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ABSTRACT

IZA DP No. 15751 NOVEMBER 2022

Do Class Closures Affect Students’ 
Achievements? Heterogeneous Effects of 
Students’ Socioeconomic Backgrounds

This paper examines how class closures affect the academic achievements of Japanese 

students in primary and middle schools, with a special focus on the heterogeneous effects of 

the socioeconomic backgrounds of students’ households. Utilizing the administrative data 

of students from a city in the Tokyo Metropolitan Area, we estimated the effects of class 

closures due to flu epidemics, on the students’ language and math test scores. We find that 

class closures adversely affect math test scores of economically disadvantaged students. 

The magnitudes of the negative effects on disadvantaged students are heterogeneous by 

subject, grade in school, gender, timing of class closures, and students’ achievements at the 

beginning of the school year. Male students from economically disadvantaged households 

are more susceptible to class closures, and those with relatively low achievements before 

class closures suffer more seriously from them. The deleterious effects among economically 

disadvantaged male students are driven not only by reductions in class hours in school, but 

also by increases in time spent watching TV and playing video games. We also find that 

school resources can mitigate the negative impact of class closure among economically 

disadvantaged students. These results indicate the importance of public programs in 

preventing a negative temporal shock to student learning environments.
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1 Introduction

The COVID-19 pandemic has affected lives across the globe, and its adverse effects are more serious
for disadvantaged households. Deaths attributed to COVID-19 are concentrated more in groups
with low socioeconomic status (e.g., Mena et al., 2021). This is partly because accessibility to
healthcare services during a pandemic is limited for those with low incomes (Arnault et al., 2021;
Czeisler et al., 2020; Gonzalez et al., 2020; Kranz et al., 2021). Difference in work environments
is another reason for this. Since not all jobs are suited for working from home (Boeri et al., 2020;
Dingel and Neiman, 2020; Okubo, 2020; Rahman, 2020), and because the opportunities to work
from home are limited for female, young, low-educated, and low-paid employees (Bonacini et al.,
2021), the adverse effects of the pandemic are more serious for people from lower socioeconomic
backgrounds. The pandemic is not a great leveler, but a great divider.

The effects of the pandemic are not limited to adults. Children are affected in various aspects
as well. One important issue for children is the disruption of learning opportunities due to the
pandemic. During the early wave of the pandemic, strict policies restricting interactions among
individuals were implemented, and schools were closed as a result. According to an estimate by
the UNESCO, as of March 30, 2020, 167 countries had closed schools nationwide, in the face of
COVID-19.1 Losses in school instruction time, associated with school closures, adversely affect
students’ access to education.2 Thus, the adverse effects of reduced instruction time can be serious
for children from households with low socioeconomic status. Rich households could afford to
spend more on education for their children, to compensate for losses in school instruction time,
while poor households could not. In fact, during a lockdown due to the pandemic in the United
Kingdom, primary school students reduced their total learning time, but the reduced amount of
learning time was smaller among students from a high income bracket "(Andrew, 2020). In the
United States, the demand for online learning resources increased after a lockdown, compared to

1 See https://en.unesco.org/covid19/educationresponse for more details. (accessed on June 22, 2021)
2 Gaps in student achievement based on students’ socioeconomic status become more severe during the summer

vacation(Alexander et al., 2007; Downey et al., 2004). In the Japanese context, Kawaguchi (2016) found that the 2002
Japanese education reform, which decreased in-school instruction time, simultaneously increased socioeconomic gaps
in test scores of the OECD’s Programme for International Student Assessment (PISA). Kubota (2016) also analyzed the
effects of the 2002 reform, and found that households with higher socioeconomic backgrounds increased their spending
on supplementary after-school education. On the other hand, Motegi and Oikawa (2019) analyzed the 2002 reform
from the perspective of school resources, and found that school instruction time becomes more effective when combined
with better teachers, and that their positive effects were greater for students from lower socioeconomic backgrounds.
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before it, especially in areas with residents from higher socioeconomic status (Bacher-Hicks et
al., 2021).3,4 The negative impact of class closures on students’ achievements, especially among
students from lower socioeconomic status, has also been observed (Chetty et al., 2020; Engzell et
al., 2021; Maldonado et al., 2020). Since it is known that education in early life has long-term
effects (e.g., Card and Krueger, 1992; Jaume and Willén, 2019; Kikuchi, 2014; Meghir and Palme,
2005; Meyers and Thomasson, 2021), and that socioeconomic status transmits intergenerationally
(Black and Devereux, 2010), the impact of school closures on students’ achievements could not
only be a temporary shock, but also a long term one.5

This paper aims to comprehensively analyze the effects of class closures, due to epidemics, on
students’ achievements with a special focus on: (1) students who are susceptible to class closures;
(2) the possible reasons for the negative impact of class closures, and (3) ways to mitigate this
impact. For this purpose, we employ the data of class closures due to seasonal flu outbreaks from
2015 to 2017, taken from administrative data of a large city in the Tokyo metropolitan area in
Japan. Although our data do not allow us to evaluate the direct impact of the ongoing COVID-19
pandemic, they enable us to analyze the effects of closed classes on various students’ outcomes at
least in short-run, including academic outcomes, and students’ behaviors and attitudes. In addition,
the data enable us to study the relationship between school resources and the adverse effects of class
closures. Our study provides useful suggestions on how to allocate school resources among students
from varied backgrounds, particularly those susceptible to the negative impact of class closures. An
additional advantage of our data on seasonal flu in Japan is that we can estimate the effects of class
closures by fixing school-year factors, using variations in class closures by school and year. This
kind of analytical strategy is almost impossible in the case of the COVID-19 pandemic, because most
countries had closed schools nationwide, and the construction of control groups for students who
experienced school closures is extremely difficult.6 Hence, lessons from past experiences obtained
from this study will be beneficial for policy-makers in implementing measures to mitigate students’

3 Ikeda and Yamaguchi (2021) estimated the effects of school closure on students’ study time, due to the current
pandemic in Japan, using an online learning platform. They found that the study time on the platform increased from
the beginning of the school closure. They focused on the heterogeneity of students’ responses, based on their earlier
access to the platform, and the schools’ quality, rather than based on students’ socioeconomic status.

4 In sociological literature, there are studies on the socioeconomic disparities in students’ learning environments
during school closures due to the COVID-19 pandemic (e.g., Bol, 2020; Dietrich et al., 2021; Grätz and Lipps, 2021;
Reimer et al., 2021).

5 In the case of the COVID-19 pandemic, Fuchs-Schündeln et al. (2020) quantified the long-term effect of class
closures due to the pandemic on children’s welfare using a structural life-cycle model. They found that the negative
impact of class closures is more severe for students whose parents have lower educational attainment and lesser assets.

6 Engzell et al. (2021) and Maldonado et al. (2020) utilized the data from before the pandemic as control groups
for data gathered during the pandemic. This also makes it possible for the results to capture the effects of factors other
than the nationwide school closures, related to the pandemic.
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future adverse impact, in situations where the pandemic is still ongoing and data on students during
the COVID-19 period is not fully accessible.

We estimated the effects of class closures on students’ test scores in the year following class
closures, with controls for class characteristics, school fixed effects (FEs), and year FEs. We found
a negative impact on students’ achievement in mathematics among the economically disadvantaged
elementary school students. The negative impact of class closures on disadvantaged students is
heterogeneous by subject, their grade in school, gender, the timing of class closures, and students’
achievements at the beginning of the school year. The effects range from 0.06 to 0.13 of the standard
deviation of test scores. Elementary school boys from economically disadvantaged households
are more susceptible to the negative impact of class closures, especially those with relatively
low achievements before closure. The negative impact on economically disadvantaged elementary
school boys could be caused by both reductions in schools’ instruction times and students’ behavioral
changes, such as an increase in the amount of time spent watching TV and playing video games after
school, and decreased sleeping time on weekdays.7 The estimation results are consistent with studies
that found that the negative impact of school closures during the COVID-19 pandemic especially
impacted students from lower socioeconomic backgrounds or low achievers (Chetty et al., 2020;
Engzell et al., 2021; Grewenig et al., 2010; Maldonado et al., 2020). We also found that school
resources could mitigate the negative impact of class closures among economically disadvantaged
students. This indicates that public programs such as supplemental remedial education could be a
way to prevent a temporary shock to students’ learning environment.

This paper is related to the strand of the literature of education economics, with a special focus
on the effects of instruction time. Our estimation results are consistent with previous studies,
which found positive effects of longer instruction time on student achievement. Previous literatures
conduct two types of identification strategies using “scheduled” versus “unscheduled” variations of
instruction times. The former studies utilize remedial education programs and policy revisions of
education systems (for example, Andrietti, 2015; Aucejo and Romano, 2016; Battistin and Meroni,
2016; Bellei, 2009; Bessho et al., 2019; Carlsson et al., 2015; Cattaneo et al., 2017; Cortes and
Goodman, 2014; Fitzpatrick et al., 2011; Huebener et al., 2017; Jensen, 2013; Kawaguchi, 2016;
Lavy, 2012, 2015; Motegi and Oikawa, 2019; Pischke, 2007; Rivkin and Schiman, 2015; Taylor,
2014; Wößmann, 2003; Zimmer et al., 2010).8,

9

7 The finding of Takaku and Yokoyama (2021) that a nationwide school closure in Japan increased children’ weight
is indicative of the impact of school closures on the change of students’ behavior at home.

8 There are studies that found insignificant effects of instruction time on student achievement (Dahmann, 2017;
Meyer and Van Klaveren, 2013).

9 Our results are also consistent with studies suggesting that mathematics scores are more sensitive to instruction
time than language arts test scores(Battistin and Meroni, 2016; Jensen, 2013; Marcotte, 2007; Zimmer et al., 2010).
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On the other hand, there are few studies using an “unscheduled” variation of instruction time,
such as class closures due to epidemics of infectious diseases.10,

11 Chetty et al. (2020) compared
educational progress among students using an online educational platform using data related to
schools’ share of students eligible for free and reduced price lunches during the COVID-19 pan-
demic. The study found that students in lower-income areas had lower numbers of completed
lessons compared to students in higher-income areas during the pandemic. Engzell et al. (2021)
and Maldonado et al. (2020) utilized data during the COVID-19 pandemic, and found the negative
impact of school closures on students’ test scores, especially among disadvantaged students. Since
the school closures due to the pandemic of COVID-19 were nationwide, however, all of these studies
rely on the comparison of before and after the COVID-19 pandemic as their identification strategy.
Another previous studies analyzed the effects of school closures using a variation of instruction
time reduced by class closures, based on historical pandemics such as the 1918-1919 influenza and
the 1916 polio epidemic in the United States (Ager et al., 2020; Meyers and Thomasson, 2021).
But these studies focused on factors that were not directly related to the timing of school closures,
such as the years of schooling and labor market outcomes. Therefore, the mechanism behind their
effects is unclear in these studies.

In contrast to these previous studies, this study has a couple of strengths. First, we estimate the
effects of class closures as “unscheduled” event, utilizing both time-series and cross-sectional vari-
ations of students’ outcome by controlling school and year fixed effects. Second, we consider test
scores in the year following class closures as direct outcomes, enabling us to investigate the mecha-
nism behind the causal relationship between class/school closures and students’ achievements. This
is extremely important in the context of unscheduled changes in instruction time, because the effect
of instruction time on students’ behaviors may differ substantially in cases of scheduled changes.
As discussed, we find that class closures affect students’ behaviors, leading to a deterioration in
their achievements. Therefore, investigating direct mechanisms is important.

The remainder of this paper is organized as follows: section 2 explains the institutional back-
ground. Section 3 describes the econometric model. Section 4 discusses the data and descriptive

10 Studies have analyzed the effects of students’ voluntary absences on students’ achievements, using pandemics
as instrumental variables, to control for the endogeneity of absences rather than estimating the effects of school clo-
sures(Aucejo and Romano, 2016; Goulas and Megalokonomou, 2016). Aucejo and Romano (2016) found a statistically
significant negative impact of students’ absence, induced by flu epidemics, on their reading scores but not their math-
ematics scores, using the number of influenza-like illness cases by county and month as an instrument. Goulas and
Megalokonomou (2016) used a one-time policy in Greece that relaxed class attendance requirements as a measure
against swine flu outbreaks, and found a statistically significant positive effect of absences on academic performance
among high school students in Greece.

11 There are studies that have analyzed the effects of reduced due to snowfall instruction time on students’ achievements
(Goodman, 2014; Hansen, 2013; Marcotte, 2007; Marcotte and Hemelt, 2008).
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statistics. Section 5 discusses the estimation results. Section 6 provides some additional remarks.
Section 7 concludes this paper with suggestions for future research.

2 Institutional Background

In this section, we briefly summarize the institutional settings related to: 1) class closures in Japan,
2) a financial support program for school attendance, and 3) an annual survey conducted by the city
we analyzed (hereafter referred to as City X).

2.1 Class Closures in Japan

In Japan, the School Health and Safety Act stipulates that school administrators (typically municipal
education boards) have the discretion to shut down primary and middle schools, grades, and classes
under their jurisdictions to prevent the spread of viral infections. The national government does
not provide explicit criteria for judging the timing of a shutdown. In some cases, prefectural or
municipal education boards set criteria for judgment, in their public schools. The criteria vary
across prefectures and municipalities, but in many cases, education boards decide to close classes,
grades, or schools when the rate of absentees reaches 20%. According to the Act, in the case of
public primary and middle schools, the education board of local municipalities makes the final
decision to officially consult school principals and call for a shutting down of classes. According
to a news article, in some municipalities in Tokyo, school principals make the “final” decision of
the closure, and in the others, they advise the necessity of class closure to the municipal education
board (Nippon Hoso Kyokai, 2019).

Seasonal flu is a major cause for class closures in Japan. Since flu infection worsens during
winters, most of the class closures are observed in this season. In the years 2018-2019 in Tokyo,
the number of flu infections increased during December, peaked in January, and became closer to
zero in February. Class closure is mainly observed in January and February.12 Once students get
infected by flu, they are prohibited from going to school for five days after developing a fever, and
an additional two days after their temperature lowers.13 In some cases, students infected by flu lose
more instruction days than those affected by class closures.

12 http://idsc.tokyo-eiken.go.jp/diseases/flu/flu2018/
13 See https://www.mhlw.go.jp/bunya/kenkou/kekkaku-kansenshou01/qa_eng.html for more details.
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2.2 Financial Support Program for School Attendance

In Japan, students from economically disadvantaged families receive financial support from local
governments for attending school.14 “‘Public assistance beneficiaries’ as prescribed in the Public
Assistance Act” and “‘school attendance support beneficiaries,’ who are recognized by the munici-
pal board of education to be facing a degree of hardship equivalent to public assistance beneficiaries”
have the right to receive the assistance program (Noguchi et al., 2020, p.4). The municipalities pro-
vide financial support for students’ expenditures, such as school supplies and lunches. Households
with annual incomes below a certain level, called the “minimum cost of living” which is set by the
national government and which matches the minimum cost of living, after subtracting the household
income, can receive this public assistance. In the case of a household that consists of a married
couple in their 40s, a junior high school student, and an elementary school student who lives in the
special wards of Tokyo, the minimum cost of living is calculated to be a monthly income of 0.205
million JPY,15 and accordingly, the household receives an assistance of up to 2.46 million JPY
annually. In the Tokyo Metropolitan Area, the annual income for school attendance support differs
among municipalities, ranging from 3.99 million to 4.19 million JPY.16 According to a nationwide
survey in 2016, households with an annual income that falls below 4.5 million yen accounted for
the bottom 25.9% in the distribution of households with children.17 Households receiving financial
assistance programs are likely to belong to this bottom 25% of the income distribution. We utilize
the financial support status as a proxy for the economic condition of the students’ households.

2.3 Annual Survey Conducted by City X

City X conducted an original survey on students’ academic achievements in the middle of April, in
addition to surveys by national and prefectural governments. The targets of the survey by conducted
City X were students from the 2nd to 9th grades, attending public schools in City X. This survey
collected information on students’ achievements, lifestyles, and study habits. Students are required
to take examinations that cover the contents they have learned until the previous academic year.
Elementary school students take mathematics and language arts tests, and middle school students
take mathematics, language arts, and English tests. Information on the test scores and student

14 Section II of Noguchi et al. (2020) provides more detailed information about the financial assistance program.
15 Page 22 of https://www.mhlw.go.jp/content/12002000/000488808.pdf.(in Japanese)(accessed on March 1st, 2021)
16 The types of income utilized for calculating the income criteria are different among municipalities. For example,

some municipalities utilize taxable income (Noguchi et al., 2020).
17 Table 8 of the Excel file named “Statistical Table” on the web page,

https://www.mhlw.go.jp/english/database/db-hss/cslc-report2016.html, provides a percentage distribution of household
income (accessed on March 1st, 2021).
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behavior obtained from this survey was primarily used for the analysis. Section 4 explains the
details of the data.

3 Econometric Model

We estimate the following regression model to examine the effect of class closure on students’
academic outcomes:

ZSs
i jt+1 =α0 + α1Closed jt + f1(ZSM

i jt, ZSL
i jt) + X′

i jtδ1 + η1t + φ1k + λ1g + u1i jt (1)

where i, k, g, j, t, and s are the indices for students, school, grade in school, class, year, and subject,
respectively. The index of subject s is either mathematics (M) or language (L). The variable ZSs

i jt is
the standardized test score of subject s in year t, for student i in class j. The dependent variable was
the standardized score for the school year following class closure. The dummy variable (Closed jt)
takes one if class j is shut down because of the flu epidemic in year t.

To control for the students’ previous academic achievements, a cubic function of the standardized
scores in the year of class closure, f1(·, ·), is included. The vector Xi jt consists of a set of covariates,
such as dummy variables for financial support status18 and female students, class size of j and its
squared term, size of grade g in school k, and its squared term. The parameters η1t , φ1k , and λ1g are
the year, school, and grade FEs, respectively. These covariates and fixed effects control for potential
endogeneity bias, as discussed in the next section. u1i jt is the idiosyncratic error term. Estimated
coefficients are reported with standard errors that were robust against class-level clustering.

We split the sample based on whether students received financial support, as a proxy for the
economic condition of the households, in order to examine the heterogeneous impacts of the class
closure. We define students who receive public assistance for school attendance as those from
“low-income” households and those who do not receive it as those from “middle-to-high-income”
households.19 In addition, we estimate the following equation, with an interaction term, using the
entire sample:

zscores
i jt+1 =β0 + β1Closed jt + β2Low-incomeit + β3Closed jt × Low-incomeit

+ f2(zscoreM
i jt, zscoreL

i jt) + X′
i jtδ2 + η2t + φ2k + λ2g + u2i jt, (2)

18 We use the four financial support status dummy variables: “public assistance beneficiaries,” “school attendance
support beneficiaries,” “rejected applicants,” and “non-applicants”.

19 We implement a robustness check against the definition of the support condition in Appendix B.
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where Low-incomeit is i’s status of household income in t, taking a value of 1 if the student receives
the financial support.

When we estimate the effect of class closures on students’ academic achievement, there are some
potential threats to identification. Figure 1 summarizes our identification strategy. Our identifying
assumption is that a flu epidemic, in a given year, and in a given region where a school is located,
is random by conditioning on region and year characteristics. In general, the characteristics of
residents and/or healthcare resources in a certain area should be determinants of the flu epidemic
in the area. However, with our data from one municipality where public schools are close to each
other,20 it is plausible that the characteristics affecting flu spread outside of school are almost the
same for all schools in the municipality. Nonetheless, we add school fixed effects and year fixed
effects to control for regional characteristics, and annual trends of flu outbreaks to control for
time-invariant differences of the schools in the municipality.

Even though the flu epidemic in a region is assumed to be conditionally independent, there are at
least two potential sources of endogeneity. The first possible source is the characteristics of classes.
As will be discussed in the next section (Section 4), there is a positive relationship between the
incidence of class closures and class size.21 Since it is also possible that the class size affects the
students’ academic achievements, it could be the source of the bias of the estimate of the effect of
class closure, if the characteristics of classes are uncontrolled. We control for class characteristics,
especially class size, to obtain an estimate of the causal effects.

The second potential source of endogeneity is the characteristics of school principals. As
explained in Section 2, if a class suffers from the flu, the administrator of the school, such as the
municipal education board, decides whether to shut down classes or not, after consulting with the
school principal. A risk-averse school principal may strongly advise the school administrator to
halt classes to prevent an epidemic in the entire school. The principal may also try to pay careful
attention to students’ behaviors to prevent risky behaviors, and this effort may have a positive impact
on students’ academic achievements. Since principals transfer to other schools infrequently in our
sample, school FEs capture principals’ characteristics to a large extent.22

20The city has about two public schools every square kilometer. The area is about 50km2, and there are approximately
100 public schools, as of 2015.

21 A causal effect of class sizes on the incidence of class closures is found by Oikawa et al. (2022).
22 We implement a robustness check against the principals’ characteristics by adding school-year FEs into the

estimation model.
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4 Data

We use school administrative data collected by the Education Board of City X in the Tokyo
Metropolitan Area in this study. The city is a large municipality, with more than 300,000 households,
and a population of more than 600 thousand in 2015. In 2015, it had approximately 70 public
elementary schools with almost 1000 classes and more than 30,000 students, and around 40 public
middle schools with about 400 classes and about 14,000 students.

The data used in this analysis contains information related to educational administration, such
as the number of students in each classroom, scores of the test conducted by the city, and the number
of instances of class shutdowns, for all public elementary and middle schools operated by the city.
As explained above, the education boards of local governments make the final decision on class
closure in Japanese public schools, and the Education Board of the city keeps the records on school
shutdown in the schools operated by them. If all classes in a particular grade are closed, they are
called grade closures, as observed in our dataset. In this paper, we use both types of closures, which
for simplicity, has been referred to as class closures. While the data contain students’ information
for the period up to 2018, information about class closures due to flu epidemics was only available
for three school years 2015-2017. Using the data, we constructed a three-year student-level panel
data which includes students’ characteristics, incidences of class closure, and class characteristics.
We restrict the sample to the 2nd to 8th grades, at the time of class closures, because the estimation
procedure requires test scores from two consecutive years the score in a school year with an incident
of class closure and the score in the following school year. Additionally, we excluded classes with
less than 17 students, and grades with fewer than 30 students.

4.1 Descriptive Statistics

Table 1 shows the summary statistics for students in public schools operated by City X in 2015-2017.
Column (1) shows the mean and standard deviation for the elementary school students (2nd to 6th
graders), and column (2) shows the same for middle school students (7th and 8th graders). We
standardized test scores, with a mean of 50 and a standard deviation of 10, within subject, grade, and
year (Z-scores). About 9 % of the students in elementary schools have experienced class closure in
these three years, and the ratio for middle school students is about 8%. The proportion of students
from low-income households is approximately 30% in elementary schools and about 38% in middle
schools. More than 30% enrolled students in public schools in City X are from economically
disadvantaged backgrounds. According to the Japanese Ministry of Education, Culture, Sports,
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Science, and Technology, this proportion was about 15.23% in 2015, for all of Japan.23 Therefore,
City X has a higher ratio of economically disadvantaged students, compared to the national ratio.
This ratio is also higher for middle schools than for elementary schools. This may be because some
students with economic advantages drop out and enroll in private middle schools.

Table 2 summarizes the average z-scores by subject and the students’ household income, for both
mathematics and language, respectively. The average z-scores for students from low-income house-
holds are approximately 7% lower than those for students from middle-to-high-income households.
These numbers suggest the presence of a socioeconomic gap in students’ academic achievements
in public schools in City X.

Figure 2 depicts the distribution of class closures due to flu epidemics in public schools operated
by City X across months. According to Figure 2, these class closures occurred mainly between
December and March of the following year. Since the Japanese school year is set from April to
March, the class closure was concentrated in the last four months of an academic year. In particular,
there seems to be a severe time constraint that makes it difficult to organize supplementary lessons
for students experiencing closure, especially in March. Therefore, the loss of instruction time due
to the flu may substantially affect the test scores in April in the following year.24 The average days
of the class closures by month, due to the flu epidemic, from 2015 to 2017, ranged from two to three
days in both elementary and middle schools, as shown in Figure 3.

To see whether there are systematic differences in the characteristics of classes with and without
closures, Table 3 reports the mean values of students’ and classes’ characteristics before class
closures, to compare them with characteristics of students and classes that experience closure,
relative to the rest. Columns (2) and (1) show mean values for students and classes that experience
class closures in a school year (“closed”) and those that do not (“not closed”), respectively.25 Column
(3) shows the raw differences between Columns (1) and (2). Column (4) shows the differences
between Columns (1) and (2) after controlling for school, year, and grade fixed effects.26 Column
(5) shows the percentage differences in the characteristics, in comparison to the mean for students
and classes that did not experience closures. According to Table 3, most of the characteristics do not

23 Upper part of page 2 in https://www.mext.go.jp/content/20200327-mxt_shuugaku-100001991_2.pdf (in
Japanese)(accessed on March 4th, 2021)

24 Class closures occurred in April 2016, which was the month when the test was conducted by City X. However,
since the closure started on April 26, that is, after the test, there was no closure before the test in that particular academic
year.

25 We calculate the mean values by pooling the data for the three school years. The students and the classes that
experience class closures during a year are categorized as “closed” in that year. We categorize by using information for
a single year.

26 As a difference in two groups, closed and not closed, we report the coefficients of the class closure dummy as
results of regressing each students’ and classes’ characteristics on the class closure dummy, school, year, and grade
fixed effects.
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have significant statistical differences between the two groups, except for the class size variables,
after controlling for the fixed effects. Overall, the characteristics of students and classes are balanced
between those that experienced closure and those that did not. The incidence of class closures is as
good as random after controlling for the fixed effects and class size variables.27

5 Results

5.1 Effects of Class Closures on Students’ Achievements

The estimates of the effect of class closures on students’ academic outcomes are reported in upper
panel A of Table 4 for elementary school students, and lower panel B for middle school students.
Column (1) reports the estimate of the coefficient on the class closure dummy (Closed) in equation
(1), with the mathematics test score as a dependent variable, and using a subsample of students who
do not receive school financial assistance. Column (2) reports the same, but uses a subsample of
students who receive school financial assistance. The results for elementary school students show
that the estimated coefficient of the class closure dummy is negative, and statistically significant
at the 5% level, only among students from low-income households, indicating that class closures
negatively affect math test scores of elementary school students from low-income households. The
estimated coefficient for the students from low-income households is -0.535, implying that the
experience of the class closure decreases the test score in the following school year by 0.0535 of
the standard deviation. The magnitude of the estimate for students from low-income households is
about ten times larger than for those from middle-to-high-income households, even though both of
the estimates are negative.28

To test these differential effects of class closures on students’ math test scores between low-
and middle-to-high-income households, we estimate equation (2). The estimates are reported in
Columns (3) for mathematics. In addition, Columns (3) reports the estimates of the sum of the
coefficients of Closed and those of Closed × Low-income (β̂Closed + β̂Closed×Low-income), which
corresponds to the effect of class closures on the students from low-income households, and the
p-value of a test statistically confirming whether the sum is zero (p-value).29 According to Column

27 We also implement the same analysis for the classes’ characteristics after class closures in Appendix A, and all
of the characteristics do not have significant statistical differences between the two groups. The result suggests no
special class arrangement for students who have experienced class closures that could make interpretation of our results
difficult.

28 Section 6.1 discusses the sizes of the coefficients in comparison with previous studies.
29 The coefficient of Closed × Low-income corresponds to the difference in the coefficients of class closure dummy

between low-income and middle-to-high-income students. On the other hand, the sum of the coefficients of Closed and
those of Closed× Low-income corresponds to the effect of class closures on the students from low-income households.
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(3) in Panel A, the difference between the two estimates is statistically significant at the 1% level,
and the estimate of the sum of the coefficients is -0.581 with a p-value of 0.019.

In contrast to the case of mathematics, the estimated effect on language scores for elementary
school students is statistically insignificant. However, the coefficient is negative only for students
from low-income households (Columns (4) and (5) in Panel (A)). Indeed, the difference between
the two estimates is statistically significant at the 10% level (Column (6) in Panel A). Although
neither of the effects of class closures is statistically significant for those from low- and middle-to-
high-income households, this differential result may be a reflection of the fact that the students from
relatively rich households have some advantages to compensate for the loss caused by the closures
when compared to the economically disadvantaged students.

Finally, we discuss the results for the middle school students reported in Panel B. Among
the middle school students, no significant effects were observed in either group or subjects. The
following subsection discusses some heterogeneity of the effects of class closures and a possible
reason for the insignificant effects among middle school students.

5.2 Heterogeneity of Effects of Class Closures

In the previous subsection, we confirmed that the effects of class closures are different between those
from low- and middle-to-high-income households. In this subsection, we explore heterogeneous
effects of class closures across other dimensions.

5.2.1 Gender

First, we discuss the heterogeneity of the effects based on the gender of students.
Table 5 reports the estimated effects of class closure on students test score by grade in school,

gender, and subject, with equation (2). According to Table 5, the significant negative impact on
mathematics test scores, observed among the economically disadvantaged elementary students, is
driven by the negative impact among economically disadvantaged boys. Among disadvantaged
elementary school boys, the coefficient of the interaction term between the class closure dummy and
the low-income dummy is negative and statistically significant, and the sum of these two coefficients
is also statistically significant (Column (1)). For languages, the sum is negative, but its p-value is
over 10%, while the estimate of the interaction term is negative and statistically significant at the
10% level (Column (2)).

Among girls, there were no statistically significant effects for either the class closure dummy
or the interaction term (Columns (3) and (4)). Additionally, the magnitudes of the coefficients
for boys from disadvantaged households are about three times larger than those for girls from
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disadvantaged households. These results suggest that the damage to class closures is serious only
among economically disadvantaged elementary school boys.

5.2.2 Timing of Class Closure

Next, we discuss the heterogeneous effects by the timing of the class closures. It may be more
difficult for students experiencing class closures at the end of the school year to catch up with the
students not experiencing it, because they do not have enough time to prepare for the test in April in
the subsequent year. We estimate the different effects of class closures by the timing of the closures
using two dummy variables: the dummy takes the value one if students experience the class closures
between February and March, that is, the last two months of school year (Closed(Feb. − Mar .)),
and the dummy takes the value of one if students experience the class closures, but the timing is not
the last two months of the school year (Closed(Others)).

Table 6 shows the results of the heterogeneous effects by the timing of the class closures for the
elementary school students. Estimates of the coefficient of the interaction term of Closed(Feb. −

Mar .), and the low-income dummy are negative and statistically significant for boys for both math-
ematics and language, while the sum is statistically significant only for mathematics. In contrast,
the interaction terms of Closed(Others) and the low-income dummy are negative but statistically
insignificant for both subjects, and the sums of these coefficients are statistically insignificant. For
mathematics test scores, the magnitude of the sum of Closed(Feb. − Mar .) is approximately 40%
larger than that for Closed(Others). These results suggest that class closures at the end of the
school year have stronger adverse effects on boys.

Note that a positive impact of class closures on or before January is estimated only among
girls from middle-to-high-income households. The coefficient of Closed(Others) for languages is
estimated positively and statistically significant (Column (6)). This may be because the students
suffering from the class closures at earlier timings have more time until the test in the following
school year than those experiencing closures at the end of the school year to study more to recover
from the negative effects of the closures. In addition, the girls who suffered from class closures may
spend more time studying the language arts than studying mathematics.

The heterogeneous effect of the timings of class closures is one possible explanation for the
insignificant impact among middle school students in our sample. Among the middle school
students, there were no class closures in March, which was the last month of the school year. The
peak of the closures is observed in January of 2017 and 2018, while the elementary school students
have faced some closures in February and March (Figure 2). Therefore, middle school students
usually have sufficient time to recover from the damage of class closures, and test scores in the
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following school year may not be affected by class closures.

5.2.3 Achievement at the Beginning of the School Year

Finally, we estimated the differential effects of class closures by students’ achievements at the
beginning of the school year. Since, as discussed in Section 4, the class closure was concentrated
in the last four months of the school year, students’ achievements at the beginning of the school
year can be interpreted as the achievements before the flu epidemic seasons. Table 7 shows the
estimation results with the subsample related to gender and Z-scores at the beginning of school year,
t. We divided the sample into two groups using the mean value of z-scores, 50: students whose
scores for both mathematics and language arts were less than 50 (ZS < 50), and those whose scores
were more than or equal to 50 for at least one subject (ZS ≥ 50).

The negative impact of class closures was more severe among economically disadvantaged boys
with relatively low achievements at the beginning of the school year. Among elementary school
boys whose test scores at the beginning of the school year are less than 50, the estimate of the
interaction term of the closed and the low-income dummies on mathematics z-scores is negative
and statistically significant. Their sum is about -1.302 with a p-value of 0.02. For boys with
relatively high test scores at the beginning of the school year, the sum is -0.557 with a p-value of
0.088 (Columns (1) and (2)). The magnitude of the sum for boys with relatively low achievements
is about 2.3 times more than that for boys with relatively high achievements. For language, the same
tendency was observed, while the sums were statistically insignificant. These results suggest that
boys who are not good at studying are susceptible to a temporal shock on schools’ instruction time,
such as class closures.

To sum up, among the economically disadvantaged students, the negative impact of class closures
on students’ achievement is statistically significant for mathematics test scores. This is consistent
with previous studies suggesting that mathematics scores are more affected by instruction time than
language arts test scores(Battistin and Meroni, 2016; Jensen, 2013; Marcotte, 2007; Zimmer et al.,
2010). The adverse impact on economically disadvantaged students is heterogeneous by subject,
grade, gender, timing of class closures, and students’ achievements before the flu epidemic seasons.
The estimation results also imply that boys with relatively low achievements before the flu epidemic
seasons from disadvantaged households are the most susceptible to class closures.
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6 Discussion

This section discusses three issues related to the adverse impact of class closures on economically
disadvantaged students: 1) sizes of impact of class closures and possible mechanisms behind the
negative impact; 2) ways to mitigate the impact; and 3) the persistence of the impact.

6.1 Interpretation of the Effects and their Mechanisms

To interpret the magnitude of the effects found in our analysis, we compare our results with those of
previous studies that analyzed the effects of instruction time on students’ achievements. We convert
the effect of class closures into effects per hour for comparability.

Table 8 summarizes the standards for the numbers of classes of mathematics and language for
elementary school students, and the number of days in a school year for an elementary school
operated by City X. The average number of classes per school day ranges from 0.7 to 0.9 for
mathematics, and from 0.8 to 1.5 for languages, where the instruction time for each class in
elementary schools is set at 45 minutes. Suppose that a one-day class closure reduces both
mathematics and language arts classes by one. Then, students experiencing class closures lose a
total of 45 minutes of instruction time, for each subject. As discussed in Section 4, the average
number of days for class closures is two or three days. Therefore, if students face a three-day class
closure, they lose 2.25 hours of the schools’ instruction time for mathematics and language arts.
Additionally, if students get infected by the flu, they are prohibited from going to school for five days
after developing a fever, and for two more days after their body temperature lowers. If a student’s
temperature is lesser on the fourth day after developing a fever, they can go to school six days after
the onset of infection. This means that the student loses a maximum of five days of classes. In this
case, the student loses 3.75 hours of the schools’ instruction time for each subject.

We calculate the effects of class closures per hour using the estimates from these two scenarios:
the 2.25 hours reduction; and the 3.75 hours reduction. According to the estimates discussed in
Section 5, the impact of class closures on mathematics test scores ranges from 0.0557 to 0.13 of a
standard deviation for economically disadvantaged students; thus, the negative impact per hour can
be calculated to be between 0.0152 and 0.0578 of the standard deviation.

The magnitude of the effects per hour estimated in this study (are larger than those suggested
by some previous studies. For example, the effect of instruction time per hour can be calculated
to be between 0.0014 and 0.0094, using Battistin and Meroni (2016), Cattaneo et al. (2017),
Jensen (2013), Lavy (2015), and Motegi and Oikawa (2019).30 Aucejo and Romano (2016) found

30 Battistin and Meroni (2016) analyzed the effect of a remedial education program in Italy, which is on average about
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that a one-day reduction in absences increases mathematics test scores by 0.0055 of a standard
deviation. Andrietti (2015) and Huebener et al. (2017) analyzed education reforms in Germany,
which expanded weekly instruction time by two hours for 5th to 9th graders using PISA, and found
that the reform increases math test scores by 0.095 of the standard deviation, and by 0.053 of the
international standard deviation, respectively. On the other hand, the magnitude of our estimate is
in line with Goodman (2014), who found that an additional day of absence induced by moderate
snowfall decreases mathematics test scores by 0.05 of the standard deviation, among 3rd to 8th
graders and 10th graders.

To investigate the reason why the magnitude of the effects per hour estimated in this paper
is larger than those of the previous studies, we examine how class closures affect the students’
activities after school and on holidays, such as studying, watching TV, playing video games, and
sleeping. We estimate the effects of class closures on students’ usage of time, in the same manner
as estimations for students’ test scores: estimating equation (2) using students’ usage of time in
the following school year as dependent variables. In this analysis, we also utilize students’ usage
of time for the year they experience class closures as control variables.31 Our analysis also helps
to explain the heterogeneous impact by gender and students’ achievements at the beginning of the
school year. Appendix C explains the variables for students’ usage of time.

50 hours of afternoon activities for mathematics and language arts. They found the effect on mathematics test scores
to be 0.296 of a standard deviation among lower secondary school students. We can therefore calculate the effect per
hour as 0.0059 (= 0.296/50). Cattaneo et al. (2017) analyzed the effect of instruction time on test scores in Switzerland
using PISA, and found that adding one hour of instruction time per week increases PISA scores from 0.05 to 0.06 of
the standard deviation. By dividing the effect by 37, which is the OECD average of the number of instruction weeks in
2006(OECD, 2008), the effect per hour can be calculated to be between 0.0014 and 0.0016 of the standard deviation.
Here, we utilize the OECD average, instead of the data for Switzerland, because the data for Switzerland is not available.
Jensen (2013) found that each one-hour of the instruction time can increase the mathematics test score by 0.0021 of the
standard deviation. According to Lavy (2015), who analyzed the effect of instruction time on test scores using a sample
from OECD countries of PISA, each one-hour weekly instruction time increases the PISA test score by 0.058 of the
standard deviation. According to OECD (2008), the OECD average of the number of weeks of instruction for upper
secondary education was 37 weeks in 2006, and the effect of instruction time per hour can be calculated as 0.0016 of
the standard deviation. In the case of Japan, Motegi and Oikawa (2019) found that adding one hour is effective by 0.33
standard deviations of test scores for 8th graders taught by teachers with a postgraduate degree, as opposed to those
without the degree. As the number of weeks of instruction is 35, according to OECD (2008), the effect of instruction
time per hour can be calculated to be 0.0094 of the standard deviation.

31 The additional control variables are as follows: Dummy variables for hours of time spent studying at home on
a weekday (none, more than zero but less than a half hour, more than or equal to a half hour but less than one hour,
more than or equal to one hour); dummy variables for hours of time spent studying at home during a holiday (same
categories as dummies for studying on a weekday); interaction terms of the dummies for study times on a weekday
and during a holiday; dummy variables for hours of time spent watching TV on a weekday (never or hardly, about 30
minutes, about one hour, one and a half hours, about two hours, about two and a half hours, about three hours, more
than or equal to three hours); dummy variables for hours spent playing video games on a weekday (same categories
as dummies for watching TV on a weekday); interaction terms of the dummies for watching TV and for playing video
games; and dummy variables for the amount of sleep time (330 min., 390 min., 420 min., 450 min., 480 min., 510 min.,
540 min., 570 min., 600 min., 630 min., 660 min., 690 min., 720 min.).
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Tables 9, 10, and 11 summarize the estimation results of the amount of time for studying,
watching TV or playing video games, and sleeping, respectively. We construct dummy variables
for usage of time variables, and use them as dependent variables. We generate dummy variables
indicating whether students study on a weekday, spend time for TV or video games on a weekday
for three and a half hours or more, and whether students sleep for eight and a half hours or more on
a weekday.

According to Table 9, we could not observe a systematic change in the effect of class closures
on study time among economically disadvantaged boys whose mathematics scores are negatively
affected by class closures. However, among other groups, some positive impacts on the amount of
time spent studying at home are observed. Among boys from middle-to-high-income households,
the experience of class closures slightly increases their proportion of studying at home during a
holiday (Closed in Column (1) of Panel B), while there are no changes among boys from low-
income households (β̂Closed+β̂Closed×Low-income in Column (1) of Panel B). The same tendency is
observed among students with low achievement at the beginning of the school year (Columns (1)
and (2) of Panel B).

For girls from low-income households and low achievement at the beginning of the school year,
study time tends to increase. There is a slight increase in the proportion of studying on a weekday
with a p-value of 0.085 (Column (5) of Panel A), and an increase in the proportion of girls studying
at home for one hour or more on either a weekday or a holiday by 6 percentage points. This
corresponds to an increase of approximately 13% compared to the overall mean (with p-value of
0.063 in column (5) of Panel C). Moreover, a proportion of girls who were not good at studying
and from middle-to-high-income households increased their studying at home for one hour or more
on both a weekday and a holiday by 5 percentage points, which corresponds to an increase of
approximately 27% compared to the overall mean (Column (5) of Panel D). These tendencies of
increasing study time for girls may help to mitigate the adverse effect of class closures resulting in
insignificant effect for girls.

Next, Table 10 shows the effect of class closure on leisure activities at home. There is an increase
in the proportion of boys who spend more time pursuing leisure activities in the following school
year, such as watching TV and/or playing games, and especially among those from economically
disadvantaged households. Among boys with low achievement at the beginning of the school year
from low-income households, there is an increase in the proportion who spend time on TV and video
games, for more than or equal to seven hours, by 4.7 percentage points, which is substantial and
corresponds to the overall mean of 11.4%. This contrasts to the case for boys from middle-to-high-
income households who decreased this proportion by 2.5 percentage points (Column (2) of Panel
D). In an elementary school operated by City X, all classes ended at 15:05, and students usually
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arrived at their home by 16:00. If students spend seven hours on leisure activities after arriving
home, their time to sleep would be 23:00 or later, and thus this reduces the amount of sleeping
time. Among girls, there are some decreases in the proportion of long periods of time spent on
leisure. These results suggest that the increase in the amount of study time may be associated with
the decrease in the amount of time spent on TV and video games, and vice versa among girls.

Finally, Table 11 reports the effects on the amount of sleep time on a weekday. Among boys with
low achievement at the beginning of the school year from economically disadvantaged households,
the proportion of boys sleeping for eight and a half hours or more on a weekday decreases by
approximately 4.7 percentage points, which corresponds to a decrease of about 6% compared to the
overall mean (Column (2) of Panel A). Since about 80% of students sleep for longer than eight and
a half hours, this effect could be substantial. There were also statistically significant decreases in
the proportions of boys who sleep for nine hours or more and for nine and a half hours or more, but
only among those from middle-to-high-income households. Meanwhile, there were no statistically
significant changes in the amount of sleeping time among girls.

To sum up, it is possible that economically disadvantaged boys, namely the only group whose
mathematics scores are negatively affected by class closures, increase the time they spend on TV and
video games, reduce their duration of sleeping hours, and do not change the amount of study time.
These changes may be a reason for the negative impacts on test scores, and could be one mechanism
behind the larger magnitudes of class closure effects in this study than in previous studies. The
results could also explain the reason of the heterogeneous effects by gender. Girls increase study
times at home, perhaps trying to compensate for the decrease in school instruction time. These
results are consistent with Grewenig et al. (2010), who analyzed students’ usage of time before and
during school closures due to COVID-19 in Germany, and found that lower achievers replaced their
learning times with leisure activities, including TV and computer games, rather than with activities
beneficial for child development, and that boys were more susceptible to this behavior than girls.

6.2 Can We Mitigate The Impact?

We discuss how to mitigate the impact of class closures by focusing on school resources. As shown in
Motegi and Oikawa (2019), it is possible that high-quality teachers efficiently reallocate instruction
time after experiencing class closures, and that the negative impact due to the class closures is
mitigated by such a reallocation. To examine the heterogeneous effects by school resources, we
added the interaction terms of the closed dummy, the low-income dummy, and schools’ resources
into equation (2). We used class sizes, homeroom teachers’ age, and homeroom teachers’ teaching
experience (in years) as measures of school resources. Unfortunately, data on homeroom teachers
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were only available up to 2016, reducing the samples only for 2015 and 2016. Appendix D explains
the details of the data on homeroom teachers, and the estimation procedures used in this analysis.

Table 12 summarizes estimation results reporting only estimates of the interaction terms.
Columns (1) to (5) are the results for mathematics scores, and Columns (6) to (10) are those
for language arts scores. For mathematics scores, Column (1) reports the result reported in the
Column (3) of Table 4, and Column (3) reports the result of the estimation with the specification
of Column (1) using students in 2015 and 2016 only. Columns (2), (4), and (5) show the results
of estimating equation (2) with various interaction terms with school resources: only the small
class size dummy for Column (2), three homeroom teachers’ characteristics for Column (4), and the
small class size dummy and the homeroom teachers’ characteristics for Column (5). The estimation
results for language arts are reported in the same manner as Columns (1) to (5) (Columns (6) to
(10)).

Table 12 reports that, for mathematics test scores, smaller class sizes and longer teaching
experience (in years)could mitigate the negative impacts of class closures among economically-
disadvantaged students, while an increase in teachers’ age boost the negative impacts (Columns (4)
and (5)). When we add only a dummy indicating that the size of class is 30 or less, the estimate of
class closure and low-income dummies are negative and statistically significant, while the interaction
term of the class closure, low-income, and class size dummies are positively and statistically
significantly estimated. The magnitude of the estimate of the triple interaction term is almost the
same as that of the double interaction term (Column (2)). Estimates of the interaction terms of the
class closure dummy, the low-income dummy, and teaching experience (in years)are positive, while
the estimate for only the teaching experience (in years)in current schools is statistically significant
(Column (4)). An estimate of the interaction terms of the class closure dummy, the low-income
dummy, and the adjusted teachers’ age is negative and statistically significant (Column (4)). These
results are robust after adding the class size dummy to Column (4) (Column (5)). Table D.3 in
Appendix D details the effects of class closures on students from low-income households using the
estimates in Column (5) for some scenarios by changing values of the school resource variables.
The results of Table D.3 suggest that an increase in teachers’ age boosts the negative impacts among
economically disadvantaged students, and increases with teaching experience (in years), in both the
prefecture where City X is located and the current schools, mitigating the negative impacts of class
closures.
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6.3 Persistency of The Negative Impact

Finally, we discuss the persistence of the negative impacts of class closures on test scores. We use
data of students whose test scores were available for two years after class closures. Since data on
test scores were available up to 2018, the analyzed sample consisted of students who experienced
class closures in 2015 and 2016.

Tables 13 and 14 show estimation results for elementary school boys and girls, respectively.
Columns (1) and (3) are the estimation results of the effects of class closures on z-scores, one
year after the closures, for mathematics and language arts, respectively. Columns (2) and (4) show
z-scores two years later.

Among elementary school boys from economically disadvantaged households, the estimated
effect of class closures on mathematics test scores one year later is negative, and statistically
significant, with a p-value of 0.011 in column(1) of Table 13). The scores for two years are negative
but statistically insignificant, with a p-value of 0.148 (β̂Closed + β̂Closed×Low-income in columns and
(2) of Table 13. Moreover, the magnitude of the estimate for the scores one year after the closures
is about 1.8 times larger than for the scores two years after the closures. These results suggest that
the negative impacts of class closures on students’ academic achievements could be mitigated over
time, at least in schools operating in City X. In fact, remedial education programs were conducted by
City X during the sample period. City X provides 3rd and 4th graders, with relatively low academic
achievements, with remedial education programs for both mathematics and language arts, for at
least 45 hours in a school year. Students impacted by class closures may attend remedial programs
in the next school year and catch up with other students to a certain extent.32 These public programs
could be one way to save students from a temporary shock to their learning environment.

7 Conclusion

This paper utilizes the administrative data of students from City X in the Tokyo Metropolitan
area, and analyzes the effects of class closures on students’ test scores in the following years,
focusing on the heterogeneous effects of students’ economic backgrounds. According to our
results, among the economically disadvantaged students, the negative impact of class closures
on mathematics achievement is statistically significant. The negative impact on disadvantaged
students is heterogeneous by subject, grade of school, gender, timing of class closures, and students’

32 The positive effect of remedial education programs is observed among elementary students in Japan. Bessho et al.
(2019) analyzed an effect of remedial education programs on mathematics and language arts test scores for elementary
students in a city in Tokyo, and found a positive impact on the test scores of language arts.
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achievements before class closure. Boys from economically disadvantaged households are more
susceptible to class closures, especially those with relatively low achievements before closures.
The negative impact on economically disadvantaged boys could be caused by reductions in school
instruction times, and increases in amounts of time spent watching TV and playing video games and
a decrease in the amount of sleeping time. These results suggest that students from economically
disadvantaged households are more vulnerable to temporal shocks to their learning environment.
We also found that school resources could mitigate damages among economically disadvantaged
students. These results indicate that public programs, such as the remedial education programs
conducted by City X, might play a role in mitigating the damage from class closures and saving
students from a temporary shock to their learning environment.
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Appendix

A Additional Descriptive Statistics

Table A.1 reports the mean values of classes’ characteristics after class closures, to compare them
with post-closure characteristics of classes that experience closure, relative to the rest. As post-
closure characteristics of classes, we use the girl ratio within classes, the ratio of students from
low-income households within classes, class size variables, grade size, and homeroom teachers’
characteristics at period t + 1, the following school year of class closures. Columns (2) and (1)
show mean values for students and classes that experience class closures in a school year (“closed”)
and those that do not (“not closed”), respectively. Column (3) shows the raw differences between
Columns (1) and (2). Column (4) shows the differences between Columns (1) and (2) after
controlling for school, year, and grade fixed effects and class characteristics at period t. Column
(5) shows the percentage differences in the characteristics, in comparison to the mean for students
and classes that did not experience closures. According to Table 3, all of the characteristics do not
have significant statistical differences between the two groups. The result suggests no special class
arrangement for students who have experienced class closures that could make interpretation of our
results difficult.

B Robustness Checks

Table B.1 reports two robustness checks: 1) adding school-year fixed effects (FEs) in the estimation
model; and 2) changing the definition of the students’ status of the household income. Panel B of
Table B.1 summarizes the estimation results that replicate Table 5 with school-year FEs into the
model to control for the unobserved heterogeneity of a school in a year, such as school principals’
characteristics. Panel C of Table B.1 shows the estimation results that replicate Table 5 by changing
the definition of the low-income dummy variable from the dummy taking value one if students
receive the support in the survey year to taking value one if students receive the support in all three
years. Panel A reports Table 5 again.

In the estimation, we control for the school FEs to capture the school principals’ characteristics,
because principals do not transfer to other schools frequently, and our sample period is just three
years. However, one could argue that they could transfer to other schools in the three years, and
that the estimation models could not control for the principals’ characteristics. To address this
concern, we re-estimate Table 5 with school-year FEs to control for the unobserved heterogeneity
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of a school in a year, such as school principals’ characteristics. According to Panel B of Table B.1,
the estimation results are robust. The results have the same tendency as those in Panel A, and the
magnitudes of the estimates are comparable to those in Panel A.

Since the household income status for a student could change from year to year, it is possible
that the student is handled as both “low-income” and “middle-to-high-income” in an estimation.
We use the dummy taking a value of one if students’ household income is certified as low in the
entire sample period instead of taking a value of one if students’ household income is certified as
low in the survey year to examine whether the change in the household income status affects the
estimation results. According to Panel C of Table B.1, the estimation results are robust against the
definition of the low-income dummy variable, the results have the same tendency as those in Panel
A, and the magnitudes of the estimates are comparable to those in Panel A.

C Data on Students’ Activities

Information on students’ activities after a school day and on a holiday is collected by a survey
conducted in City X. We focus on two measures of usage of time among students: amount of time
spent watching TV and playing video games on a weekday, the amount of time spent studying at
home on both a weekday and a holiday, and amount of sleeping time on a weekday. This is because
the contents of the survey differ according to grade, and the information on those is relatively
compatible across grades.

A variable of the amount of time spent watching TV and playing video games on a weekday
is constructed with two variables: amount of time spent watching TV and amount of time spent
playing video games (including handheld game consoles). Students were asked two questions: how
many hours do they usually watch TV on a weekday, and how many hours do they usually play
video games on a weekday? For both questions, students had eight options: 1) never or hardly, 2)
about 30 minutes, 3) about one hour, 4) one and a half hours, 5) about two hours, 6) about two and
a half hours, 7) about three hours, and 8) more than or equal to three hours. We let the first and
the eighth options be 0 hours and three and a half hours, and converted the categorical variables to
continuous variables.33

33 Note that these variables were asked through the entire sample period and to all grades, while sentences and options
of questions are slightly different according to school grade. For 3rd graders or higher, for questions on amounts of
time spent watching TV and playing video games, students had eight options: 1) never or hardly; 2) about 30 minutes;
3) about one hour; 4) one and a half hours; 5) about two hours; 6) about two and a half hours; 7) about three hours;
and 8) more than or equal to three hours. On the other hand, for only 2nd graders, the eighth option was not the same.
Instead it was “more than three hours.” Moreover, 2nd and 3rd graders were asked about time spent watching TV, while
4th graders or higher were asked about time for watching TV, videos, and DVDs. The question for 2nd and 3rd graders
was “how many hours a weekday (Monday through Friday) do you usually watch TV?” For 4th graders or higher the
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The survey also asked two closed-ended questions to students about the amount of time spent
studying at home: amount of time on a weekday, and those on a holiday. Since there are some
slight differences in the content of the questions, to maintain comparability, we generate three types
of dummy variables for both studying time on a weekday and on a holiday: a dummy indicating
whether students study at home; indicating whether they study at home for half an hour or more; and
indicating whether they study at home for an hour or more.34 We generate a variable of amounts
of sleeping time in different ways between less than 4th graders and 4th graders or higher, because
the survey does not ask 2nd and 3rd graders about the amount of sleeping time but asks them about
wake-up times and bedtimes. The survey asked 4th graders or higher close-ended questions about
the amount of sleeping time with the following options: “10 hours or more,” “9 hours or more and
less than 10 hours,” “8 hours or more and less than 9 hours,” “7 hours or more and less than 8
hours,” “6 hours or more and less than 7 hours,” “less than 6 hours.” For 2nd and 3rd graders, there
were survey questions about wake-up times and bedtimes, and we calculate the amount of sleeping
time for them using these variables. Options for the questions about wake-up times are “before
6:00,” “about 6:00,” “about 6:30,” “about 7:00,” “about 7:30,” and “after 7:30,” and those about
bedtimes were “about 20:00,” “about 20:30,” “about 21:00,” “about 21:30,” “about 22:00,” “after
22:00.” We let the options “before 6:00,” “after 7:30” and “after 22:00” be 5:30, 8:00, and 22:30,
and calculated the amount of sleeping time.

Table C.1 shows the summary statistics for the usage of time variables among elementary school
students. For the amounts of time for TVs and Video games and those of sleeping times, we report
some percentiles in addition to mean and standard deviation. Panels A and B shows the statistics

same question was phrased as “how many hours a weekday (Monday through Friday) do you usually watch TV, videos,
and DVDs?” For simplicity, we treat the eighth option asked to 2nd graders the same as that for 3rd graders or higher,
and treat the question for 2nd and 3rd graders the same as that for 4th graders or higher.

34 For these questions, there are notes on comparability over grade. First, the survey asks 6th graders or lower how
many hours students study on a holiday at home, while that asks 7th graders or higher about total time for studying on
both Saturday and Sunday. For 7th graders or higher, we calculate average amounts of time for studying on holidays,
and treat the average amounts the same as the amount of time answered by 6th graders or lower.

Second, options for the questions are different by grade. The options of the questions for both a weekday and a
holiday for 2nd and 3rd graders were as follows: “none,” “about an hour,” and “more than an hour.” For 4th graders, the
options for both a weekday and a holiday are “none,” “a half hour or less,” “a half hour or more and less than an hour,”
“an hours or more and less than two hours,” and “two hours or more.” Fifth and sixth graders have the same options as
4th graders for questions about studying time on a weekday, while the options for a holiday are different from those for
4th graders and were as follows: “none,” “ half an hour or less,” “ half an hour or more and less than an hour,” “an hour
or more and less than two hours,” “two hours or more and less than three hours,” and “three hours or more.” Among
7th graders or higher, the options for studying time on a weekday and those for total time for studying on Saturday and
Sunday were different. The options for the former are the same as the options for the question about studying time on a
holiday for 5th and 6th graders, and those for the latter are as follows: “none,” “an hour or less,” “an hour or more and
less than two hours,” “two hours or more and less than four hours,” “four hours or more and less than six hours,” and
“six hours or more.”
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for boys and girls, respectively. According to Table C.1, elementary school boys tend to spend more
time watching TV and/or playing video games than elementary school girls. The average amount
of time for TV and Video games among boys was about 36% more than that among girls. There are
few differences between boys and girls in terms of time spent studying and sleeping.

D Heterogeneous Effects By School Resources

The characteristics of homeroom teachers are available from a list of teachers in schools operated
by City X. Unfortunately, since the list of teachers was only had data up to 2016, the merged data
covers students’ data in only two years: 2015 and 2016. The list includes teachers’ characteristics
such as age, years of teaching experience, and IDs of classes they were in charge of. We merged the
teachers’ data with the students’ data using the class-id. Using the merged data, we analyzed the
heterogeneities of the effects of class closures by school resources variables.

To examine the possibility of heterogeneous effects caused by school resources that students
face, we estimate the following equation:

zscores
i jt+1 = γ0 + γ1Closed jt + γ2Low-incomeit + γ3Closed jt × Low-incomeit

+

K∑
k=1

[
γ4k SRk jt + γ5kClosed jt × SRk jt + γ6k Low-incomeit × SRk jt

+ γ7kClosed jt × Low-incomeit × SRk jt
]

+ X′
i jtδ3 + f3(zscoreM

i jt, zscoreL
i jt) + η3t + φ3k + λ3g + u3i jt, (C.1)

where SRk jt is the k-th index of school resources for students belonging to class j in the school
year of t. In this analysis, a dummy indicating that the size of class is less than or equal to 30,
homeroom teachers’ age, homeroom teachers’ years of experience in the prefecture where City X is
located, and in schools where they currently belong, are utilized as measures of school resources.
We adjusted the homeroom teachers’ age by subtracting 22, which is the age just after graduating
from college to interpret intercepts more easily.

Table D.1 summarizes the estimation results for mathematics test scores for elementary school
students, and reports not only estimates of the interaction terms of class closure and low-income
dummies and those of the triple interaction terms of the two dummies and school resources, which
are reported in Table 12, but also those of class closure dummy itself and those of interaction terms
of class closure dummy and school resources. Column (1) reports the result reported in Column (3)
of Table 4, and Column (3) reports the result with the specification of Column (1) using students in
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2015 and 2016 only. Columns (2), (4), and (5) show the results of estimating equation (C.1) with
various interaction terms with school resources: only the small class size dummy for Column (2),
three homeroom teachers’ characteristics for Column (4), and the small class size dummy and the
homeroom teachers’ characteristics for Column (5). The estimation results for language arts are
reported in Table D.2 in the same manner as in Table D.1.

To interpret the results in Tables D.1 and D.2 as effects for students from low-income households,
we let SR1, SR2, and SR3 be the teachers’ age, years of experience in the prefecture where City X
is located, and in current schools, respectively, and calculate the effects using some scenarios for
specific values of school resources.

We substitute the 25th, 50th, and 75th percentiles of an interested variable for the variable and
compare the calculated effects among those. Here, the other variables are fixed as median values.
The following is an effect calculated by substituting SR1 for a:

�E f f ect(SR1 = a) = (β̂Closed + β̂ Closed
×Low-income

)

+ (β̂Closed
×SR1

+ β̂ Closed
×Low-income×SR1

) × a

+ (β̂Closed
×SR2

+ β̂ Closed
×Low-income×SR2

) × median(SR2)

+ (β̂Closed
×SR3

+ β̂ Closed
×Low-income×SR3

) × median(SR3), . (C.2)

where β̂x is the estimated coefficient of a variable x in columns (5) of Tables D.1 and D.2.
Table D.3 summarizes the calculated effects for students from low-income households in the

same manner as equation C.2. Columns (1) and (2) show the calculated effects for the mathematics
and language arts, respectively. The value of the first cell in Column (1), -0.231, is the calculated
effect on mathematics scores for students from low-income households by substituting Age-22 for
25 percentile, and the other variables for median values.
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Table 1: Summary Statistics

Elementary Schools Middle Schools
(1) (2)

mean sd mean sd

Z-scores
Language arts 50.00 10.00 50.01 10.00
Mathematics 50.00 10.00 50.01 9.99

Class Closure 0.09 0.28 0.08 0.27
Girl 0.49 0.50 0.49 0.50
Low-income 0.30 0.46 0.38 0.49
Class size 31.57 4.19 33.67 3.69
School size 86.57 34.85 160.70 58.25

Table 2: Difference in Mean Z-scores Based on Household Income

%∆ from
Middle-to-high middle-to-high

-income Low-income Difference -income

Mathematics 51.20 47.49 -3.72 -7.26∗∗∗
(0.12)

Language arts 51.12 47.67 -3.46 -6.76∗∗∗
(0.12)

Standard errors are in parenthesis. Inference: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table 3: Students’ and Classes’ Characteristics Before Class Closures

Mean Difference

Not Closed Closed Raw Adjusted by FEs (4)/(1)×100
(1) (2) (3) (4) (5)

A.Students’ characteristics
Zscores

Mathematics 49.99 50.19 0.20∗ 0.16 0.32
(0.11) (0.11) (0.23)

Language 50.00 50.09 0.09 0.02 0.04
(0.11) (0.11) (0.23)

Low-income 0.32 0.30 -0.02∗∗∗ -0.00 -0.40
(0.00) (0.00) (1.53)

Girl 0.49 0.49 -0.00 0.00 0.17
(0.00) (0.01) (1.03)

Studying
in a weekday 0.93 0.93 0.01∗ 0.00 0.26

(0.00) (0.00) (0.33)

> 30 min on a weekday 0.73 0.70 -0.02∗∗∗ 0.01 0.94
(0.01) (0.00) (0.68)

> 60 60 min on a weekday 0.46 0.43 -0.04∗∗∗ 0.00 0.11
(0.01) (0.01) (1.21)

in a holiday 0.81 0.81 -0.00 0.00 0.50
(0.00) (0.00) (0.57)

> 30 min on a holiday 0.54 0.52 -0.02∗∗∗ 0.00 0.84
(0.01) (0.01) (1.06)

> 60 min on a holiday 0.30 0.27 -0.03∗∗∗ -0.01 -1.81
(0.01) (0.01) (1.80)

Amounts of time (min)
for TV or video games 188.45 181.15 -7.30∗∗∗ -1.24 -0.66

(1.30) (1.30) (0.69)

for sleeping 513.06 525.04 11.98∗∗∗ 0.34 0.07
(0.90) (0.79) (0.15)

B.Classes’ characteristics
Class sizes 31.54 31.56 0.02 0.44∗∗ 1.39∗∗

(0.24) (0.18) (0.57)

≤ 30 0.39 0.39 -0.00 -0.05∗∗ -12.40∗∗
(0.03) (0.02) (5.59)

Grade sizes 105.31 101.38 -3.94 0.15 0.14
(2.91) (0.67) (0.63)

Homeroom teachers’ characteristics
age - 22 15.45 15.83 0.38 0.73 4.72

(0.78) (0.80) (5.17)

Years of experience
in the prefecture where City X 11.54 11.86 0.32 0.74 6.39

(0.78) (0.79) (6.89)

in the current schools 3.50 3.51 0.01 -0.00 -0.01
(0.17) (0.17) (4.98)

The unit of observation is students for Panel A and classes for Panel B. Inference: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table 4: Effects of Class Closures on Students’ Test Scores

Mathematics Language

(1) (2) (3) (4) (5) (6)
Middle
-to-high
income

Low
income

Middle
-to-high
income

Low
income

A. Elementary school students
Closed -0.054 -0.535∗∗ -0.035 0.105 -0.146 0.139

(0.154) (0.248) (0.153) (0.147) (0.240) (0.147)

Closed × Low-income -0.546∗∗∗ -0.371∗
(0.209) (0.211)

Observations 49061 20777 69838 49038 20752 69790

β̂Closed +β̂ Closed
×Low-income

-0.581 -0.232
p-value 0.019 0.326

B. Middle school students
Closed -0.085 -0.152 -0.116 -0.107 -0.233 -0.087

(0.271) (0.345) (0.270) (0.235) (0.316) (0.230)

Closed × Low-income -0.001 -0.177
(0.269) (0.293)

Observations 15850 9345 25195 15808 9312 25120

β̂Closed +β̂ Closed
×Low-income

-0.117 -0.263
p-value 0.712 0.383
Dependent variables are standardized test scores in the school year following class closures, with a mean of 50 and a
standard deviation of 10. Standard errors that were robust against class-level clustering are in parenthesis. All models
control the cubic function of the standardized scores in the year of the class closure, financial support status dummies,
female dummy, class size and its squared term, size of grade in school and its squared term, school FEs, grade in school
FEs, and year FEs. Inference: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

40



Table 5: Heterogeneous Effects By Students’ Gender

Elementary School Middle School

Boy Girl Boy Girl

(1) (2) (3) (4) (5) (6) (7) (8)
Math Lang. Math Lang. Math Lang. Math Lang.

Closed -0.027 0.164 -0.039 0.135 -0.181 -0.233 -0.080 0.050
(0.185) (0.187) (0.174) (0.157) (0.352) (0.336) (0.303) (0.236)

Closed
× Low-income -0.841∗∗∗ -0.576∗ -0.252 -0.193 0.321 -0.172 -0.285 -0.152

(0.299) (0.295) (0.287) (0.278) (0.394) (0.463) (0.367) (0.325)

Observations 35490 35464 34348 34326 12656 12610 12539 12510

β̂Closed +β̂ Closed
×Low-income

-0.868 -0.412 -0.290 -0.059 0.140 -0.405 -0.365 -0.102
p-value 0.008 0.190 0.305 0.831 0.712 0.365 0.359 0.748
Dependent variables are standardized test scores in the following school year of class closures, with a mean of 50 and
a standard deviation of 10. Standard errors that are robust against class-level clustering are in parenthesis. All models
control the cubic function of the standardized scores in the year of the class closure, financial support status dummies,
female dummy, class size and its squared term, size of grade in school and its squared term, school FEs, grade in school
FEs, and year FEs. Inference: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table 6: Heterogeneous Effects By Timing of Closures Among Elementary School Students

Mathematics Language Arts

(1) (2) (3) (4) (5) (6)
Whole Boy Girl Whole Boy Girl

Closed (Feb.-Mar.) -0.093 0.111 -0.307 0.014 0.225 -0.189
(0.228) (0.269) (0.246) (0.213) (0.267) (0.227)

Closed (Others) 0.021 -0.152 0.218 0.259 0.110 0.442∗∗
(0.201) (0.248) (0.239) (0.195) (0.252) (0.210)

Closed (Feb.-Mar.) × Low-income -0.574∗∗ -1.117∗∗∗ -0.042 -0.324 -0.813∗∗ 0.151
(0.271) (0.398) (0.381) (0.287) (0.411) (0.382)

Closed (Others) × Low-income -0.505 -0.562 -0.435 -0.400 -0.327 -0.515
(0.308) (0.436) (0.408) (0.294) (0.400) (0.384)

Observations 69838 35490 34348 69790 35464 34326

Feb.-Mar.
β̂Closed +β̂ Closed

×Low-income
-0.667 -1.007 -0.348 -0.311 -0.588 -0.038

p-value 0.049 0.019 0.389 0.345 0.178 0.921
Others
β̂Closed +β̂ Closed

×Low-income
-0.484 -0.714 -0.217 -0.141 -0.218 -0.073

p-value 0.176 0.154 0.564 0.661 0.609 0.846
Dependent variables are standardized test scores in the following school year of class closures, with a mean of 50 and
a standard deviation of 10. Standard errors robust against class-level clustering are in parenthesis. All models control
the cubic function of the standardized scores in the year of the class closure, financial support status dummies, female
dummy, class size and its squared term, size of grade in school and its squared term, school FEs, grade in school
FEs, and year FEs. Inference: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

42



Ta
bl

e
7:

H
et

er
og

en
eo

us
Eff

ec
ts

by
St

ud
en

ts’
Te

st
Sc

or
es

at
th

e
B

eg
in

ni
ng

of
th

e
Sc

ho
ol

Ye
a

A
m

on
g

El
em

en
ta

ry
Sc

ho
ol

St
ud

en
ts

B
oy

G
irl

M
at

he
m

at
ic

s
La

ng
ua

ge
ar

ts
M

at
he

m
at

ic
s

La
ng

ua
ge

ar
ts

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

Z
S
<

50
Z

S
≥

50
Z

S
<

50
Z

S
≥

50
Z

S
<

50
Z

S
≥

50
Z

S
<

50
Z

S
≥

50

C
lo

se
d

0.
20

8
-0

.1
33

0.
55

9
-0

.0
04

0.
20

8
-0

.1
12

0.
09

4
0.

15
9

(0
.3

84
)

(0
.1

75
)

(0
.3

70
)

(0
.1

87
)

(0
.4

70
)

(0
.1

62
)

(0
.4

45
)

(0
.1

48
)

C
lo

se
d
×

Lo
w

-in
co

m
e

-1
.5

10
∗
∗
∗

-0
.4

24
-1

.3
11

∗
∗

-0
.1

78
-0

.2
72

-0
.2

87
-0

.2
04

-0
.2

18
(0

.5
81

)
(0

.3
26

)
(0

.5
48

)
(0

.3
42

)
(0

.7
07

)
(0

.2
96

)
(0

.6
31

)
(0

.2
98

)

O
bs

er
va

tio
ns

11
44

1
24

04
9

11
42

7
24

03
7

77
24

26
62

4
77

20
26

60
6

β̂ C
lo

se
d
+
β̂

C
lo

se
d

×
L

ow
-in

co
m

e
-1

.3
02

-0
.5

57
-0

.7
53

-0
.1

82
-0

.0
65

-0
.3

99
-0

.1
09

-0
.0

59
p-
v

al
ue

0.
02

0
0.

08
8

0.
13

7
0.

60
4

0.
91

2
0.

17
5

0.
84

1
0.

83
1

Th
ed

ep
en

de
nt

va
ria

bl
es

ar
et

he
sta

nd
ar

di
ze

d
te

st
sc

or
es

in
th

es
ch

oo
ly

ea
rt

ha
tf

ol
lo

w
st

he
cl

as
sc

lo
su

re
s,

w
ith

am
ea

n
of

50
an

d
as

ta
nd

ar
d

de
vi

at
io

n
of

10
.

St
an

da
rd

er
ro

rs
th

at
ar

e
ro

bu
st

ag
ai

ns
tc

la
ss

-le
ve

lc
lu

ste
rin

g
ar

e
in

pa
re

nt
he

si
s.

A
ll

m
od

el
s

co
nt

ro
lt

he
cu

bi
c

fu
nc

tio
n

of
th

e
sta

nd
ar

di
ze

d
sc

or
es

in
th

e
ye

ar
of

th
e

cl
as

sc
lo

su
re

,fi
na

nc
ia

ls
up

po
rt

sta
tu

sd
um

m
ie

s,
fe

m
al

e
du

m
m

y,
cl

as
ss

iz
e

an
d

its
sq

ua
re

d
te

rm
,s

iz
e

of
gr

ad
e

in
sc

ho
ol

an
d

its
sq

ua
re

d
te

rm
,s

ch
oo

lF
Es

,g
ra

de
in

sc
ho

ol
FE

s,
an

d
ye

ar
FE

s.
In

fe
re

nc
e:

∗
p
<

0.
1,

∗
∗

p
<

0.
05

,∗
∗
∗

p
<

0.
01

.

43



Table 8: Standard for The Numbers of Classes of Mathematics and Language Arts For Elementary
School Students

1st grader 2nd grader 3rd grader 4th grader 5th grader 6th grader

A. Standard number of classes
Mathematics 136 175 175 175 175 175
Language arts 306 315 245 245 175 175

B. The number of days in a school year of an elementary school in City X
205 205 205 205 206 206

C. The average number of classes per day (A/B)
Mathematics 0.7 0.9 0.9 0.9 0.8 0.8
Language arts 1.5 1.5 1.2 1.2 0.8 0.8

Source: https://www.mext.go.jp/a_menu/shotou/new-cs/youryou/syo/ (Panel A)(Japanese)(accessed on March
16, 2021).
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Table 9: Effects on the Amount of Time Spent Studying At Home

Boy Girl

(1) (2) (3) (4) (5) (6)
ZS < 50 ZS > 50 ZS < 50 ZS > 50

A. Studying on a weekday
Closed -0.006 -0.003 -0.007 -0.004 0.004 -0.007

(0.005) (0.013) (0.006) (0.004) (0.012) (0.005)

Closed × Low-income 0.019 0.030 0.010 0.006 0.023 -0.000
(0.012) (0.023) (0.012) (0.009) (0.019) (0.011)

Over mean 0.936 0.901 0.952 0.959 0.939 0.964
β̂Closed+β̂Closed×Low-income 0.013 0.027 0.002 0.002 0.026 -0.007

p-value 0.231 0.140 0.833 0.817 0.085 0.494

B. Studying on a holiday
Closed 0.015∗ 0.033∗ 0.008 0.005 0.021 0.002

(0.009) (0.017) (0.010) (0.007) (0.020) (0.007)

Closed × Low-income -0.013 -0.032 -0.005 0.008 0.011 0.005
(0.018) (0.028) (0.021) (0.015) (0.031) (0.017)

Overall mean 0.804 0.761 0.825 0.845 0.805 0.856
β̂Closed+β̂Closed×Low-income 0.002 0.001 0.003 0.013 0.032 0.007

p-value 0.912 0.968 0.875 0.358 0.221 0.659

C. Study for one hour or more either on a weekday or on a holiday.
Closed 0.014 0.026 0.008 -0.005 0.036 -0.013

(0.011) (0.022) (0.013) (0.011) (0.027) (0.012)

Closed × Low-income -0.007 -0.035 0.008 0.021 0.022 0.010
(0.020) (0.035) (0.024) (0.019) (0.038) (0.023)

Overall mean 0.460 0.408 0.483 0.490 0.448 0.501
β̂Closed+β̂Closed×Low-income 0.007 -0.009 0.016 0.017 0.059 -0.003

p-value 0.685 0.760 0.458 0.327 0.063 0.865

D. Studying for one hour or more on both a weekday and a holiday
Closed 0.002 0.013 -0.004 0.016 0.049∗∗ 0.010

(0.010) (0.017) (0.011) (0.011) (0.023) (0.012)

Closed × Low-income -0.011 0.013 -0.032∗ -0.020 -0.042 -0.018
(0.016) (0.027) (0.018) (0.016) (0.033) (0.020)

Overall mean 0.217 0.159 0.243 0.237 0.181 0.254
β̂Closed+β̂Closed×Low-income -0.009 0.026 -0.036 -0.004 0.007 -0.008

p-value 0.484 0.226 0.019 0.769 0.771 0.649
The number of observations was 32,093, 10,143, 21,950, 31,462, 6,974, and 24,488, respectively. All models
control the cubic function of the standardized scores in the year of the class closure, financial support status
dummies, female dummy, class size and its squared term, size of grade in school and its squared term, school FEs,
grade in school FEs, and year FEs. Inference: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table 10: Effects on the Amount of Time Spent watching TV and Playing Video Games on a
Weekday

Boy Girl

(1) (2) (3) (4) (5) (6)
ZS < 50 ZS > 50 ZS < 50 ZS > 50

A. Three and a half hours or more
Closed 0.020∗ 0.010 0.024∗ 0.014 0.015 0.013

(0.011) (0.020) (0.013) (0.010) (0.025) (0.010)

Closed × Low-income -0.016 0.013 -0.031 -0.050∗∗∗ -0.020 -0.064∗∗∗
(0.020) (0.034) (0.025) (0.018) (0.039) (0.021)

Overall mean 0.474 0.537 0.445 0.285 0.357 0.264
β̂Closed +β̂Closed×Low-income 0.004 0.023 -0.007 -0.036 -0.005 -0.051

p-value 0.790 0.392 0.746 0.020 0.871 0.005

B. Four and a half hours or more
Closed 0.017∗ -0.007 0.027∗∗ 0.002 0.007 0.001

(0.010) (0.021) (0.011) (0.008) (0.022) (0.008)

Closed × Low-income 0.027 0.057 0.012 -0.024 -0.044 -0.018
(0.019) (0.036) (0.023) (0.015) (0.034) (0.016)

Overall mean 0.291 0.343 0.267 0.130 0.182 0.115
β̂Closed +β̂Closed×Low-income 0.044 0.050 0.039 -0.023 -0.037 -0.017

p-value 0.011 0.085 0.054 0.120 0.158 0.252

C. Five and a half hours or more
Closed -0.001 -0.021 0.008 0.003 0.016 0.000

(0.008) (0.017) (0.009) (0.006) (0.017) (0.006)

Closed × Low-income 0.024 0.050 0.012 -0.024∗∗ -0.093∗∗∗ 0.001
(0.018) (0.033) (0.021) (0.012) (0.025) (0.013)

Overall mean 0.174 0.225 0.151 0.063 0.102 0.053
β̂Closed +β̂Closed×Low-income 0.023 0.029 0.020 -0.021 -0.077 0.001

p-value 0.147 0.294 0.259 0.043 0.000 0.932

D. Seven hours or more
Closed -0.009 -0.025∗∗ -0.002 -0.002 -0.008 -0.000

(0.006) (0.012) (0.007) (0.003) (0.011) (0.003)

Closed × Low-income 0.024∗ 0.072∗∗∗ -0.004 0.004 -0.018 0.014
(0.013) (0.026) (0.014) (0.009) (0.016) (0.010)

Overall mean 0.080 0.114 0.064 0.024 0.042 0.019
β̂Closed +β̂Closed×Low-income 0.014 0.047 -0.006 0.002 -0.026 0.014

p-value 0.216 0.043 0.600 0.827 0.036 0.156
The number of observations was 32,073, 10,132, 21,941, 31,479, 6,980, and 24,499, respectively. Standard errors,
robust against class-level clustering, are in parenthesis. All models control the cubic function of the standardized
scores in the year of the class closure, financial support status dummies, female dummy, class size and its squared
term, size of grade in school and its squared term, school FEs, grade in school FEs, and year FEs. Inference: ∗ p < 0.1,
∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table 11: Effects on the Amount of Sleep-Time on a Weekday

Boy Girl

(1) (2) (3) (4) (5) (6)
ZS < 50 ZS > 50 ZS < 50 ZS > 50

A. Sleeping for eight and a half hours or more on a weekday
Closed -0.014 -0.031∗ -0.006 0.011 0.012 0.012

(0.010) (0.019) (0.011) (0.008) (0.022) (0.009)

Closed × Low-income -0.017 -0.016 -0.014 -0.018 -0.048 -0.010
(0.018) (0.033) (0.021) (0.017) (0.038) (0.020)

Overall mean 0.812 0.764 0.835 0.862 0.820 0.874
β̂Closed +β̂Closed×Low-income -0.032 -0.047 -0.019 -0.007 -0.036 0.002

p-value 0.042 0.077 0.313 0.639 0.202 0.924

B. Sleeping for nine hours or more on a weekday
Closed -0.015 -0.036∗ -0.006 -0.000 -0.005 0.003

(0.011) (0.020) (0.013) (0.012) (0.029) (0.013)

Closed × Low-income -0.009 0.000 -0.009 0.011 0.003 0.016
(0.020) (0.032) (0.025) (0.020) (0.041) (0.024)

Overall mean 0.570 0.542 0.583 0.638 0.617 0.644
β̂Closed +β̂Closed×Low-income -0.024 -0.035 -0.015 0.011 -0.002 0.018

p-value 0.189 0.181 0.521 0.519 0.955 0.377

C. Sleeping for nine and half hours or more on a weekday
Closed -0.013 -0.042∗∗ -0.000 0.010 -0.001 0.015

(0.012) (0.020) (0.013) (0.012) (0.029) (0.013)

Closed × Low-income -0.001 0.004 0.002 0.014 0.016 0.015
(0.021) (0.032) (0.026) (0.021) (0.041) (0.026)

Overall mean 0.493 0.475 0.500 0.557 0.556 0.557
β̂Closed +β̂Closed×Low-income -0.014 -0.038 0.002 0.024 0.015 0.030

p-value 0.462 0.150 0.932 0.160 0.641 0.172
The number of observations was 32,089, 10,153, 21,936, 31,479, 6,976, and 24,484, respectively. All models control
the cubic function of the standardized scores in the year of the class closure, financial support status dummies,
female dummy, class size and its squared term, size of grade in school and its squared term, school FEs, grade in
school FEs, and year FEs. Inference: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table 13: Effects on Test Scores of One Year and Two Years after Class Closures among Boys in
Elementary Schools

Mathematics Language

(1) (2) (3) (4)
One year

later
Two years

later
One year

later
Two year

later

Closed -0.006 -0.160 0.124 -0.237
(0.280) (0.238) (0.268) (0.279)

Closed
× Low-income -1.068∗∗∗ -0.439 -0.522 -0.147

(0.395) (0.411) (0.388) (0.441)

Observations 22098 22098 22057 22057

β̂Closed +β̂ Closed
×Low-income

-1.074 -0.599 -0.398 -0.383
p-value 0.011 0.148 0.315 0.359
Dependent variables are standardized test scores in the school year following class
closures, with a mean of 50 and a standard deviation of 10. Standard errors robust
against class-level clustering are in parenthesis. All models control the cubic function of
the standardized scores in the year of the class closure, financial support status dummies,
female dummy, class size and its squared term, size of grade in school and its squared
term, school FEs, grade in school FEs, and year FEs. Inference: ∗ p < 0.1, ∗∗ p < 0.05,
∗∗∗ p < 0.01.
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Table 14: Effects on Test Scores One Year and Two Years after Class Closures among Girls in
Elementary Schools

Mathematics Language

(1) (2) (3) (4)
One year

later
Two years

later
One year

later
Two year

later

Closed 0.008 0.001 0.130 -0.220
(0.257) (0.229) (0.223) (0.223)

Closed
× Low-income -0.378 0.046 0.028 -0.003

(0.382) (0.379) (0.402) (0.353)

Observations 21533 21533 21502 21502

β̂Closed +β̂ Closed
×Low-income

-0.370 0.047 0.158 -0.223
p-value 0.317 0.900 0.678 0.532
Dependent variables are standardized test scores in the school year following class
closures, with a mean of 50 and a standard deviation of 10. Standard errors robust
against class-level clustering are in parenthesis. All models control the cubic function of
the standardized scores in the year of the class closure, financial support status dummies,
female dummy, class size and its squared term, size of grade in school and its squared
term, school FEs, grade in school FEs, and year FEs. Inference: ∗ p < 0.1, ∗∗ p < 0.05,
∗∗∗ p < 0.01.
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Table A.1: Classes’ Characteristics After Class Closures

Mean Difference

Not Closed Closed Raw Adjusted by FEs
and variables at t (4)/(1)×100

(1) (2) (3) (4) (5)

Girl ratio (t + 1) 0.49 0.49 -0.00 -0.00 -0.08
(0.00) (0.00) (0.44)

Ratio of students from low-income households (t + 1) 0.30 0.29 -0.02∗∗∗ 0.00 0.51
(0.01) (0.00) (1.47)

Class size (t + 1) 32.00 32.20 0.19 0.10 0.31
(0.24) (0.30) (0.92)

≤ 30 (t + 1) 0.35 0.33 -0.02 -0.02 -5.12
(0.03) (0.03) (7.53)

Grade sizes (t + 1) 109.68 105.09 -5.46∗ 0.23 0.21
(2.80) (1.19) (1.08)

Homeroom teachers’ characteristics
age - 22 (t + 1) 15.17 15.09 -0.10 0.74 4.88

(0.88) (0.97) (6.37)

Years of experience
in the prefecture where City X (t + 1) 10.93 11.15 0.20 0.78 7.17

(0.78) (0.82) (7.51)

in the current schools (t + 1) 3.47 3.79 0.31 0.40 11.52
(0.21) (0.25) (7.16)

The unit of observation is classes. Column (4) shows the differences between Columns (1) and (2) after controlling for school, year and grade
fixed effects and class characteristics at period t. We use the girl ratio, the ratio of students with financial supports, class size variables, grade
size, and homeroom teachers’ characteristics at period t for the adjustment. Inference: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table C.1: Summary Statistics For Usage of time Variables Among Elementary School Students

(1)
mean sd p5 p25 p50 p75 p95

A. Elementary School Boys
Studying on a weekday 0.94 0.24 0 1 1 1 1
Study more than 30 minutes on a weekday 0.68 0.47 0 0 1 1 1
Study more than 60 minutes on a weekday 0.39 0.49 0 0 0 1 1
Studying on a holiday 0.80 0.40 0 1 1 1 1
Study more than 30 minutes on a holiday 0.52 0.50 0 0 1 1 1
Study more than 60 minutes on a holiday 0.29 0.45 0 0 0 1 1
Time for TV and video games 196.89 115.04 30 120 180 270 420
Time for sleeping 536.77 69.75 390 510 540 570 630

A. Elementary School Girls
Studying on a weekday 0.96 0.20 1 1 1 1 1
Study more than 30 minutes on a weekday 0.72 0.45 0 0 1 1 1
Study more than 60 minutes on a weekday 0.43 0.50 0 0 0 1 1
Studying on a holiday 0.84 0.36 0 1 1 1 1
Study more than 30 minutes on a holiday 0.55 0.50 0 0 1 1 1
Study more than 60 minutes on a holiday 0.30 0.46 0 0 0 1 1
Time for TV and video games 144.63 98.59 0 60 120 210 330
Time for sleeping 546.18 62.72 450 510 570 570 630
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Table D.1: Heterogeneous Effects on Mathematics Scores By School Resources Among Elementary
School Students

(1) (2) (3) (4) (5)
Closed -0.035 -0.009 -0.058 0.556 0.508

(0.153) (0.197) (0.239) (0.462) (0.487)

× Class size ≤ 30 -0.083 0.196
(0.301) (0.478)

× Age -22 -0.078 -0.081
(0.051) (0.051)

× Years of experience
in the prefecture where City X locates 0.069 0.071

(0.057) (0.058)

× Years of experience in current school -0.058 -0.059
(0.097) (0.097)

Closed × Low-income -0.546∗∗∗ -0.833∗∗∗ -0.645∗∗ -0.945∗ -1.193∗∗
(0.209) (0.265) (0.269) (0.547) (0.584)

× Class size ≤ 30 0.775∗ 0.781
(0.426) (0.551)

× Age -0.072∗ -0.090∗∗
(0.037) (0.038)

× Years of experience
in the prefecture where City X locates 0.052 0.069

(0.045) (0.049)

× Years of experience in current school 0.230∗∗ 0.235∗∗
(0.111) (0.111)

N 69838 69838 40752 40752 40752
Dependent variables are standardized test scores in the following school year of class closures, with a mean of 50
and a standard deviation of 10. Since data on teachers’ characteristics are available only up to 2016, the sample size
for the last three columns is smaller than that for the first two columns, in which data are available from 2015 to
2017. Standard errors that are robust against class-level clustering are in parenthesis. All models control the cubic
function of the standardized scores in the year of the class closure, financial support status dummies, female dummy,
class size and its squared term, size of grade in school and its squared term, school FEs, grade in school FEs, and
year FEs. Inference: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table D.2: Heterogeneous Effects on Language Arts Scores By School Resources Among Elemen-
tary School Students

(1) (2) (3) (4) (5)
Closed 0.139 0.149 -0.087 0.331 0.289

(0.147) (0.194) (0.219) (0.443) (0.448)

× Class size ≤ 30 -0.024 0.299
(0.284) (0.429)

× Age - 22 -0.062 -0.070
(0.047) (0.048)

× Years of experience
in the prefecture where City X locates 0.058 0.064

(0.052) (0.053)

× Years of experience in current school -0.036 -0.038
(0.101) (0.101)

Closed × Low-income -0.371∗ -0.474∗ -0.184 0.479 0.498
(0.211) (0.275) (0.299) (0.662) (0.670)

× Class size ≤ 30 0.255 -0.372
(0.423) (0.646)

× Age -0.066 -0.050
(0.047) (0.052)

× Years of experience
in the prefecture where City X locates 0.022 0.010

(0.046) (0.050)

× Years of experience in current school 0.004 0.005
(0.127) (0.128)

N 69790 69790 40717 40717 40717
Dependent variables are standardized test scores in the following school year of class closures, with a mean
of 50 and a standard deviation of 10. Since data on teachers’ characteristics are available only up to 2016, the
sample size for the last three columns is smaller than that for the first two columns, in which data are available
from 2015 to 2017. Standard errors that are robust against class-level clustering are in parenthesis. All models
control the cubic function of the standardized scores in the year of the class closure, financial support status
dummies, female dummy, class size and its squared term, size of grade in school and its squared term, school
FEs, grade in school FEs, and year FEs. Inference: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table D.3: Effects Calculated By Substituting Percentile values for School Resources Variables
Among Economically-disadvantaged Students

(1) (2)
Math Language arts

Age - 22
25%tile (=7) -0.231 0.437

(0.477) (0.489)

50%tile (=12) -1.083∗∗ -0.163
(0.451) (0.448)

75%tile (=22) -2.786∗∗∗ -1.363∗
(0.743) (0.803)

Years of experience
in the prefecture where City X locates

25%tile (=4) -1.641∗∗∗ -0.457
(0.573) (0.558)

50%tile (=8) -1.083∗∗ -0.163
(0.451) (0.448)

75%tile (=17) 0.174 0.499
(0.598) (0.654)

Years of experience in current school
25%tile (=2) -1.259∗∗ -0.130

(0.504) (0.476)

50%tile (=3) -1.083∗∗ -0.163
(0.451) (0.448)

75%tile (=5) -0.730 -0.229
(0.446) (0.552)

Standard errors robust against class-level clustering are in parenthesis. Inference: ∗

p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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