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Abstract

Universities are the only institutions that have conducted most lectures online dur-
ing the prolonged COVID-19 pandemic, but no researcher has analyzed the e¤ects of
nonface-to-face lectures on containing the spread of the novel coronavirus. This study
is the �rst attempt to estimate these e¤ects. Applying a multiple-event study negative
binomial regression model, we �nd that changing the ratio of online lectures had only
slight e¤ects on the numbers of COVID-19 infections among university students. For
example, if universities regulate almost all lectures in-person from lectures consisting
of more than a half of in-person style, the number of student infections declined by
5.5 per 10,000 students between seven weeks prior and posterior to the change. Other
lecture style changes show milder di¤erences than this. Considering these results, min-
imizing or restricting face-to-face lectures does not appear to be particularly e¤ective
for preventing the spread of the coronavirus.
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1 Introduction

Since the outbreak of the COVID-19 pandemic in Wuhan China in 2019, people around the

world have been a¤ected by this serious crisis. Prior to the development of the vaccines, we

had few measures to prevent the spread of this novel coronavirus (SARS-CoV-2). Individu-

ally, people wore masks and practiced physical distancing, and many governments declared

states of emergency and regulated �ows of people at a societal level. The Japanese gov-

ernment had been also announcing state-of-emergency and pre-emergency measures several

times in epicenters such as Tokyo and Osaka by February 2022.1 Figure 1 depicts the changes

in the numbers of weekly infections in Japan within and outside of the declared states of

emergency and pre-emergency measures in Tokyo.

Under the new COVID conditions, schools from kindergartens to universities have also

needed to take measures not to spread the coronavirus. For example, all public schools under

the �rst state of emergency decided to delay the commencement of the new school term in

April 2020. After the end of this state of emergency, schools from kindergartens to high

schools (i.e., K�12) started face-to-face lectures with adequate measures such as wearing

masks and staggered attendance. Subsequently, the Japanese government did not request

that public K�12 schools take strong measures such as closing schools or holding classes only

online even during the second through the fourth states of emergency. However, almost all

universities in Japan have been restricting face-to-face lectures to a certain degree since the

outbreak of the pandemic in Japan.2 University students have shown frustration with not

having had su¢ cient conventional face-to-face lectures for about two years.3 We believe it

will be bene�cial to investigate whether testing students�patience with restrictive measures

in fact helps contain the spread of coronavirus.

In this paper, we studied the e¤ects of three di¤erent university lecture styles on the

number of infections among university students: face-to-face and online lectures with less

than half online; face-to-face and online with more than half online; and nearly all or all

lectures online. The empirical strategy of our analysis is the event study model, often called

1There are several di¤erences between the state of emergency and pre-emergency measures. For example,
under the former, a governor of each prefecture has a right to close restaurants, but under the latter, can
only order restaurants to shorten their hours of operation.

2According to a survey conducted by the Ministry of Education, Culture, Sports, Science and Technology
(MEXT) in October 2020, about a half of surveyed universities were conducting less than 50% of their lectures
face-to-face even not under the state of emergency.

3For instance, a student at Meisei University sued the university in June 2021 for a refund of half of their
tuition as well as compensation for mental distress.
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a di¤erence-in-di¤erence (DID) event study model or dynamic DID model. These models

can estimate the dynamic e¤ects of events prior and posterior to occurrences of events of

interest. A growing number of researchers are adopting the event study model with respect to

economics.[1] Researchers used the term �event study�in fewer than 1% of papers published

by the top �ve economics journals4 in the 1990s, but the rate increased steadily and reached

about 4% in 2017.

However, whereas most prior studies suppose a single event, we need to assume multiple

events for this study because universities frequently change their lecture styles. According

to researchers on one study, the �multiple-event study model is more challenging than in the

single-event case,�[2] and only a limited number of researchers have studied multiple-event

panel analysis.[1];[3] Later in this paper, we carefully explain the treatment of multiple events.

In addition, many prior event study models assume Gaussian distribution on the error term,

but the numbers of infections at each university are count data that are distributed close to

zero. Thus, instead of Gaussian distribution, we assume negative binomial distribution for

the number of student infections, which is a dependent variable in our model.

The results of our analysis are as follows. For most university lecture style changes (four

of six combinations), we identi�ed subtle di¤erences in the numbers of student infections,

fewer than 5 per 10,000 students between 7 weeks prior and posterior to these changes.

The largest infection di¤erence came with the change from less than half of lectures online

to almost all or all lectures online, but that di¤erence was only -5.5 per 10,000 students

between the same durations. The judgment of whether this value is high or low is quite

subjective, but it is safe to say that less than 0.1% of students a¤ected by the change in

lecture style is not a large number.

Next, we also analyzed the infection changes between semesters and breaks. The results

report that the start of long breaks from any three kinds of lecture styles induces a higher

level of infections. Thus, on the contrary to the start of long breaks, we expected fewer new

infections at the start of a new semester. However, this case also brought more infections

unless universities conducted lectures almost always or entirely online. This asymmetricity is

consistent with a prior conclusion that the increase in the number of infections by moderation

is larger than its decline by regulation.[4] We con�rmed the validity of these baseline results

with two robustness analyses of di¤erent controls omitting outliers.

4Econometrica, Journal of Political Economy, Quarterly Journal of Economics, American Economic
Review, and Review of Economic Studies
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The contributions of this paper can be summarized as follows. First, to the best of our

knowledge, this is the �rst examination of a causal relationship between university lecture

styles and university student infections. University education styles under the COVID-19

pandemic have been quite controversial especially in Japan because despite the fact that

universities have been taking the strictest measures among all educational institutions, we

do not know if what university students have endured was worth the e¤orts to contain the

spread of coronavirus. This paper can provide the information to judge whether universities

should limit or moderate their lecture styles. Second, instead of a conventional single-

event study model, we successfully applied a more complex multiple-event study model, a

methodology that is available for other analyses because many events occur multiple times

such as natural disasters or �scal policy changes. We expect that researchers will be able to

apply this method to wider areas of studies.

This paper is organized as follows. In Section 2, we brie�y review the literature on

COVID-19, which addresses behavioral restriction e¤ects and the event study model, and

then present the signi�cance of our study with respect to previous studies. In Section 3, we

provide our estimation model. In Section 4, we explain the data for our analysis. Section 5

shows our baseline results, and Section 6 provides additional results of robustness analyses.

Finally, Section 7 presents concluding remarks and discusses limits of our analyses.

2 Literature review

Our paper is related to two major research strands, COVID-19 and the event study model.[5]

First, there is a growing body of literature on the relationships between COVID-19 infec-

tions and measures to contain the spread of coronavirus such as the varying e¤ectiveness

of lockdown measures internationally.[6] For instance, some Asian countries such as China,

Taiwan, and South Korea had over 90% reduction in new cases by adopting lockdown mea-

sures at the beginning of this pandemic, but new cases in Italy, Spain, and the United States

remained persistently high.[6] Some researchers identi�ed limited impacts of local mobility

restriction on the spread of the coronavirus,[7];[8] but others determined that relaxing reg-

ulations can send a signal that moving around is no longer dangerous, which can increase

infections again.[4]

Today, a growing number of researchers are studying the e¤ectiveness of nonpharmaceu-
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tical measures to cope with COVID-19 because of its signi�cant and ongoing impacts on

societies, education, economies, etc., and some literature sheds light on the e¤ectiveness of

school closures as one such measure. Some found that COVID-19 infections increased when

students attended in-person school, but the magnitude of infections was small[9]; others,

however, identi�ed a gradual but substantial increase in spread with the return of in-person

school.[10] Our paper di¤ers from these, especially from earlier studies of educational insti-

tutions, in that we focus on lectures at universities, probably the most controversial of all

educational institutions, and we attempt to measure impacts of lecture style as a measure of

ratios of face-to-face lectures rather than measuring the simple closed versus open dichotomy

that many prior researchers have chosen to focus on.

In terms of literature related to the methodology of the event study model, researchers

in many socioeconomic areas have applied the model because of the straightforwardness of

its underlying econometrics and intuitive graphs.[1] Recent research examples of using event

study models have included studying the relationships between parents�family planning and

childhood economic resources and analyzing the e¤ects of primary care reform on ambulatory

care conditions.[11];[12] In one event study model investigation, closures of assembly plants

led to high opioid overdose mortality,[13] and investigators on another study reported a

spillover e¤ect of parents�high access to university on their children�s years of education

attainment.[14]

However, even though a growing number of researchers are adopting event study models,

most have focused on a single-event study. Single-event study models are more convenient

to use than multiple-event study models, but they cannot handle social phenomena in which

events occur more than one time. We hope that our model speci�cation with the multiple-

event study will contribute to analyses of not only COVID-19 but other social phenomena

that also occur as multiple events.

3 Model

In the �eld of epidemiology, infection cases are usually regarded as count data, and the data

related to epidemiology often display highly skewed distributions.[5];[15] In these cases, con-

ventional linear regression models with Gaussian-distributed error terms are inappropriate

for empirical estimations of epidemiological studies; thus, researchers usually adopt count
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regression models for these studies. Additionally, the data for this study are multidimen-

sional: cross-sectional data on the universities and time-series data for estimated COVID-19

infections at each university. Thus, we adopt a panel count regression model for this esti-

mation.

Let yu;t be a panel count variable of each university�s student COVID-19 infections, where

u and t are each university and time, respectively. Then, the estimation model can be written

as

E(yu;tjxu;t) = exp(�0xu;t) (1)

where xu;t is a vector of independent variables and � is a vector of corresponding coe¢ cients.

We suppose an exponential regression given that count data usually change exponentially.

The canonical regression models for count data analyses often specify a Poisson regression

model as

P [Y = yu;tjxu;t] =
exp(��u;t)�yu;tu;t

�(1 + yu;t)
(2)

with �u;t = E(yu;tjxu;t). This speci�cation of Poisson distribution derives identical condi-
tional mean and variance. However, the distribution of COVID-19 cases at each university

(count data) is highly skewed from the assumption of Poisson distribution because these two

values are greatly di¤erent.5 ;6 Instead of Poisson regressions, the negative binomial distrib-

ution is also widely adopted for count regression models, derived by adding the error term

into equation (1) as

E(yu;tjxu;t; "u;t) = exp(�0xu;t + "u;t) = �u;tgu;t (3)

where gu;t is one parameter gamma distribution as gu;t � Gamma(�; �). This distribution

takes 1 and 1=� for the values of average and variance, respectively. After integrating out this

distribution from the joint distribution, we obtain the probability mass function of negative

binomial distribution as

P [Y = yu;tjxu;t] =
�(� + yu;t)

�(1 + yu;t)�(�)

�
�u;t

� + �u;t

�yu;t � �

� + �u;t

��
(4)

Unlike in the Poisson distribution, here, the mean and variance are derived as �u;t and

5The average and variance of COVID-19 cases in our analysis are 3.0 and 94.4 respectively.
6The Poisson distribution is appropriate if each event occurs independently. However, the occurrence of

COVID-19 cases is sticky, depending on past cases.
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�u;t[1+�u;t=�], respectively; thus, the negative binomial distribution can treat high-dispersion

cases. We compare these two distributions with both the Akaike information criterion and the

Bayesian information criterion7 and con�rm the validity of assuming the negative binomial

distribution over the Poisson distribution.

We estimate the model with maximum log-likelihood and estimate the maximum log-

likelihood parameters by taking the derivatives of the log-likelihood function with respect to

the parameter � and coe¢ cients �.

Next, we explain the concrete speci�cation in equation (3). We adopt an event study

model to analyze the e¤ects of university lecture style changes on COVID-19 cases among

university students. Although most event study models assume a one-time event,[16];[17]

we assume multiple events because universities change their lecture styles multiple times,

including around long breaks. Thus, following prior research,[3] we formulate a multiple-

event study model as

yu;t=exp

0@X
�

jX
j�j
��;jb�;ju;t +X

0
u;t� + �u + �t + logU + "u;t

1A (5)

The �rst term in the parenthesis of exponential indicates the dynamic treatment e¤ect of

changing university lecture styles, ��;j is its parameter, and b�;ju;t represents binned event

indicator8 expressed as

b�;ju;t =

8>>>>>>>>><>>>>>>>>>:

jX
s=�1

d�u;t�s if j = j .

d�u;t�j if j + 1 � j � j � 1
1X
s=j

d�u;t�s if j = j .

(6)

The subscript � shows lecture style changes. We categorize lecture styles including long

breaks into one of four types: (1) hybrid of face-to-face and online, less than half of lectures

7We estimate parameters using the maximum likelihood (ML) method. However, the ML method can
often cause the problem of multicollinearity under the assumption of Poisson distribution. Thus, instead
of ML method, we estimate the model of Poisson distribution with Poisson pseudo-maximum likelihood
estimation.

8Online Appendix A explains the details of this binned event indicator b�;ju;t with concrete examples.
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online; (2) hybrid of face-to-face and online, more than half of lectures online; (3) almost

online or online only; and (4) long breaks.9 We explain the detailed classi�cation of each

lecture style in the next section. Following our categorization, there are 12 (= 4P2) potential

lecture style changes. The subscript j represents time periods prior to (j < 0), at the

week of (j = 0), and posterior to (j > 0) the time of lecture style changes. A negative

(positive) value of j indicates a lag (lead) of event occurrence. This subscript is regarded as

a time integer variable, taking j � j � j where j and j are endpoints of the event window,
de�ned as the duration of the e¤ects of a particular event. Endpoints of event window j

and j accumulate prior and posterior e¤ects beyond period j and j, respectively. These two

indicators represent long-lasting e¤ects prior and posterior to the events. The indicator d�u;t
is expressed as

d�u;t =

8>><>>:
1 if e�u = t

0 otherwise .
(7)

where a variable e�u is the week of university u�s lecture style changes as �. That is, if u

changes its lecture style as � at time t, d�u;t takes unity, and it takes zero otherwise. Thus,

following equation (6), if an identical lecture style changes more than one time, the event

window endpoints are more than one. For example, if a university changes its lecture style

two times from less than half to more than half of lectures online, the indicator b�;ju;t takes the

value of two j weeks after the second lecture style change. With respect to the length of the

event time window, these are usually assumed to be very long.[3] However, universities change

their lecture styles frequently as is shown in Figure 2, so coe¢ cients of the indicator that

occur far away from a lecture style change might correspond to di¤erent lecture styles. Thus,

it would be appropriate to consider shorter event windows than those in other conventional

event study models.

Meanwhile, of course, if we take a too-short event time window, we cannot estimate long

time e¤ects of lecture style changes. Thus, we assume the event time window as eight weeks,

setting j � j � j to �8 and 8, respectively.10 We exclude the coe¢ cient of the indicator
at the time of lecture style change (i.e., j = 0) from both lag and lead indicators because

9We excluded the conventional face-to-face lecture style from � because none of the universities we
investigated had held only conventional face-to-face lectures since the outbreak of COVID-19 in Japan.

10Ziedan et al. (2020) set the same event window, assuming lag indicators from -8 to -1 weeks and lead
indicators from 0 to 6 weeks. They include the timing of the event occurrence week as one of the lead
indicators.
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there exist some time lags between lecture style change and onset of coronavirus infection.

According to the US Centers for Disease Control and Prevention (CDC), the incubation

period of COVID-19 between exposure and onset is estimated to be four or �ve days in the

medium term; therefore, the e¤ects of lecture style change would not be apparent at the

week of the change. Given this, we set the event time window as 17 weeks, excluding the

week of lecture style change from lag and posterior indicators.

The second term is a vector of university-speci�c and time-varying controls: infection

rate, vaccination rate, and three dummies: state of emergency, travel subsidies, and the

omicron variant in each prefecture where a university was located.11 Because some variables

could cause the problem of multicollinearity, we calculate the variance in�ation factor, and

all variables show factors less than 2. Therefore, we conclude that multicollinearity is absent

from the model. The third term �u and fourth term �t are �xed e¤ects of university and time,

respectively. The �fth term logU represents the number of students exposed; we normalize

the number of university cases per number of students at each university because of the

proportional relationship between these two terms. The last term "u;t is the error term,

corresponding to one parameter gamma distribution in equation (3).

4 Data

First, we explain general characteristics of all the data, including our method of selecting

universities for this study; then, we provide the detailed explanation of each variable. We

utilized the following data for our analysis: both COVID-19 cases and lecture style changes

at each university, total infection rate, vaccination rate, and the dummy variables of state

of emergency, travel subsidies, and the omicron variant. The frequency of data collection

was weekly, and the range was from the third week of February 2020 (2/17�2/23), when all

the universities we investigated were on spring vacation, to the fourth week of January 2022

(1/24�1/30). As Table 1 shows, we selected 38 Japanese universities; the table shows the

numbers of students at each university as of 2016.

We collected the university data by accessing two years of school announcements at each

11Instead of assumptions of dummy variables, we consider that these variables are controlled into the
�rst term of the event indicator as cross terms. If it had been possible, we could have extracted pure
e¤ects of these variables around the timing of lecture style change with this model. However, the number
of coe¢ cients that we need to estimate would have increased dramatically, which would have reduced the
statistical signi�cance. Therefore, we avoided assuming cross terms.
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university�s website. However, it is of course almost impossible to investigate all universities

in Japan, and therefore, we restricted our investigation to universities that had more than

8,000 students because a university�s infection rate per student would look greater if an

infection cluster broke out at a smaller university. Meanwhile, since most of larger universities

are located in large cities, such as Tokyo and Osaka, individual school student infection

rates would re�ect not Japan as a whole. Thus, to ensure diversity within this focus on

larger universities, we relaxed the threshold for the number of students to include national

and public universities located near their prefectural government o¢ ces. Next, we selected

universities that disclosed weekly or daily cases because we intended to standardize our data

on a weekly basis. With these considerations in mind, we selected 38 universities in total.12

Next, we explain the details of each variable.

Number of infections of each university

Universities across Japan took many di¤erent approaches to disclosing their COVID-19

infection case numbers. Thus, we standardized the infection numbers as follows. First,

we included not only student infections but also cases among academic faculty and sta¤

members because most universities do not disclose infection cases by individual in order to

protect privacy. Lecture styles, however, also a¤ect faculty and other sta¤ members as well

as students, so it would be more comprehensive measurements to include their infections.13

Second, we did not distinguish where students were infected. Although it seems likely

that many students would have been infected outside of their campuses, most universities

did not disclose detailed information about where infections were acquired in part because

of the di¢ culty in identifying where and how people were infected but also, again, because

of privacy concerns. However, we anticipated that there would be a correlation between

university lecture style and o¤-campus infections because students likely go out with their

friends after lectures in-person. Thus, we concluded it was not necessary to try to distinguish

places of students�infections further.

Third, although we would like to select only the timing of students� con�rmation of

infections, we include the timing that universities recognize their students�infections because

some universities do not disclose the former timing. We considered it likely that there were

12We excluded a few universities because their campuses were scattered across several prefectures.
13Meanwhile, we excluded the numbers of infected faculty and sta¤ members who worked at their uni-

versity hospitals if universities speci�ed them because these infections were not related to lecture styles.
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lags of several days between these two timings but that we would still capture them accurately

because we were only collecting weekly data sets and in many cases, the two would have

occurred within the same week.

Fourth, some universities disclosed infection numbers over a duration of several days

rather than daily or on speci�c days; in those cases, we calculated average infections per day

and added these to the weekly infections. For example, if a university disclosed 12 student

infections in 3 days and the �rst two days were in a di¤erent week from the last day, then

we counted 8 student infections in the former week and 4 in the latter week. Figure 3 shows

the weekly numbers of infections. More than half of the total sample reported no infection,

although this number declined as the number of infections increased.

Lecture style

As we explained in the previous section, we categorized four types of lecture styles in-

cluding long breaks; however, there is no uniform categorization of lecture styles among

universities, and thus, we set our own categories. The �rst style we identi�ed was face-to-

face and online lectures where fewer than half of lectures were online; a typical example of

this case was that universities were providing face-to-face lectures for most classes but allow-

ing for online lectures if administrative sta¤ or faculty members did not want to participate

in-person. The second style mixed face-to-face and online but with more than half of the

lectures conducted online; in most cases in this category, the universities used face-to-face

lectures primarily for their smaller classes.

The third category of lecture style we investigated was almost or entirely online, where

lectures were face-to-face only for exercises and/or experiments or were not in-person at all;

we combined these two because there were few di¤erences in their �ndings. The �nal category

of lecture type we studied was long breaks. The prime reason for setting this category was,

of course, to examine the changes in infection case numbers between semesters and breaks.14

However, another reason was that setting this category explicitly allowed us to separate the

impacts of breaks from the impacts of changes in lecture style during the semester.15

Figure 2 shows the lecture style changes that took place at the 38 universities we selected.

At the beginning of the new Japanese school year in April 2020, the majority of universities
14The duration of winter break, from the end of December to the beginning of January, is about one week.

Thus, we excluded this break from the category of long breaks. We considered that the changes in infection
numbers during this period would be captured by the time �xed e¤ect.

15Note that we excluded the style of conventional face-to-face lectures because no university held only
in-person lectures during our study period between February 2020 and January 2022.
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postponed starting the new semester or began with lectures either mostly or entirely online.

Even though the infection situation had improved from June, most of universities had been

taking almost online lectures. However, after the summer break, more than half of the

universities took the hybrid of face-to-face and online because scientists began to understand

the virus�s low infectivity to younger people at that time. Since then, Japan experienced

several waves of high and low infection periods, and corresponding to them, universities

relaxed or regulated the degree of in-person lectures. At the beginning of January 2022, the

omicron variant caused infection numbers to rise again, and universities began restricting

their face-to-face lectures before the start of the long breaks that begin in February. As the

�gure shows, the degree of restrictions on face-to-face lectures is varied among universities.

This high variation of lecture style among Japanese universities allows us to examine the

natural experiment, distinguishing the treatment and control groups.

Control Variables

As control variables, we adopt the following �ve: infection rate, vaccination rate, and

three dummies: state of emergency, travel subsidies, and omicron variant. First, we extract

the daily number of COVID-19 infections by prefecture from the Japan Broadcasting Cor-

poration. Then, we convert this number to weekly data and divide it by the population of

each prefecture; we took the population data from the statistics bureau of Japan. Next, we

obtain the number of individuals who received two vaccine doses; although special workers

such as health care workers received the vaccine earlier than others, vaccines for the gen-

eral population began in the �rst week of May 2021, and we obtained these data from the

government chief information o¢ cers�portal. We also divide the number of dual-vaccinated

people by the population of each prefecture to derive the vaccination rate.

Third, we apply a dummy variable that takes unity when the government declares a state

of emergency, including pre-emergency measures.16 Fourth, we also include a travel subsidy

dummy variable because this policy had the e¤ect of driving up infection numbers including

among university students. Under this policy, the government provided travel subsidies

from July 22 to December 28, 2020, for all residents in Japan except residents of Tokyo and

travelers whose destination was Tokyo. The aim of this subsidy was to boost the demand

for tourism, and beginning on October 1, 2020, the subsidy was applied to all residents in

16We also estimate the model that excludes pre-emergency measurements from the state of emergency
dummy. However, this result di¤ers little from the baseline result.
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Japan.

Finally, many novel coronavirus variants have emerged worldwide since SARS-CoV-2 was

discovered in Wuhan China. The early variants showed weaker infectivity in younger people

than in the elderly or others, which resulted in lower infection rates among young people.

However, newer variants are showing higher infectivity even among younger people; indeed,

the omicron variant, the dominant variant at the beginning of 2022, showed a dramatically

high infection rate among younger people. Thus, we include the omicron variant as a dummy

control variable. This variable takes unity after the �rst case of omicron variant infection

was detected in a prefecture where one of the study universities is located. We took these

data from the Ministry of Health, Labour and Welfare.

5 Result

Figure 4 shows the dynamic graphical results of the e¤ects of lecture style changes on the

numbers of university student infections during semesters (Less: hybrid, fewer than half of

lectures online, More: hybrid, at least half of lectures online but not most lectures, Almost:

all or nearly all lectures online). The graphs in the six panels in Figure 4 correspond to

combinations of changes in these three lecture style. For example, Figure 4(a) �Less to

More�presents the changes in student infection numbers as the universities changed from

less than half to more than half of lectures online; the horizontal axis shows weeks since the

lecture style change. The zero week represents the time of a lecture style change, and Pri and

Pos indicate the average of long-lasting infection di¤erences of more than 7 weeks prior and

posterior to a single lecture style change. The dependent variable of the estimated equation

(5) is an exponential regression, so we take the natural logarithm for the coe¢ cients to

derive the proportions of the variables�e¤ects. Then, we standardize these coe¢ cients as the

deviations from the average weekly infections per 10,000 students at all sampled universities.

Red dots represent estimated means, and bars indicate 95% con�dence intervals.

To graphically understand the posterior e¤ects of lecture style changes, we set the average

value from seven weeks to one week prior to the style change to zero. We mainly compare

seven weeks of cumulative infection numbers prior and posterior to the lecture style change,

but we also provide three weeks of cases for short-term comparison. We select three weeks

because the immediate impact of lecture style change would be re�ected within three weeks;
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according to the CDC, symptoms appear within 14 days of exposure to the virus.

As we have explained, Figure 4(a) represents the e¤ect of lecture style change from less

than half to more than half of lectures online. The number of infections increased three

weeks before the lecture style change, and universities would have made any decisions to

regulate the degree of face-to-face lectures at that time. Some universities noti�ed students

of their intended changes to face-to-face lectures before classes resumed and the changes took

e¤ect to warn students to refrain from their riskier behaviors. Such announcements would

have halted the increase in infections before the lecture style change, and indeed, the �gure

shows that the number of infections declined until two weeks after that change with some

�uctuations.

However, this warning and lecture style change were not su¢ cient to contain the spread

of the virus, and the number of infections increased three weeks after the change. It is

possible that the mild regulatory reinforcement had a temporary e¤ect but that the sense of

caution eased with the passage of time. Although the cumulative infection di¤erences from

three weeks prior to the lecture style change to three weeks posterior to that change are

about -4.2 per 10,000 students, this cumulative di¤erence between seven weeks is positive,

2.2 per 10,000 students.17

Figure 4(b) reports the lecture style change from �Less to Almost.�Similar to the �nd-

ings in Figure 4(a), the numbers of infections declined before this change. However, unlike

in the previous �gure, the numbers of infections remained low even three weeks after the

change; this �nding implies that the spread of the virus can be contained longer if universities

substantially limit face-to-face lectures. The cumulative di¤erences between three weeks and

seven weeks prior and posterior to lecture style changes are about -4.5 and -5.5 per 10,000

students, respectively.

Figure 4(c) provides the results for moving from more to fewer online lectures. This policy

relaxed the limits on face-to-face lectures, so as expected, the numbers of infections show an

increasing trend following this change with some �uctuations. The cumulative di¤erences

for three weeks and seven weeks are about 3.1 and 5.2 per 10,000 students, respectively.

Figure 4(d) presents the case of universities�moving from more lectures online to all or

nearly all lectures online. As Figure 4(a) and (b) show, the infection numbers increase before

17Because the total number of university students in Japan was about 2.973 million in 2019, it is roughly
estimated that the total number of university student infections will increase by 300 students if a lecture
style change increases the number of infections by one person per 10,000.
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the lecture style change, indicating that universities began limiting face-to-face lectures as

the infection situation worsened. However, the infection decline following this change is

subtle, cumulative di¤erences of about -2.1 and -0.5 per 10,000 students at three weeks and

seven weeks, respectively.

Figure 4(e) displays the change from �Almost to Less.�Before the universities relaxed

their restrictions on face-to-face lectures, infection numbers were decreasing consistently

from �ve weeks prior to the change because of the e¤ects of the strict measures. Then, the

decreasing tendency in numbers of infections stopped at the week of this lecture style change,

although this relaxing of restrictions did not greatly increase the number of infections. We

consider that this occurred because the numbers of infected students declined substantially

during the period of heavy restrictions on face-to-face lectures and it lowered the infection

risk associated with the subsequent relaxation of restrictions: The cumulative di¤erence

between three weeks prior and posterior to lecture style change is about 0.4 per 10,000

students, and seven weeks di¤erence prior and posterior to is -3.7 per 10,000 students.

Figure 4(f) shows the case of universities�moving from nearly all lectures online to most

lectures online. We observed the announcement e¤ect in this case in that the number of

infections began to increase before this lecture style change: Universities announced their

intentions to relax the restrictions on in-person lectures, and students took the announce-

ments as opportunities to engage in riskier behaviors such as going out with friends. Indeed,

after the lecture style change, the infection numbers were higher than before. The cumulative

di¤erences between three weeks and seven weeks prior and posterior to lecture style change

are both about 4.2 per 10,000 students.

We also show the numbers of long-lasting infections of more than seven weeks prior and

posterior to the lecture style change, which are expressed as Pri and Pos in the �gures, but

there are no signi�cant di¤erences between these two numbers. Although Figure 4(a) shows a

di¤erence between Pri and Pos of about 1.3 infections per 10,000 students, all other panels in

the �gure show di¤erences of less than 1. This implies that lecture style changes did not have

long-lasting e¤ects on the numbers of new coronavirus infections among Japanese university

students. Table 2(a) summarizes the results of lecture style change on numbers of infections.

We list our expected results and estimation results for the di¤erences in both three weeks and

seven weeks of cumulative infections between prior and posterior to lecture style changes. We

expected that student infections would decline the more universities restricted face-to-face
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lectures, and the empirical results for three weeks of cumulative infections supported this

proposition. However, we found cumulative results at seven weeks that were inconsistent

with our expectations in two cases, from �Less to More�and from �Almost to Less.�Even

so, however, the cumulative di¤erences were not large.

Figure 5 shows the changes in numbers of infections between semesters and long breaks.

For instance, Figure 5(a), �Less to Break,�shows the case numbers during the period from

the lecture style with fewer than 50% of lectures online to the start of a long break, a period

that encompasses two opposite e¤ects on the spread of infections. On the one hand, students

had fewer opportunities to meet their friends regularly on campus, which should have reduced

infections, but on the other, students had more opportunities to engage in extracurricular

activities, which had the e¤ect of increasing the number of infections. Judging from the

estimation results in Figure 5(a), the latter e¤ect outweighed the former: University student

infection counts increased at the start of a long breaks.

Next, Figure 5(b) shows the infection numbers from a period of more than half of lectures

online to a long break. Similar to the previous result, the start of long breaks induced the

spread of the virus among university students, although to a lesser degree than when most

lectures before the break had been in-person. Figure 5(c) presents the �ndings for the shift

from almost all lectures online to a break: Although the numbers of infections did not change

signi�cantly in the four weeks after the start of a long break, they increased �ve weeks after.

This �nding suggests that the e¤ects of the strict regulations held for some time but that

students on break ultimately could not stay at home for long periods and instead went out

to socialize.

Figure 5(d) to (f) show the changes in infection numbers from breaks to new semesters.

Figure 5(d) and (e), respectively, present the case numbers at the beginning of a semester

with under half of lectures online and at least half of lectures online; in both cases, infection

numbers were higher at the start of a new semester than a long break. Interestingly, these

results appear to con�ict with the �ndings for Figure 5(a) �Less to Break�and (b) �More to

Break.�Because these two panels show high infection numbers at the starts of long breaks,

numbers be low in Figure 5(d) and (e), but instead, they are higher when the new semesters

begin.

This disparity results from the asymmetric impacts of restrictions and moderations. As

prior researchers established, the degree of decrease in the number of infections by restriction
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is lower than the degree of their increase by moderation: Figure 5(d) and (e) indicate that

the incremental e¤ects of university students�return to school outweighed the decremental

e¤ect of their decreases in extracurricular activities during breaks.[4]

Figure 5(f) presents the infection numbers for when students returned from a break to

lectures that were almost entirely or entirely online. In these cases, students were rarely

on campus or engaging in extracurricular activities, and as we expected, infection numbers

in these cases were low. In terms of the long-lasting infection gaps, that is, the di¤erences

between Pri and Pos, all values were less than 1 in all �gures. That is, similar to when

the lecture style changed during a semester, university student infection numbers were not

signi�cantly a¤ected by either the beginning or the end of a long break.

Table 2(b) summarizes both expected and estimation results for the e¤ects of breaks and

of the ends and beginnings of semesters. As we have explained, infections increased with all

combinations except for �Break to Almost,��ndings that suggest that regardless of breaks

or semesters, starting something new can activate people to go out and lead to increasing

numbers of infections. However, with strict limits on face-to-face lectures at the start of a

new semester, universities can contain the spread of the virus to a certain degree.

Finally, Table 3 shows our raw estimation results for the coe¢ cients and standard er-

rors of the independent variables: lecture style change. Our estimation model is taken by

exponential as de�ned in equation (5), so the threshold to increase or decrease the rate of in-

fections is one. Thus, a coe¢ cient higher than one increases the number of university student

infections, and vice versa. In the table, the coe¢ cients do not necessarily show statistical

signi�cance. This is partly because students are infected not only in classrooms but in other

places as well such as at home or during nonschool activities. Therefore, even though we

controlled for other variables such as infection and vaccination rates, it was impossible to

extract the pure e¤ects of lecture style change.

The other reason Table 3 �ndings do not necessarily show signi�cance is the multiple

lags between infection, con�rmation, and disclosure. For instance, students varied in when

they informed their schools of their symptoms, and some universities only disclosed when

they recognized a student�s infection as COVID-19, not necessarily when the infection had

been con�rmed. These lags a¤ected the �ndings of low statistical signi�cance and wider

95% con�dence intervals. However, we do believe it possible to grasp the overall tendency of

whether university infections are spreading or abating and also the approximate magnitudes
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of infections.

Next, the control variables showed varied statistical signi�cance: Vaccination rate and

the emergency and travel subsidy dummies were signi�cant, but infection rate and the omi-

cron variant dummy were not. First, the coe¢ cient of vaccination rate was lower than one,

meaning that university student infection numbers declined as more people were vaccinated,

which was consistent with our expectation. However, in contrast with our expectations, the

emergency and travel subsidy dummies were higher and lower than one, respectively. Re-

garding the former variable, we considered that states of emergency would not be powerful

enough to contain the spread of virus among students, rather it merely re�ects the serious

infection situations. Similarly, the travel subsidy dummy re�ected low infection situations

among students. Infection rate was statistically insigni�cant because of the lesser infectiv-

ity of earlier variants in young people, and the statistical insigni�cance of omicron variant

dummy was attributed to few examples. Both coe¢ cients and statistical signi�cance of all

control variables are robust under di¤erent control models.

To sum up, universities�changes in their lecture styles drove only subtle e¤ects on infec-

tions among their student bodies. Even when universities dramatically restricted face-to-face

lectures, the numbers of student infections only decreased by 5.5 per 10,000 students between

seven weeks prior and seven weeks posterior to the change. The transitions between semesters

and long breaks were associated with slight increases in infection numbers unless universities

strictly limited face-to-face lectures.

6 Robustness

To con�rm the validity of the baseline results that we provide in the previous section, we

conduct two robustness analyses; Figure 6 shows their results. Note that we only provide

the results for changes from fewer than half of lectures online to nearly all lectures online

to avoid the redundancy of explaining other robustness results; the e¤ects of other changes

are explained in the Online Appendix. The �rst robustness check is the estimation without

any control variables. Figure 6(a) shows the baseline result for comparison, and Figure 6(b)

provides the case of no controls. We do not observe a signi�cant di¤erence between the two

�gures: the cumulative number of infected students at seven weeks after the lecture style

change declined by 5.5 per 10,000 students in the baseline estimation of Figure 6(a), and the
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number in Figure 6(b) is 4.8 per 10,000 students.

Next, we also examine the robustness of omitting outliers because data with cluster cases

may disturb the estimation of underlying e¤ects of lecture style changes. We calculate outliers

of students�infections under the assumption of negative binomial distribution,[18] and derive

that the thresholds of omitting number of student infections per week at signi�cance of 0.01

and 0.05 are 39 and 18 per 10,000 students, respectively. These thresholds shift in proportion

to the number of students at each university. For example, the signi�cance threshold of 0.01

for Meiji University is 130 infections in a week because the university has 33,310 students,

whereas the 0.01 threshold for Mie University, which has 7,252 students, is 28 infections.

The number of omitted samples at signi�cance of 0.01 is 72 out of 3,876 total samples, and

the number at 0.05 is 152. Figure 6(c) and (d) show estimation results for excluding outliers

at signi�cance of 0.01 and 0.05, respectively. We anticipated that omitting samples would

show milder dispersion of the number of infections, but both �gures show similar results to

the baseline. The seven weeks cumulative di¤erences at 0.01 and 0.05 signi�cance are -6.9

and -4.8, respectively. In summary, we obtained similar results to the baseline following

our robustness analyses, and we consider our �ndings to validate the results of the baseline

estimation from these two robustness analyses.

7 Conclusion

In this paper, we examined the e¤ects of university lecture style changes on the spread

of COVID-19 among students. The methodology of estimation is the panel multiple-event

study model with an assumption of negative binomial distribution for the number of student

infections.

Our analysis shows subtle e¤ects of most university lecture style changes on the number

of students�infections, with fewer than 5 infections per 10,000 students between seven weeks

prior and posterior to these lecture style changes; even the largest infection di¤erence was

only about 5.5 infections per 10,000 students between the same duration. We also estimated

the numbers of infection changes between semesters and long breaks, and we found high

infection numbers at the beginnings of long breaks irrespective of the lecture style prior to

the break, although infections also increased when a new semester began with more face-to-

face lectures. This asymmetric e¤ect con�rms the prior research �nding that the factors that
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increase COVID-19 infections outperform the factors that would decrease infections. Only

when universities began new semesters with strictly limited face-to-face lectures did student

infections decline.

There are several limitations to our analysis. First, the model did not specify the duration

of a given lecture style after a university changed it, and it was at least sometimes the case

that styles changed within one event time window, for instance within the seven weeks since

the last change. Other universities did not change their lecture styles frequently, but we

treated all lecture style changes uniformly. This was justi�ed because the purpose of this

study was not to test any e¤ects of the duration of lecture style change on infection rates

but rather to quantify the comprehensive e¤ect of a lecture style change on the number of

infected students. Thus, if a particular university changed its lecture styles frequently, our

analysis re�ects its short duration and also captures the e¤ect of the next lecture style on

the number of student infections.

Second, we based our analyses on the original novel coronavirus and its early variants,

which were established in early research as having weak infectivity in young people, but

much more infectious variants have emerged since then. In Japan, the infection rate among

younger generations remained substantially low until March 2021. However, since the alpha

variant, which �rst emerged in the U.K., hit Japan in April 2021, the number of infections

among young people has been increasing. Although the omicron variant has been controlled,

the number of college students infected might be underestimated because the variant has

only recently begun to spread, and we did not fully cover the period a¤ected by this variant.

Lastly, we o¤er comments for university administrators. With this paper, we do not

recommend relaxing versus restricting face-to-face lectures; rather, we merely provide results

of an empirical analysis. However, our analyses revealed only subtle increases in the numbers

of university student infections with increases in the ratios of face-to-face lectures.

Recent researches have found correlations between quarantine and self-isolation and the

deterioration of children�s and adolescents�mental health.[19];[20] Even though infection

situation deteriorates again in the future, it would be better for university students to take

alternative measurements such as hybrid-�exible lectures rather than online only. We hope

that universities can use our �ndings to consider the student perspective in designing future

lectures.
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Tables and Figures

Table 1: Study Universities and Numbers of Students.

National and Public University Private University
Kyoto Univ. 22,657 Meiji Univ. 33,310 Aichi Shukutoku Univ. 9,155
Kyushu Univ. 18,660 Doshisha Univ. 29,459 Dokkyo Univ. 8,790
Tohoku Univ. 17,849 Ryukoku Univ. 19,896 Mukogawa Women�s Univ. 8,726
Hokkaido Univ. 17,414 Senshu Univ. 19,406 Hokkai-Gakuen Univ. 8,406
Nagoya Univ. 15,852 Meijo Univ. 15,412 Shibaura Inst. of Tech. 8,395
Hiroshima Univ. 15,292 Chukyo Univ. 13,117 Osaka Sangyo Univ. 8,381
Chiba Univ. 14,163 Kyoto Sangyo Univ. 12,996 Seinan Gakuin Univ. 8,315
Niigata Univ. 12,456 Tohoku Gakuin Univ. 11,569 Soka Univ. 8,020
Kanazawa Univ. 10,236 Chubu Univ. 11,266
Shizuoka Univ. 10,222 Kobe Gakuin Univ. 10,877
Kumamoto Univ. 10,083 Rissho Univ. 10,520
Tokyo Metropolitan Univ. 9,185 Aichi Univ. 10,207
Saitama Univ. 8,579 Chiba Inst. of Tech. 9,763
Univ. of the Ryukyus 8,184 Nanzan Univ. 9,672
Mie Univ. 7,252 Konan Univ. 9,256

Notes 1: The right column of each university name represents the number of students in 2016

Notes 2: There is no well-organized data about the number of university students. We obtain this data from an

article published by Toyo Keizai Inc., which is a publisher specializing in economics and businesses. The

company collected these data with questionnaire survey.

Source: Toyo Keizai Inc.
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Table 2: Expected and Estimation Results.

(a) During Semesters

From Less More Almost
To More Almost Less Almost Less More

Expected - + + - + +
Estimation (3 Weeks) - + + - + +
Estimation (7 Weeks) + - + - - +

(b) Breaks and Semesters

From Less More Almost Break
To Break Less More Almost

Expected +/- +/- + -/+ -/+ -
Estimation (3 Weeks) + + + + + -
Estimation (7 Weeks) + + + + + -

Notes: "Expected" means our expected positive or negative e¤ects of lecture style changes on

the number of infections. "Estimation 3 Weeks" represents the cumulative infection

di¤erences from 3 weeks prior to the lecture style change to 3 weeks posterior to that

change. "Estimation 7 Weeks" indicates the cumulative infection di¤erences from 7

weeks prior to the lecture style change to 7 weeks posterior to that change.
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Table 3: Summary Statistics.

Notes: The table reports coe¢ cients of indicator of lecture style, following equation (5). Prior and

Posterior mean endpoints of event window respectively. Lags represent weeks prior to lecture

style changes. Event Week means at the week of lecture style change. Leads indicate weeks

posterior to lecture style changes.

*** p<0.01, ** p<0.05, * p<0.1.
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Figure 1: Weekly changes in new COVID-19 cases in Japan.

Notes: The black line depicts the weekly COVID-19 cases in Japan. The areas of darkly

shaded and lightly shaded represent the periods under the state of emergency and

under the pre-emergency measures in Tokyo, respectively.

Source: Japan Broadcasting Corporation
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Figure 2: Lecture style changes during the study period.

Notes: �Breaks�: long breaks. �Almost�: lectures almost entirely or entirely online. �More�: hybrid

of face-to-face and online with half or more lectures online. �Less�: hybrid of face-to-face and

online with fewer than half of lectures online.

Source: Websites of each university
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Figure 3: Distribution of university students�infections.

Notes: The horizontal axis shows the number of university student infections per week.

The vertical axis represents the frequency of the number of infections per week.

For example, the total number of weeks that reports 1 student�s infection is 487.

Because there were 38 universities and we conducted our analyses for 102 weeks,

the total sample size was 3,876.

Source: Websites of each university
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Figure 4: Baseline estimation results: during semesters.

(a) Less to More (b) Less to Almost
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(c) More to Less (d) More to Almost
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(e) Almost to Less (f) Almost to More
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Notes: The vertical axis represents the deviations from the average infections per 10,000 students

in a week. The mean number of infections between 7 weeks and 1 week prior to lecture style

change is normalized to zero. The horizontal axis shows weeks prior and posterior to lecture

style changes. Week 0 indicates the deviation at the week of changes. Red dots represent

estimated means, and bars indicate 95% con�dence intervals.
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Figure 5: Baseline estimation results: breaks and semesters.

(a) Less to Break (b) More to Break

－4.0

－3.0

－2.0

－1.0

0

1.0

2.0

3.0

4.0

In
fe

ct
io

ns
pe

r1
0K

St
ud

en
ts

Pri－7－6－5－4－3－2－1 0 1 2 3 4 5 6 7 Pos
Weeks since Lecture Style Change

－4.0

－3.0

－2.0

－1.0

0

1.0

2.0

3.0

4.0

In
fe

ct
io

ns
pe

r1
0K

St
ud

en
ts

Pri－7－6－5－4－3－2－1 0 1 2 3 4 5 6 7 Pos
Weeks since Lecture Style Change

(c) Almost to Break (d) Break to Less
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(e) Break to More (f) Break to Almost
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Notes: The vertical axis represents the deviations from the average infections per 10,000 students

in a week. The mean number of infections between 7 weeks and 1 week prior to lecture style

change is normalized to zero. The horizontal axis shows weeks prior and posterior to lecture

style changes. Week 0 indicates the deviation at the week of changes. Red dots represent

estimated means, and bars indicate 95% con�dence intervals.
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Figure 6: Robustness check: less than half online to almost entirely online.

(a) Baseline (b) No Control
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(c) Excluding Outliner, 1% threshold (d) Excluding Outliner, 5% threshold
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Notes: The vertical axis represents the deviations from the average infections per 10,000 students

in a week. The mean number of infections between 7 weeks and 1 week prior to lecture style

change is normalized to zero. The horizontal axis shows weeks prior and posterior to lecture

style changes. Week 0 indicates the deviation at the week of changes. Red dots represent

estimated means, and bars indicate 95% con�dence intervals.
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