA is approximately 2
pointslarger than thethresholdy, and after that level the distance between the solid
and dashed curvesis slowly reduced (see graphs B and C). A similar effect is not
visible for non Italian students.

4. CONCLUSIONS

The aim of this paper is to measure the effect of the lockdown imposed by the
pandemic and the consequent transition of the universities to teaching in distance
and online exams. The variable of interest refersto the year when al this changes
occurred and it therefore incorporates all factors falling under the same umbrella
of asomewhat general Covid effectsuch aspsychological distressor technol ogical
and | ogisticdifficulties(slow or unstablewifi connection, lack of comfortablespace
for studying or taking tests). The results show in particular a mildly significant
negative effect of giving the exam in the year of the pandemic.

From the linear models for the conditional mean, coefficients associated to
Covidaresignificant and suggest that taking theexam after the Covid’sbreakdown
had a negative effect on the performance, especially in the first exam session.
According to the specifications (2) and (3) of Table 4, the measured effect
corresponds to a reduction of the final grade by 29-32% of standard deviation,
whilethecoefficientsin Table5 rangebetween 0.20 (column (1) OL Sspecification)
and 0.28 (column (4) Mixed-effects model) timesthe standard deviation (equal to
7.23 throughout the 12 sessions).

Although smaller, theseeffectsareessentially inlinewiththeeffect of online
coursesin Bettinger et al. (2017), who found an expected reduction of onethird of
the standard deviation.

Theinclusion of thevariablelratio, when datafrom all sessionsare available,
permitsto account for class composition and thusto eliminate part of the effect of
the variable Covid that is due to cohort differences. For this reason, the OLS
coefficientsin Table 5 are significantly smaller, in absolute value, than thosefrom
Table 4.

Mixed-effects models are able to account for potential students random
effects that are not captured by the other regressors; this affects the estimates of
Covid effect, subject to anincreasein absoluteterms and in the standard deviation.

It must be pointed out that time is afactor that could possibly mitigate the
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Covid effect: students got used with the new online examination procedure and, at
the same time, the health situation improved and the quarantine measures were
gradualy relieved. Thisisalso suggested by the time variable Session, that has a
positive and 5% significant effect in the mixed-effects models.

Theeffect that Covid year had onthe conditional distribution of thefinal grade
isalso estimated. Four binary variablesD, = {Grade<y,} aredefined at different
threshold levelsy, and independent probit models are estimated corresponding to
eachthreshold (D,, forh=1,2,3and 1- D, thusallowing for the effects of Covid
and of theother covariateson theconditional distribution tovary acrossthesupport.
Theheterogeneity of Covidyear effectishighlightedin Figure4, wheretheaverage
marginal effectson the cumulative conditional distribution function of Grade, over
Covid, nationality and GPA are computed, for the four levels.

Theresults show no evidence of an effect of the probability to fail the exam,
while it seems that the pandemic increased the probability to underperform: for
example, studentswith high GPA (29 or above) experienced ahigher probability to
get agrade below 27 (panel C), with an increase by about 20 percentage points
relative to 2019. This difference is particularly relevant for Italian students, for
which the probability P(Grade < 27 | X') ailmost doubled going from 0.25 to 0.45
(for students with GPA = 29).

The main limit of this paper is the sample size used for the analysis, which
does not alow to obtain decisive results, especialy once the class composition
effect is taken into account by the inclusion of the variable Iratio.

It would be of interest to identify the contributions of the different factors
entering thebroad definition of Covideffect usedinthispaper, suchaspsychol ogical
or practical issues, but this is unfortunately impossible with the available data.
Further investigation on a larger sample of students, from several courses from
different faculties would allow a deeper insight of the effects of the disruption
caused by the pandemics, on aternative measures of student’s achievements (not
only grades, but also the number of examsin a semester, delayed graduation time,
etc...) and its persistence through time.
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