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ABSTRACT

To control the spread of COVID-19, the national government of Japan abruptly started the closure of ele-
mentary schools on March 2, 2020, but preschools were exempted from this nationwide school closure.
Taking advantage of this natural experiment, we examined how the proactive closure of elementary
schools affected various outcomes related to children and family well-being. To identify the causal effects
of the school closure, we exploited the discontinuity in the probability of going to school at a certain
threshold of age in months and conducted fuzzy regression discontinuity analyses. The data are from a
large-scale online survey of mothers whose firstborn children were aged 4 to 10 years. The results
revealed a large increase in children’s weight and in mothers’ anxiety over how to raise their children.
On the outcomes related to marital relationships, such as the incidence of domestic violence and the
quality of marriage, we did not find statistically significant changes. These findings together suggest that
school closures could have large unintended detrimental effects on non-academic outcomes among
children.

© 2021 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license

Children’s weight
Mothers’ anxiety

(http://creativecommons.org/licenses/by/4.0/).

1. Introduction

During the COVID-19 pandemic in 2020, many countries closed
schools in order to control infection. According to UNESCO (2020),
more than 80% of students worldwide experienced school closures
at the end of March 2020. Of course, there has been heated debate
on the pros and cons of this policy. On the one hand, school closure
has been seen as a natural policy response to the sudden outbreak
of new respiratory diseases, since young children are extremely
efficient at catching and passing them on, as has been found in
the case of influenza (Cauchemez et al., 2008). However, opponents
emphasize that children’s education is severely disrupted and their
mental health may suffer in countries with national school clo-
sures. Several medical studies also show that school closure is
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not an efficient way to control COVID-19 infection, because unlike
influenza, children are not among the populations that suffer
greatly from COVID-19 (Armbruster and Klotzbiicher, 2020;
Iwata et al., 2020).

Despite the importance of understanding the various conse-
quences of past school closures in the current policy debate, there
has not been a sufficient number of studies that directly reveal the
effects of school closure on children and their families. So far, some
studies have explored the effects of anti-COVID-19 policies on chil-
dren’s health outcomes and daily life, such as effects on obesity
(Pietrobelli et al., 2020) and child maltreatment (Baron et al.,
2020). Many studies also explore how lockdown affects the inci-
dence of domestic violence (DV), as a prominent outcome that
affects families (Piquero et al., 2020; Sanga and McCrary, 2020;
Leslie and Wilson, 2020; Mohler et al., 2020; Campedelli et al.,
2020; Payne and Morgan, 2020; Baron et al., 2020)'.

Even with so much effort, it may be potentially impossible to
identify the effects of school closures specifically in the countries

1 On the effects of the lockdown on mental health, some studies found negative

effects soon after the implementation of lockdown. (Armbruster and Klotzbiicher,
2020; Sibley et al., 2020). Scale (Kessler et al., 2002) before and after the lockdown in
New Zealand and found a statistically significant increase in psychological distress.

This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).



R. Takaku and I. Yokoyama

that enforced a lockdown, because, in these countries, schools
were closed jointly with the implementation of numerous other
kinds of anti-COVID-19 policies, including stay-at-home orders
and business suspension orders. Therefore, it still remains a chal-
lenge for researchers to isolate the effects of “school closure”
from those of other anti-COVID-19 policies. For example, many
papers on the effects of COVID-19 policies compare the trend of
outcomes between 2019 and 2020 (Brodeur et al., 2021; Leslie
and Wilson, 2020), but this strategy may not be adequate for
the evaluation of school closures, as other concurrent policies
may contribute to changes in the behavior of children and their
families entirely.

In contrast, utilizing the experience of school closure in Japan,
this study successfully estimates the pure impacts of school closure
on the well-being of families comprehensively, which is our study’s
largest contribution. This was made possible for the following two
reasons: First, as we will see in Section 2, Japan is the rare country
that experienced school closure without any heavy restrictions on
daily life activities, which makes it possible to separate the effects
of school closure from the effects of other anti-COVID-19 policies
such as lockdown. Second, we utilize the prominent features of the
Japanese school closure: all elementary schools were closed in
March 2020, while preschools were exempted from this nationwide
school closure. This enables us to compare the two groups of chil-
dren and parents who faced totally different school closure situa-
tions even with only a very small difference in the timing of the
children’s birth. Due to this small difference in birth timing, these
children and their families are likely to have similar characteristics
and experiences of other anti-COVID-19 policies. Thus, by comparing
these two groups, we can identify the pure impact of school closure.

Another contribution of our study is the data collection
approach. We implemented a large-scale online survey in a timely
manner. By doing so, our study can explore the impacts of school
closures on comprehensive outcomes before the memories of
potential respondents fade, which prevents measurement error
in their answers. Furthermore, by creating an original question-
naire covering almost all the potential impacts of school closure
on families, including novel and unique questions, we could obtain
valuable findings and implications that would not have been
obtainable from readily available public data (Leslie and Wilson,
2020; Baron et al., 2020).

Further, as we will see in the conclusion section, the results we
have obtained yielded very important policy implications, which
are also among our contributions.

In this study, we explore how a marginal difference in the timing
of children’s birth changed their experiences of school closure in
March and eventually changed children’s and families’ outcomes,
through a fuzzy regression discontinuity design (RDD) with an
age-based threshold (Lee and Lemieux, 2010; Canaan, 2020). As
results of our regressions, we gain several valuable findings, as fol-
lows: According to our fuzzy estimates of the impact of “non-
schooling” due to school closure, the following two can be said to
be the most conspicuous results: The fraction of mothers whose
child(ren) gained weight rose by 14.4 to 15.4 percentage points,
and mothers who worry over how to raise their children rose by
17.8 to 20.2 percentage points. Note that the magnitude of these
numbers is non-negligible: these impacts are statistically significant
even at a 1 % significance level. In contrast, we do not see any sig-
nificant effect in other family outcomes, such as incidence of DV
or quality of marriage index (Norton, 1983).

The remainder of this paper is constructed as follows: Section 2
offers an explanation of the natural experiment in Japan. Section 3
provides a description of the data and the main outcome variables.
Section 4 explains the identification strategy and empirical
methods. Section 5 reports the mainresults, and the results of the sub-
sample analyses are presented in Section 6. Last, Section 7 concludes.
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2. Background

As mentioned in Section 1, unlike in many other countries, in
Japan, there have been no strict restrictions on daily life activities
except for official requests to stay at home and not travel to other
regions. This was due to the fact that COVID-19 did not spread
rapidly at the time and the national government had no legal basis
to implement a city-wide lockdown. Therefore, throughout Febru-
ary and early March in 2020, most economic activities went on as
usual. However, following the rapid spread in nearby countries
(China and South Korea), Prime Minister Shinzo Abe abruptly
requested that all schools nationwide close as of March 2
(Cabinet Office, 2020), most likely in the hope that Japan would
be able to host the Tokyo Olympics as planned (New York Times,
2020).

This sudden and unpredictable request for school closure is one
of the most prominent features of Japan’s anti-COVID-19 measures.
In fact, Japan’s nationwide closure was suddenly implemented
despite the fact that the cumulative number of COVID-19 deaths
was only three as of the day of the announcement. Because the
school closure on March 2 was unexpected and implemented so
abruptly, it caused substantial confusion to families. As a sugges-
tive piece of evidence, we found a sharp increase in the number
of Google searches for the word “divorce” on March 2—the first
day of school closure—which is explained in Online Appendix A.
This made us realize that it is necessary to more comprehensively
and thoroughly investigate the impact of school closure on family
well-being compared to existing studies because marital relation-
ships can affect parents and children in many ways, which may
include unexpected side effects.”

On the other hand, another surprising and sudden event
occurred right after the announcement of the requested nation-
wide school closure by the prime minister: The Ministry of Health,
Labour and Welfare announced that preschools were exempted
from the nationwide school closure because of the potential
impacts of the closure on working parents. Therefore, whether
children were affected by school closure in March depended on
children’s school grades. Specifically, given the school grade sys-
tem in Japan, the first graders born in March, who are the youngest
within the same school grade, experienced school closure in March
2020. In contrast, children born in April, who are the eldest
preschoolers, did not experience school closure because preschools
were generally open at that time, which implies that children very
close in age-in-months were exposed to different schooling poli-
cies. These two groups seemed to experience a similar threat
caused by the spread of COVID-19, and they were also exposed
to other policies such as requests for physical distancing similarly?,
but whether they experienced school closure in March was totally
different between them.? Utilizing this natural experiment, we
implemented a large-scale online survey to uncover the pure impact
of school closure on the well-being of families comprehensively.

3. Data
3.1. Survey

For this study, we hired an Internet-survey company called
Cross Marketing, Inc., and employed random sampling from about

2 For more details on school closure in Japan, see Online Appendix A.

3 For international readers, Ando et al. (2020) provide a comprehensive overview of
the Japanese government’s response to the COVID-19 crisis in terms of the fiscal
measures taken between January and June 2020.

4 Since school closure lasted until June, the group who was eldest in preschools as
of March also experienced school closure in April when they entered elementary
school.
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4,790,000 people across the nation who had pre-registered as
potential survey participants. The survey was implemented during
the period from July 22, 2020, to August 19, 2020.

In the survey, we targeted married women whose co-resident
firstborn child was born between April 2, 2010 and April 2, 2016,
which roughly corresponds to 4-10 years old.”

In the actual implementation, we sent out invitations to our
survey to 44,218 women, and among them, 22,553 mothers
responded to our invitations and satisfied the requirements of
the sample. We also included a question asking about their willing-
ness to participate in the main survey after having explained that
the main survey includes some sensitive questions such as inquir-
ing about their mental health and the marital relationship.
Through this question, 17,860 mothers eventually agreed to move
on to our main survey. Ultimately, 15,836 mothers answered all
the necessary questions, and thus, the number of the sample in
the main analyses is 15,836.°

3.2. Descriptive statistics and representativeness

Next, we report descriptive statistics in our survey in compar-
ison with other representative surveys. From the planning of the
questionnaire, we made several questions the same as those in
an already-existing survey in order to check the representativeness
of our online internet survey afterward. To check the representa-
tiveness, we utilized two waves of the Japanese Study of Stratifica-
tion, Health, Income and Neighborhood (J-SHINE), which were
conducted in 2010 and 2012. The reason we use J-SHINE here is
that it asks about the incidence of DVs in a solid manner proposed
by Straus and Douglas (2004) and also includes other basic vari-
ables common to our covariates.’

The comparison with J-SHINE in Table 1 provides useful infor-
mation about the representativeness of the respondents in our sur-
vey. First, we do not see any large difference between our data and
J-SHINE in most of the mean values of basic covariates such as the
age of respondents and the number of children.®

Next, the incidence of physical DVs, which is a useful indicator
of marital quality, seems to be similar between our survey and J-
SHINE: The total physical DV score was 0.3 in our survey and
0.26 in J-SHINE. This supports that our survey did not pick up a
very specific population in terms of marital quality and family
environment related to children.

5 We did not impose any restriction on siblings of the firstborn child in the
sampling process because restricting the sample to mothers who have only one child
would likely be biased toward families with special features such as low socioeco-
nomic status or strongly career-oriented double-income couples.

6 We have also checked that there is no significant discontinuity at the threshold
for both the fraction of the sample drop at the sensitivity question and the fraction of
those who moved on to the main survey but did not complete the survey. For more
details, see Online Appendix B.

7 The main purpose of ]-SHINE is to provide an interdisciplinary longitudinal survey
database with comprehensive measures of living conditions, social environments,
health, and biomarkers among Japanese residents aged less than 50. ]J-SHINE
respondents were chosen from four metropolitan areas of Japan (Takada et al.,
2014). Specifically, adults aged 25-50 years were randomly selected from the
residential registry data. The first wave of data was collected in 2010, and the second
was collected in 2012. The first wave includes 4,357 respondents, out of which 2,961
persons also participated in the second wave. From the entire sample, we chose
female respondents whose firstborn child was 4-10 years old to compare with our
survey.

8 Concerning the educational level of mothers, we find a non-negligible difference
in educational levels between the participants in our survey and J-SHINE. According
to the School Basic Survey (MEXT, 2020), the ratio of female students who go on to
four-year university studies has dramatically increased since the late 2000s; the ratio
increased from 36.8% in 2005 to 45.2% in 2010, and most of the targets of this survey
were from this cohort. Considering this fact, the mean value of the college dummy
from our data is considered to be reasonable.
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3.3. Dependent variables

e Changes Related to Children Caused by the COVID-19 Out-
break
Our survey contains many yes-or-no questions about the
changes in the respondent and her family members due to the
COVID-19 outbreak. Among these questions, we report the
results on the items regarding changes in the respondent’s child
and the mother-child relationship caused by the COVID-19
outbreak.

o Domestic Violence
Following several studies (Straus and Douglas, 2004; Hidrobo
and Fernald, 2013), we adopted multidimensional concepts of
incidents of DVs that cover the emotional and physical aspects
of DVs. For emotional DVs, we asked about incidents of “neglect
or ignoring,” “insult,” and “behavior control.” For much more
physical DVs, we asked whether a respondent has broken their
spouse’s possessions or threatened their spouse by attempting
to strike or actually striking them. For each positive response
on DV, whether the violence was initiated by the father or the
mother is noted. Thus, we asked 10 questions on DVs (i.e., 5
types and who did it). We also asked the frequency of the type
of DV using the following three categories (i.e., 1. Never, 2.
Sometimes, and 3. Frequently). Then, we calculated the total
score of DVs by summing up the frequency measure over each
of the 10 questions, which results in a score range from 10 to 30.

o Satisfaction with Marriage
As a convenient way to evaluate the quality of a marriage, we
asked: “Are you satisfied with marital life?” with a 5-point
Likert-type scale ranging from 1 for “not at all” to 5 for “very
satisfied.”.

o Risk of Divorce
We measured the risk of divorce from four aspects: the inci-
dence of 1. quarrel, 2. discussion of divorce with the spouse,
3. self-thinking of divorce, and 4. proposal of divorce from hus-
band. The frequency of each item was evaluated on a 5-point
Likert-type scale, ranging from “usually” for 5 to “none” for 1.
We report the total score, which ranges from 4 to 20.

Quality of Marriage Index (QMI)

QMI, which is one of the most popular indexes for evaluating
marital quality in the academic literature, was developed by
Norton (1983). In this study, we used Moroi (1996)’s marital
quality scale, which incorporated and translated the concepts
contained in Norton (1983)s QMI into Japanese. Moroi
(1996)'s marital quality scale consists of six items regarding
marital life,” and each question was answered on a 4-point scale.
We report the total score, which ranges from 6 to 24. Note that a
higher score indicates a higher quality of marriage.

4. Empirical strategy

We will explore the effects of school closure on family well-
being during the outbreak of COVID-19. Here, note that we use
the word “schooling” to refer to school-aged children (generally
over seven years old) attending elementary school as well as pre-
school children (younger than seven years) going to nursery school
or kindergarten as usual, despite the COVID-19 outbreak. Similarly,

9 The six responses are the following: (1) We have a good marriage, (2) my
relationship with my partner is very stable, (3) Our marriage is strong, (4) my
relationship with my partner makes me happy, (5) I really feel like part of a team with
my partner, (6) I am really happy with my marriage.
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Table 1
Descriptive statistics: comparison with J-SHINE.
Our Survey J-SHINE
Mean S.D. Mean S.D.
(1) (2) (3) (4)
Basic Characteristics
Age 37.31 5.25 36.97 4,72
Number of Children 1.89 0.71 1.88 0.73
Firstborn Child Is a Girl 0.49 0.50 0.50 0.50
4-Year College Graduates: Mother 0.40 0.49 0.28 0.45
4-Year College Graduates: Father 0.47 0.50 0.54 0.50
Working (Mother) 0.55 0.50 0.48 0.50
Regular Worker (Mother) 0.20 0.40 0.14 0.35
Domestic Violence
More than once =1
Physical DV 0.30 0.96 0.26 0.75
Physical DV by Wife 0.15 0.49 0.14 0.45
Physical DV by Husband 0.15 0.50 0.12 0.42
Frequently =1
Physical DV 0.11 0.59 0.14 0.59
Physical DV by Wife 0.05 0.30 0.06 0.32
Physical DV by Husband 0.05 0.31 0.08 0.35
N 15,836 746

Notes: The total score of DV measures is 10 at maximum because we asked 10 questions on DVs, and here we used dummies for each item of DV. The 10 DV items consist of
five types of DVs (e.g., “ignoring” and “hitting”) and who did it (i.e., wife or husband). In addition to this, we measured the frequency of DVs in three categories (i.e., Never,
Sometimes, and Frequently). Thus, For the results of “More Than Once = 1,” we count the number of DVs for which the respondent chose “Sometimes” or “Frequently.” For the
results of “Frequently = 1” in our survey, we counted the number of DVs for which the respondent chose “Frequently” only, while the results of “Frequently = 1” in J-SHINE, we
count the number of DVs in which the respondent chose “More than Twice,” since the J-SHINE survey counted the number of DVs in three categories (i.e., None, Once, and

More than twice).

“non-schooling” refers to children not going to school, regardless
of whether they belong to an elementary school or preschool.

4.1. Identification

As explained earlier, for school-aged children, elementary
schools were completely closed as of March 2.'° In contrast, nursery
schools and kindergartens were generally open at that time, follow-
ing the announcement of the Ministry of Health, Labour and Welfare.

Interestingly, these governmental decisions on the status of
school closures created two groups of children that faced totally
different statuses of school closures even with a very small time
difference in the matter of their births. More concretely, as of
March 2020, children at the age of 89 months (at the time of the
survey) belonged to the first grade at elementary school, while
children at the age of 88 months were still preschool children in
the highest grade in preschool facilities. Note that in spite of the
fact that the age-in-months between the two groups differs by only
one month-88 and 89-whether or not they could go to school dif-
fered between the two groups.

Based on these facts, we uncover the effects of proactive school
closures by comparing several outcomes between mothers who
had children barely below and barely above the threshold of the
age-in-months of 89. This comparison is based on the idea that
both the observable and unobservable factors that could poten-
tially affect outcomes of interest (i.e.,, y) are continuous at the
age-in-months of 89. Thus, if we find any discontinuity in y at
the threshold, it can be interpreted as the “pure” impact of the
school closures.

4.2. Fuzzy regression discontinuity design

Although it was announced that preschools were exempted
from this nationwide school closure, in truth, not all preschools
were open: The decision to close or open nursery schools and

10 According to the MEXT (2020b), 99.9% of elementary schools were closed as of
March 10.

kindergartens was left to each facility and to the municipality
where they were located.

In other words, exceeding the threshold age-in-months, that is,
89, did not mean that the probability of “non-schooling” changed
from O to 1, since there were some preschools that also made a
decision to close the facilities. Furthermore, even though pre-
schools were not closed, children or their parents could choose
whether to attend. Thus, being a preschool child did not necessar-
ily mean “full schooling,” while school closure in elementary
schools was enforced fully. Due to this imperfect compliance
among preschools and the available option for preschool children
and their parents whether to go to preschool, we apply a fuzzy
RDD to estimate the causal effects of not going to school in March
2020.

Since our running variable is age-in-months, which is uncon-
trollable, there should in principle be no general manipulation
problem around the threshold. Regarding another potential threat
to identification, the timing of school entry cannot be manipulated,
since school admission dates are strictly enforced (Kawaguchi,
2011). Also, grade retention is extremely rare in the Japanese
school system.'!

Finally, note that age-in-months of the firstborn child is used as
the running variable. It is technically possible to use the age of the
youngest child in the household as the running variable, but if that
was used, it could lead to mistakenly treating some households
with more than one child, for example households that consist of
a preschool child whose preschool was open plus a school-aged
child facing school closure, as those that did not face school closure
at all. Note that this mistake cannot happen if we use the age-in-

1 School grades change on April 2, not April 1, in Japan. Note that school closure
was implemented by grade level, not by birth month, and that the information we
have is children’s age-in-months and their school grade. Thus, to construct a valid
running variable, we made an adjustment to include those who were born on April 1
in the group of those who were born in March. Those born on April 1 are in a lower
grade than those born on April 2, and thus it is necessary to separate the two. Only
those who were born on April 1 can be identified even without information about the
children’s exact date of birth, if we use both the information of their grade and their
birth month. By doing so, we can know whether they really experienced school
closure at the level of age-in-months.
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months of the firstborn child in the household as the running
variable.

4.3. Local-linear regression

Since our identification framework is the fuzzy RDD, the treat-
ment effect is recovered by dividing the marginal change of out-
come variables around the threshold by the fraction of children
who did not go to school due to the nationwide request of school
closure in March 2020. Specifically, for a respondent (mother) i
in our survey, we estimate a system of local-linear regressions of
the following form. The first-stage specification is:

Non — Schooling; = op + oI(m; = 89) + oy (m; — 89)
+ (og — o)[(m; = 89)(m; — 89) + ¢, (1)

and the reduced-form specification is:

Yi = fo+ pI(m; > 89) + f(m; — 89)
+ (Br = BI(m; > 89)(m; —89) + €, (2)

where 89 — b < m; < 89 + b and b is the optimal bandwidth around
the cutoff point. Next, Non — Schooling; is a binary variable which
takes a value of one if mother i’s firstborn child did not go to school
in March 2020, and y; is the outcome variable of mother i’s firstborn
child or herself depending on the questions. m; represents age-in-
months of the firstborn child. I(m; > 89) is an indicator function
that takes 1 if the firstborn child’s age-in-months is 89 or older
and otherwise takes 0. Utilizing the estimates on coefficients of
I(m; > 89) separately obtained from these two equations, the fuzzy

regression discontinuity (RD) estimate can be written as /4.

Note that the parameter () obtained from Eq. (2) corresponds
to the estimate that will be obtained from a sharp RD regression,
which is also equivalent to the magnitude of the discontinuity at
the threshold in each figure of outcomes.

Concerning the actual implementation and presentation of this
framework, in addition to reporting the results of the conventional
local-linear regression, we also report results from the robust bias-
corrected inference method (Calonico et al., 2014, 2020). In the
implementation, we use the triangular kernel function that weighs
points near the threshold more heavily than those distant from the
threshold. Regarding the choice of bandwidth, we use the mean
square error optimal bandwidths proposed by the Calonico et al.
(2014) (henceforth referred to as the CCT bandwidth).

In the estimations, we use heteroskedasticity-robust standard
errors as suggested by Kolesar and Rothe (2018). They showed that
the practice of clustering by the running variable does not resolve
specification bias problems in discrete RDD settings and can even
lead to CIs with substantially worse coverage properties than those
based on the conventional heteroskedasticity-robust standard
error. Recent papers such as Canaan (2020) have also tended to
use the conventional robust standard error in response to the
results of Kolesar and Rothe (2018), and so do we.

5. Empirical results
5.1. Checks for continuity assumption

Before presenting the empirical results, we check the validity of
the continuity assumption in Online Appendix B. In the check for
continuity assumption, we examined the continuity of observed
covariates, such as the education level of respondents and age,
and found that the basic characteristics of the respondents and
their children are sufficiently continuous around the cutoff month.
In addition to this, we checked how unobservable characteristics of
respondents were distributed around the cutoff month by using
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the participation rate in the main survey after it was explained that
the main survey included some sensitive questions, such as inquir-
ing about negative impacts on family well-being. In short, we
found the participation rate in the main survey was also continu-
ous around the cutoff, suggesting that sample selection due to
some sensitive questions was not so serious in our survey.

5.2. Impact of school closure on “Non-Schooling”

Fig. 1(a) shows the fraction of preschools and elementary
schools in our sample that was available or unavailable as of March
15, 2020, for each of age-in-months. Since the cutoff value 89 cor-
responds to the age-in-months (evaluated in August 2020) for chil-
dren to move from preschool to elementary school, the probability
of school closure becomes suddenly 100% at this threshold.

Fig. 1(b) presents the RD estimate of the impact of being an ele-
mentary school student (becoming 89 age-in-months or older) on
the probability of “non-schooling”: It is 0.623, and it is significantly
positive even at the 1% significance level.

Thus, we can utilize the large increase in the probability of
“non-schooling” around the threshold (caused by the difference
in the status of school closures) to identify the effects of schooling.

Since we already confirmed that there was no gap in observable
and unobservable factors between mothers who have children
barely below and barely above the threshold in the Online Appen-
dix B, if there was some gap in the outcome variables at the thresh-
old, it should have been caused by the discontinuity in the
probability of schooling as shown in Fig. 1(b).

5.3. Impact of school closure on family

5.3.1. Empirical results related to children

First, we explore the impact of the national school closure on
variables related to children. To estimate the impact on variables
related to children, we created yes-or-no questions about the
changes in the respondent due to the COVID-19 outbreak. By ask-
ing questions focused on changes caused by the COVID-19 out-
break, it is expected that we can exclude the possibility that the
estimates capture the effect of the difference in the children’s life-
styles over the past 12 months around the threshold.!?

Both Fig. 2 and Table 2 report the results related to children
from the yes-or-no questions about the changes due to the
COVID-19 outbreak. Table 2 presents estimates from the conven-
tional local-linear regression and those from the robust bias-
corrected inference method (Calonico et al., 2014, 2020). Although
as indicated in the previous section, the framework of our study is
the fuzzy RD design, we also report sharp-RD estimates as well as
fuzzy RD estimates here because reporting the sharp estimates is
helpful to compare the magnitude of the estimates with the mean
values of each dependent variable as well as the magnitude of the
discontinuity in Fig. 2. In contrast, the fuzzy estimates restore the
causal effect of not going to school in March 2020.

First, according to Fig. 2, the discontinuity in children’s weight
gain is very conspicuous, and the existence of significant disconti-
nuity at the threshold is undeniable. To see the exact magnitude of
the discontinuity and statistical significance level, we will also
check Table 2.

According to the mean value of the dependent variable from
Table 2, about 15 % of respondents answered that their child gained
weight. During the period of school closure, children were basically

12 On the parents’ side, we also checked the effect of having an elementary school
student, using the outcome from the previous year in the same RD setting, but we did
not see any impact of having an elementary school student on variables related to
parents in the previous year, when COVID-19 did not occur, which implies the validity
of our identification methodology and the robustness of our results.
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(b) Impacts on Probability of “Non-Schooling”
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Fig. 1. The Impact of School Closures on “Non-Schooling”. Notes: The childcare facilities that were available as of March 15, including those with requests for voluntary
restraint in the use of the childcare facility, are categorized as “Open” in Fig. 1(a). In Fig. 1(b), observations are averaged within bins using the mimicking variance evenly-
spaced method described in Calonico et al. (2015). Fig. 1(b) also includes second-order global polynomial fits represented by the solid lines. The estimate reported inside the
figure is a sharp-RD estimate obtained from the conventional local-linear regressions. Conventional heteroskedasticity-robust standard errors are reported in parenthesis. The
CCT bandwidth selector proposed by Calonico et al. (2014) is used to calculate the optimal bandwidth. The same bandwidth is applied to the areas below and above the cutoff.
A triangular kernel function is used to construct the estimators. The selected optimal bandwidth is 9.634, and the number of observations within the bandwidth is 4,003. xxx

p<0.01, %+ p<0.05, and * p<0.1.

required to stay home, thus, this result makes sense. The sharp-RD
estimates in Table 2 also suggest that there exists a very large dis-
continuity on children’s weight gain by 9.2 to 9.6 percentage points
around the threshold and that the estimated coefficients are signif-
icantly positive even at the 1% significance level. The fuzzy esti-
mates suggest “non-schooling” due to school closure increases
the fraction of respondents whose child (children) gained weight
by 14.4 to 15.4 percentage points, which are statistically significant
even at the 1% significance level. Note that this estimate means the
counter-factual effect of school closure, that is, if the probability of
school closure was 0 for the left side of the threshold and 1 for the
right side, the effect of school closure would be 14.4 to 15.4 per-
centage points.

The other conspicuous result is about the following item: “I
began to worry about how to raise my child (children) more fre-
quently.” The mean value of the dependent variable in Table 2
and the magnitude of the coefficient are the largest for this item.
Concerning the mean value of the dependent variable, about one-
fifth of respondents answered yes to this item. The fuzzy estimates
indicate that mothers’ worrying over how to raise their children
increased by 17.8 to 20.2 percentage points, which is also statisti-
cally significant even at the 1% significance level. From this result,
we can see how parents became confused and were not ready for
the school closure in March without any instruction on how to
raise children who do not go to school. Accordingly, we find a large
discontinuity in this variable at the cutoff in Fig. 2.

Regarding the remaining two variables: “I began to leave my
child home alone for a longer period of time (per day)” and “I
began to worry about my relationship with my child (children)
more frequently,” although the magnitude of the discontinuity
seems somewhat smaller than the first two variables, children’s
weight gain and mothers’ worrying over how to raise their child
(children), the discontinuities at the threshold are also clear in
Fig. 2.

To check the statistical significance, we will move on to Table 2.
Concerning the variable “I began to worry about my relationship
with my child (children) more frequently,” the mean value of the
dependent variable indicates that 15.7 % of respondents answered
yes to this question, the number of which is almost the same level
as that for children’s weight gain. Comparing this number with the
sharp-RD estimates, it can be said that 6.4 to 7.5% of the increase in

the fraction of those who answered yes to this question should
have been caused by the school closure in March. In contrast, the
fuzzy RD estimates indicate that a compulsory school closure that
changes a probability of schooling from zero to one would increase
the fraction who answer “I began to worry about my relationship
with my child (children) more frequently” by 10.1-12.0 percentage
points, which is not a small amount.

The modest but still significant effect among the four variables
is the variable about leaving a child home alone, which potentially
induces delinquency among children (Aizer, 2004; Blau and Currie,
2006). In Japan, since the school closure was announced abruptly
and implemented within a short period, there should have been
many parents who were not ready for it. For this reason, especially
among working mothers who could not find any support for their
children, there should have been many people who began to leave
their child (or children) home alone. In Table 2, the mean value of
the dependent variable is 7 %, and the sharp-RD estimates suggest
that 4.6 to 5.2 % of the increase in the fraction of those who
answered yes to the question,“l began to leave my child home
alone for a longer period of time (per day)” can be due to the school
closure that happened in March. In contrast, the fuzzy RD esti-
mates suggest that if being a preschool child had exactly meant a
“full schooling,” the magnitude of the effect of school closures on
mothers’ leaving their child home alone would have been 7.3 to
8.4 percentage points.

5.3.2. Empirical results on parents

Note that in the Online Appendix A, we introduced evidence of a
sharp increase in Google searches for the word “divorce” on March
2, when the school closure was suddenly announced. Does this
lead to a situation in which marital relationships worsened in
response to the confusion of the school closure and/or too great
of a burden of childcare on parents?.

To answer this question, first, we examine the impact on DVs.'?
Fig. 3 presents the results of total scores of DV behavior in August.
Obviously, the discontinuity at the threshold for this variable is
“hard-to-see,” and the scatter plots look very “noisy.” Indeed,

13 For the definition of each marital relationship measure in this section is reported
in Section 3.3.
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Fig. 2. RD Estimates on Changes Related to Children Caused by the COVID-19 Outbreak. Notes: Observations are averaged within bins using the mimicking variance evenly-
spaced method described in Calonico et al. (2015). Each plot includes second-order global polynomial fits represented by the solid lines.

Table 2
RD estimates for the impact of school closures on variables related to children.
(1) (2) (3) (4) (5) (6) (7)
Sharp (Reduced Form) Fuzzy (IV)
Dependent Variable: 1 (Yes) or 0 (No) Mean of Dep. Var. Conventional Bias-corrected Conventional Bias-corrected Optimal Bandwidth N
My child gained weight
0.151 0.092:xx 0.0965xx 0.1445xx 0.154 5% 11.570 4,728
(0.022) (0.026) (0.035) (0.042)
I began to worry about how to raise my child more frequently
0.218 0.110x%xx 0.124 55 0.178xxx 0.2025x% 7.805 3,189
(0.032) (0.036) (0.053) (0.059)
I began to worry about my relationship with my child more frequently
0.157 0.064 x5 0.075%#x 0.107 s 0.120%x 9.769 4,003
(0.025) (0.028) (0.039) (0.044)
I began to leave my child home alone for a longer period of time (per day)
0.070 0.0465%x:x 0.052 %% 0.073 %% 0.084 %% 9.898 4,003
(0.017) (0.019) (0.027) (0.031)

Notes: Table 2 presents estimates from the conventional local-linear regressions as well as estimates to which the robust bias-corrected inference method (Calonico et al.,
2014, 2020) is applied. Conventional heteroskedasticity-robust standard errors are reported in parentheses. For the estimates from the robust bias-corrected inference
method, robust standard errors are reported. The CCT bandwidth selector proposed by Calonico et al. (2014) is used to calculate the optimal bandwidth. The same bandwidth
is applied to the areas below and above the cutoff. A triangular kernel function is used to construct the estimators.«+x p<0.01, xx p<0.05, and * p<0.1.
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Fig. 3. RD Estimates for the Impact of School Closures on Parents in August. Notes: Observations are averaged within bins using the mimicking variance evenly-spaced
method described in Calonico et al. (2015). Each plot includes second-order global polynomial fits represented by the solid lines.

according to Table C1 in the Online Appendix, this discontinuity
turned out to be statistically insignificant.

Next, we will see how other measures of marital relationships
were affected by the sudden school closure. Fig. 3 also reports
the results on several measures of marital relationships, and we
do not see clear discontinuities from any measure of marital rela-
tionships. The estimation results for these variables are presented
in Table C1, and we confirmed that the estimates are all insignifi-
cant for these variables.'* Note that although the bias-corrected
RD estimate of the impact on subjective marital satisfaction is close
to zero, it should not be characterized as precisely zero, because the
standard error is too large to rule out economically significant
effects. The same trend can be seen for the other estimates in
Table C1 as well.

Thus, although in Fig. 3, all the discontinuities at the threshold
seem very tiny or negligible, indeed, we have confirmed that these

14 This result might be a bit surprising if we recall the sharp increase of Google

searches for the word “divorce” on March 2 shown in the Online Appendix A.
However, in reality, we do not see any evidence of a significant increase even in the
risk of divorce. This is probably because Google searches measure the trends of
divorce risk only in a rough manner.

“hard-to-see” or “invisible” gaps in the figures are truly statisti-
cally insignificant by Table C1. Thus, we have not obtained any sig-
nificant results in marital relationship measures.

There might be a concern that the timing of the survey was too
late to capture the impact on these measures. Thus, we also asked
about situations related to marital relationship in March for each
variable except for “Quality of Marriage Index,” which results in
the March result being missed. Table C2 reports the comparison
of impacts on DVs between August and March. As can be confirmed
from the table, we can see the increase in the mean value of the
dependent variable in March, but we do not observe any statisti-
cally significant results. Although due to the limited space, we do
not include the comparison between March and August for other
variables, and other measures of marital relationships also show
a similar pattern, that is, we do not see any statistically significant
results even in March.

5.3.3. Robustness check

In Online Appendix D, we present some robustness checks. First,
in Table D1, we report results with local-quadratic specification.
Second, in Table D2, we report results with another bandwidth
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selector type that focuses on delivering confidence intervals with
optimal coverage error rates proposed by Calonico et al. (2018).
From both robustness checks, we can confirm that our main results
have been preserved, which indicates how robust our main
results are.

6. Sub-sample analysis

In this subsection, by utilizing rich individual-level information
included in our survey, we will explore a sub-sample analysis of
children’s outcomes. We first focus on children who had the great-
est potential to be negatively affected by the COVID-19 pandemic
(Bacher-Hicks et al., 2020; Chetty et al., 2020; Adams-Prassl
et al., 2020) —that is, those with mothers and fathers with low edu-
cational attainment. In this sub-sample analysis, mothers and
fathers are categorized into the “high” education group if they
graduated from college, and otherwise into the “low” group. Next,
we explore the heterogeneity based on working status as of Febru-
ary 2020 and availability of informal support from grandparents as
of February 2020 because sudden school closure may have detri-
mental effects on families with low availability of alternative child-
care resources—for example, dual-income couples whose parents
did not live nearby.

Finally, we additionally split the sample according to (1) pre-
fecture of residence, (2) mother’s age, (3) gender of the child,
and (4) the number of sibling(s). Out of (1) prefecture of resi-
dence, we constructed two groups according to whether the
respondents lived in one of the seven prefectures where the state
of emergency was declared proactively on April 7 because of the
rapid spread of COVID-19. While elementary schools were closed
nationwide, the local spread of COVID-19 may have affected how
they coped with new daily life. For example, children in low
infection regions could play together during March and April,
but those in high infection regions could not, so they had to play
alone, and the childcare burden, especially for mothers, might
have been enormous.

Subsample results on changes in children due to the COVID-19
outbreak are reported in Fig. E1. In Fig. E1(a), we find a significant
increase in home-alone hours among two-income households and
households with boys. While the coefficient is statistically signifi-
cant among households with children’s grandparents living
nearby, the point estimates do not differ substantially by the
grandparents’ proximity. In Fig. E1(b), we find suggestive evidence
that the extent of children’s weight gain due to the COVID-19 out-
break differs according to the educational attainment of the
fathers. When fathers have graduated from college, the fuzzy RD
estimate is smaller by about 5 percentage points than that for chil-
dren with non-college-educated fathers. This directly suggests that
school closures have negative effects on children’s health, espe-
cially among those from low socioeconomic backgrounds. In addi-
tion to this, we found strong adverse effects among children
without support from grandparents and without sibling(s). While
there may be numerous stories to account for these findings con-
sistently, one possibility is that school closure made children much
more physically inactive when they had no close relatives. In fact,
during March and April, it was generally difficult for children to
meet and play with non-relatives so that the absence of relatives,
especially siblings, leads to weight gain through a sharp reduction
of physical activities.

Finally, we found a large increase in childcare anxiety measured
by the item “I began to worry about how to raise my child more
frequently” among mothers who lived in the seven prefectures
with a high infection rate. On the subsample results on other out-
come variables such as DVs and QMI, see Online Appendix E.

Journal of Public Economics 195 (2021) 104364
7. Conclusions

This study provides the first evidence in a comprehensive
study design of how school closures without a strong lockdown
policy affected children and parents. Unlike countries that imple-
mented lockdown, the Japanese government did not implement
strong anti-COVID-19 policies except for school closures. In addi-
tion to this, our research design enables us to compare the two
groups of children and parents who faced totally different sta-
tuses of school closures even with a very small difference in the
timing of the children’s birth. Due to the very small difference
in the timing of their birth, they are likely to have similar charac-
teristics and experiences of the same alternative anti-COVID-19
policies. Thus, this study successfully estimates the pure impacts
of school closure on comprehensive outcome variables related
to families.

As the most pronounced results, we have found a clear increase
in children’s body weight, time spent home alone by children, and
mothers’ worrying over how to raise their children. Quantitative
impacts are also sizable: The fraction of mothers whose child (chil-
dren) gained weight increased by 14.4 to 15.4 percentage points
and mothers’ worrying over how to raise their children increased
by 17.8 to 20.2 percentage points. Regarding the increase in body
weight, the effects were prominent among children from low
socioeconomic backgrounds.

Overall, this study implies that the school closure increased
time spent home alone, and the reduction in physical activities
might directly have resulted in the large weight gain among chil-
dren. Furthermore, because of these negative effects on children,
mothers began to worry about how to raise their children more
frequently, which may lead to further deterioration of a healthy
parent—child relationship in the long run.

Concerning the current policy debate on school closure, this
paper provides clear insights on what we should know before we
close schools during a pandemic. First, given the results presented
in this paper, school closure may have unexpected side effects on
non-academic health outcomes (i.e., weight gain). It is obvious that
every day walking on school roads with friends itself is an exercise
and that children are naturally kept away from eating unhealthy
snacks by schools. School meal programs generally provide chil-
dren with well-balanced meals. As a result of the sudden loss of
these in their daily lives, many children experienced weight gain.
Even if online education could offer a complete substitute for real
in-person education in the future, in an academic sense, it should
not be ignored that schools do not solely give academic education
to children, but contribute to children’s healthy lives. Therefore,
this aspect of real in-person schooling should not be ignored. Given
that some epidemiological studies consistently find that school
closure is not an effective tool to control COVID-19 (Armbruster
and Klotzbiicher, 2020; Iwata et al., 2020), we should pay closer
attention to the adverse side effects of school closures carefully.

Second, if we have to close schools again due to the overwhelm-
ing spread of COVID-19, schools should provide families with ade-
quate online education as well as guidelines on how children and
parents can spend their time at home in more healthy and produc-
tive ways. Throughout the school closure during March and April,
many parents in Japan worried about their relationships with their
children because elementary schools did nothing except provide
homework. It was really surprising that during March and April
2020, interactive online learning was provided in only five percent
of all schools in Japan (MEXT, 2020a). Consistent with a lack of pol-
icy to support children’s education, our results show that school
closure had negative effects on mothers’ worrying about how to
raise their children. While this should be confirmed carefully, the
deterioration of the mother-child relationship might have been
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alleviated if policymakers had provided much more effective mea-
sures to compensate for the sudden stop of schooling.

We hope to examine effects on children from other perspectives
as well. For example, high-quality schools (Dobbie and Fryer, 2011)
and intensive compulsory education (Kawaguchi, 2016) both con-
tribute to equalizing the academic performance of children from
different socioeconomic backgrounds; thus there is a possibility
that this school closure may lead to the widening of the inequality
of academic performance of children and hence the inequality of
their future economic outcomes. To uncover these long run effects
is left to future studies.
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A Schools and School Closure in Japan

This appendix provides a brief explanation of school systems in Japan and a comprehensive

description of school closures from March 2.

A.1 Schools in Japan

In Japan, choices of childcare change according to the child’s age. For children less than
3 years old, parents, especially mothers, generally take care of their children as full-time
childcare providers. If mothers work outside the home, their children can be left in a daycare
center. A typical daycare center in Japan keeps preschool children from 8:00 or 9:00 o’clock
to 18:00 o’clock for low fees. Once the children of full-time housewives reach 3 years old,
they can go to kindergarten. Japanese kindergartens typically have short business hours
(e.g., 4 hours per day), which is mostly similar to the school hours for first graders. Also,
kindergartens are closed during long seasonal vacations, just as elementary schools are, while
there are no seasonal vacations at daycare centers. Because home care or home education
for children aged 3 to 5 years old is not popular in Japan, preschool children are either in
daycare centers or kindergarten before starting school. According to Cabinet Office (2015),
33.3% and 63.8% of 5-year-olds attend daycare and kindergartens, respectively.

Children enter elementary school at age 6. The school year starts April 2 and all children
who turn 7 during the year from April 2 to April 1 in the next year enroll in first grade.
While some students go to private schools, this proportion is only 1 percent. Finally, as
is stated in the main text, the timing of school entry cannot be manipulated since school

admission dates are strictly enforced with almost complete compliance (Kawaguchi, 2011).

A.2 General Description of Timeline of School Closure

As noted in the main text, elementary schools were closed on March 2. This sudden and
unpredictable request for school closure was one of the most prominent features of Japan’s
anti-Covid-19 measures. From an international perspective, as is shown in Table A1, many
developed countries closed schools only gradually. For example, in the UK, school closures
started on February 20 in some regions, and nationwide closures were implemented about
one month after the first closures. However, nationwide closure was abruptly implemented
in Japan despite the fact that the number of accumulated Covid-19 deaths on the day of the
announcement was only three people.

While the true reason behind Prime Minister Abe’s declaration of school closures is not
completely clear, hosting the Tokyo Olympics in August 2020 as planned would be a strong
motivation to implement school closure. The official explanation in the statement from the

Cabinet Office seems to be based on the belief that infectious disease spreads rapidly among
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Table Al: Timings of School Closures and Reopenings in Selected Countries

Localized Closure National Closure Localized Again Reopen

Japan - March 2 April 6 June 1
US February 28 April 10* - -

UK February 28 March 20 June 1 -
France March 3 March 16 May 11 May 25
Germany March 3 March 18 May 4 -

Italy February 24 March 10° - -
Canada March 13 March 23 - -
Sweden March 18¢ - - June 15
Finland - March 18¢ - -
Denmark - March 16 April 15 May 27
Switzerland March 12 March 16 May 11 June 8
Korea - March 2 May 20 June 8
China February 16 February 21 April 27

Australia March 24 - - June 9

Notes:

a. The majority of states mandated school closures, including until the end of the academic year. Some
states, however, recommended but did not mandate school closures.

b. On May 11, the government announced school closures until the end of the academic year. Classes
continued through distance learning.

c¢. Closure of all upper secondary educational institutions and universities.

d. Education in the early grades continued in some cases, as well as in general for children with special needs
and if considered necessary for the completion of studies.

Source: (UNESCO, 2020)

young children, as with influenza, and the government should save children from this new
disease. Indeed, Prime Minister Abe explained why schools should be closed as follows:
(Cabinet Office, 2020):

When schools are closed, it will be a great burden for families with small children. Never-
theless, above all, the health and safety of children must be the first priority, and we should
avoid having many children and school teachers gather for long hours on a daily basis. Also,

we must prepare for the risk of infection by avoiding gathering in the same space.
Shinzo Abe, February 29, 2020

The timeline of major events after March 2 is summarized in Figure Al(a). Since the
number of new COVID-19 cases dramatically increased, the declaration of emergency was
made on April 7 for seven prefectures that had especially large numbers of COVID-19 infec-
tions. However, the situation was worsening and it was finally expanded nationwide on April

16. Note that the declaration of emergency gives local governments the power to enforce



O Joy Ul WM

O OO OO U U UG OO UTO O D D_DMDDDEDNEDDDWWWWWWWWWWDNDNDNDNdNDNDNdDNdDNMDSNREREPRRRRRRRERR
O WNHFOWOJOHNUDdWNREFOWOJIJOHNUDdWNEFOWOXJIUDdWNREFOWOWJIOUDdWNEF OWOOJoY U D WwWwNEFH O

preventive steps and allows them to request school and business closures, though there are
no legal penalties for noncompliance. Since the epidemic was temporally over, the state of

emergency was lifted on May 25. The date of schools reopening was June 1.

Figure A1: The COVID-19 Outbreak in Japan
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Notes: The area shaded in red represents the duration of the declaration of emergency. The solid
vertical line represents the timing of the announcement of school closure on March 2 and the
reopening of schools on June 1.

A.3 Proportion of Schools Closed

Since the official document of the Ministry of Education, Culture, Sports, Science and Tech-
nology (MEXT) summarized how many schools opened or closed at each time point (MEXT,
2020b), we could follow the influence of major events such as the declaration of a state of
emergency more accurately. Soon after school closure began on March 2, 99.9% of elemen-
tary schools were closed by March 4, as shown in Table A2. Note that there are no official
statistics on how many preschools opened in March, but preschools were generally exempted
from the request of school closure because of concerns about preschool children staying home
alone when their parents were at work outside the home. Our survey confirmed this point
directly; Figure 1 shows that most children aged less than 89 months, namely preschool
children as of March 2020, could actually go to preschool.

In the Japanese school calendar, in which the new year starts in April, spring vacation
generally starts March 25-26 and ends April 5-6 in 2020. Thus school-aged children were

4
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Table A2: Major Events and the Proportion of Schools Closed

Preschool Elementary School

Date Major Events (1) (2)
March 2 School Closures Started

March 4 N/A 99%
March 16 N/A 99%
March 25 Spring Vacation Stared

April 6 27% 36%
April 7 Declaration of Emergency in 7 Prefectures

April 10 46% 67%
April 16  Nationwide Declaration of Emergency

April 22 73% 95%
May 11 7% 88%
May 25 End of Declaration of Emergency

June 1 2% 1%

Notes: Rows shaded in gray represent the date when the major event occurred. Chiba, Saitama, Tokyo,
Kangawa, Osaka, Hyogo, and Fukuoka represent the seven prefectures where the state of emergency was
declared on April 7. The data in Column (1) does not include daycare centers.

Source: (MEXT, 2020b)

out of school for a month even at the beginning of a new school year. While some schools in
the area with low infection rates opened gradually beginning on April 6, this trend reversed
again on April 7 when the state of emergency was declared in seven large prefectures (i.e.,
Chiba, Sitama, Tokyo, Kanagawa, Osaka, Hyogo, and Fukuoka). The proportion of closed
schools suddenly increased from 36% to 67% by April 10. When the nationwide declaration
of emergency went into effect on April 16, almost all the schools were closed again. About
70% of preschools were also closed due to the nationwide declaration of emergency. Even as
of May 11, 85% of elementary schools and 77% of preschools were still closed. These streams
of events suggest that most elementary school students were deprived of access to education
for at least two months, but preschool children experienced school closure for only about
one month. Eventually, school closure ended when the declaration of emergency was lifted
on May 25.

A.4 Google Search Trend for the Word “Divorce”

Because the school closure on March 2 was too proactive, it caused substantial confusion for
families. As suggestive evidence of this confusion, a new term “corona divorce” became com-
monly used on Japanese social media to describe the surge of divorce risk during March-April
2020. Figure A2(b) reports a Google search trend, which represents the relative popularity of
the word in Google searches. The number 100 on the y-axis indicates very frequent searches
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and 0 indicates the opposite. The dots and the plus (+) symbols represent the data in 2020
and 2019, respectively. The RD gap for 2020 data estimated by the local-linear regression
is positive, although the estimate is somewhat noisy. The gap for 2019 data is invisible at
around March 2, which means that the observed jump in March 2 in 2020 is not driven
by the seasonal trend of the divorce search because we can see no significant jump at the

threshold when using the data of the previous year (i.e. 2019).

Figure A2: Google Search Trends for the Word “Divorce”
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Notes: In the upper figure, the area shaded in red represents the duration of the declaration of
emergency. The solid vertical line represents the timing of the announcement of school closure on
March 2 and the reopening of schools and daycare centers on May 25. The RD estimate reported
in the figure was obtained in the same way as that of Figures 1(b) and Figure B2.
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B Tests for the Continuity Assumption of the RD De-
sign

B.1 Check for Continuity of Potential Covariates

In this subsection, we conduct a parallel RD analysis on potential covariates to determine
whether they are continuous at the age of 89 months. Figure Bl presents the average
number of children, the fraction of those whose firstborn child was a girl, the fraction of
college graduates, the fraction of those whose parents’ support was available at least as
of Feb. 2020, the fraction of those who worked as regular workers as of Feb. 2020, and
the fraction of those who did not work as of Feb. 2020 by each age-in-months of firstborn
children.

According to Figure B1, there seems to be no discontinuity at the threshold age-in-months
of 89, and indeed, it has been confirmed that the gap is statistically insignificant for all the
potential covariates. This result demonstrates that observable factors were all continuous at
the threshold, assuring the similarity of the two groups around the threshold.

In the next subsection, we will see the unobservable factors in the error term were also

continuous at the threshold.

B.2 Check for Continuity in Unobservable Factors

As already explained in the data section, before moving to the main survey, respondents
were required to answer a question about their willingness to participate in the main survey
after having been explained that the main survey included some sensitive questions, such as
questions about mental health and marital relationships, as well as some questions about
negative impacts that the childcare burden could cause.!®

The respondents who refused to move on to the main survey were then dropped from the
sample at this stage, and it was assumed that they felt uncomfortable in answering sensitive

questions due to some negative experience related to the questions.'6

5 Through this question, about 20% of the respondents who satisfied all the required conditions about
their attributes chose not to move on to the main survey because of the existence of sensitive questions.

16Here, we will clarify that these respondents chose to quit the survey at this stage not because they had
no time or had no interest in this research but because they had some problems or felt uneasy in answering
sensitive questions. Before the last screening question, there were 11 questions, including questions asking for
information about their children. In addition to this, the respondents had originally decided to participate
in our survey after understanding the topic of the survey. Thus, if the issue was that they simply had no
time to move on to the main survey or no interest in our survey, they would not have reached the stage
of the last question of the screening test. In addition to this, by company rule, it was determined that
remuneration would be paid only if a respondent finished all the questions of the main survey after passing
the screening test. Thus, there was no benefit in proceeding to the screening test only in terms of the reward,
which implies that the those who dropped out of the screening test at the last question were those who felt
significantly uncomfortable about answering the potentially sensitive questions.

7
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Figure B1: Check for Continuity of Potential Covariates
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Notes: Observations are averaged within bins using the mimicking variance evenly-spaced method described
in Calonico et al (2015). Each plot includes second-order global polynomial fits represented by the solid
lines. Except for Figure Bl(a), the y-axis represents the fraction of each category.

Since our running variable is the age of months, which is uncontrollable, originally, there

should be no general manipulation problem around the threshold. However, it could be
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possible for the groups around the threshold to be different if mothers who had experienced
school closures were more likely to feel uncomfortable in answering sensitive questions and
tended to drop from the sample of the main survey. In that case, it would lead to under-
estimating the magnitude of the effect of the school closure because those seriously affected
were not included in the sample.

Thus, we tested whether sample drops at the sensitive question were “truly” more likely
to occur for mothers barely above the threshold, that is, those who experienced the sudden
school closure in March 2020, which confirmed that there is no such trend in this subsection.

Figure B2 presents the result for the fraction of those who answered no to moving forward
to the main survey. According to Figure B2, we do not find any statistically significant gap
around the threshold.

Figure B2: Check for Continuity in Sample Drop

' RD Estimate: 0.012
: (0.025)

T T T T
53 65 7T, 89 101 113 124
Age in Months of the Firstborn Child

Notes: Observations are averaged within bins using the mimicking variance evenly-spaced method described
in Calonico et al (2015). Each plot includes second-order global polynomial fits represented by the solid
lines. The estimate reported inside the figure is a sharp-RD estimate obtained from the conventional local-
linear regressions. Conventional heteroskedasticity-robust standard errors are reported in parenthesis. The
CCT bandwidth selector proposed by Calonico et al (2014) is used to calculate the optimal bandwidth. The
same bandwidth is applied to the areas below and above the cutoff. A triangular kernel function is used to
construct the estimators. The selected optimal bandwidth is 8.288, and the number of observations within
the bandwidth is 5,022. *** p<0.01, ** p<0.05, and * p<0.1.

Thus, we do not see any significant gap at the threshold in the fraction of sample drops
caused by the existence of sensitivity questions in the main survey between the right and
the left sides of the threshold, which does support the validity of our RD strategy.

Furthermore, because of limited space, we omitted presenting the results, however, there
was also no significant difference between the two groups around the threshold in the sample

drop among 17,860 samples who agreed to move on to the main survey to 15,836 samples
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who finished the main survey as well.

Note that the continuity test here was different from Figure B1 in the sense that the
gap between the two groups in the sample drop potentially captured the difference in un-
observable factors in the error term between the two groups, while Figure B1 captures the
difference in observable factors. Thus, by showing the result of Figure B2 as well, we have
confirmed that unobservable factors are thought to satisfy the continuous assumption too.

The results both from Figures B1 and B2 indicate that the people at the right-hand side
of the threshold are considered to be a good counter-factual for those at the left-hand side,

and vice versa.

10
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C RD Estimation Results for Parents

Table C1: RD Estimates for the Impact of School Closures on Parents in August

1) (2) (3) 4) () (6) (7)

Sharp (Reduced Form) Fuzzy (IV)
Mean of Optimal
Dependent Variable: Dep. Var. Conventional Bias-corrected Conventional Bias-corrected Bandwidth N
Total Score of DVs: 10(Low) -30(High)
11.507 -0.048 -0.007 -0.075 -0.013 13.452 5466
(0.202) (0.239) (0.316) (0.375)
Subjective Marital Satisfaction: 1(Not at all) -5(Very Satisfied)
3.474 0.011 -0.001 0.017 -0.001 13.698 5466
(0.065) (0.077) (0.101) (0.121)
Total Score of Divorce-Risk Indexes: 4(Low Risk) -20(High Risk)
6.492 -0.121 -0.089 -0.190 -0.144 13.623 5466
(0.191) (0.228) (0.299) (0.357)
Quality of Marriage Index: 6(Poor) -24(Excellent)
16.913 0.181 0.253 0.285 0.403 11.928 4728
(0.310) (0.369) (0.488) (0.580)

Notes: Table C1 presents estimates from the conventional local-linear regressions as well as estimates to which
the robust bias-corrected inference methods are applied. Conventional heteroskedasticity-robust standard
errors are reported in parentheses. For the estimates from the robust bias-corrected inference methods,
robust standard errors are reported. The CCT bandwidth selector proposed by Calonico et al (2014) is used
to calculate the optimal bandwidth. The same bandwidth is applied to the areas below and above the cutoff.
A triangular kernel function is used to construct the estimators.*** p<0.01, ** p<0.05, and * p<0.1.

Table C2: RD Estimates for the impacts of School Closures on DVs

Dependent Variable: (1) (2) 3) (4) (5) (6) (7)
Sharp (Reduced Form) Fuzzy (IV)
Total Scores of Each Mean of Optimal
DV Dummy Variable Dep. Var. Conventional Bias-corrected Conventional Bias-corrected Bandwidth N
Panel A. August
eMore Than Once = 1 1.217 -0.055 -0.021 -0.086 -0.035 13.171 5466
(0.141) (0.167) (0.221) (0.261)
eFrequently = 1 0.283 0.008 0.016 0.013 0.026 12.107 5116
(0.086) (0.103) (0.135) (0.162)
Panel B. March
eMore Than Once = 1 1.265 0.187 0.220 0.296 0.353 9.583 4003
(0.175) (0.207) (0.276) (0.328)
eFrequently = 1 0.341 0.126 0.109 0.200 0.175 10.248 4390
(0.103) (0.123) (0.164) (0.195)

Notes: Table C2 presents estimates from the conventional local-linear regressions as well as estimates to which
the robust bias-corrected inference methods are applied. Conventional heteroskedasticity-robust standard
errors are reported in parentheses. For the estimates from the robust bias-corrected inference methods,
robust standard errors are reported. The CCT bandwidth selector proposed by Calonico et al (2014) is used
to calculate the optimal bandwidth. The same bandwidth is applied to the areas below and above the cutoff.
A triangular kernel function is used to construct the estimators.*** p<0.01, ** p<0.05, and * p<0.1. The
total score of DVs is 10 at maximum because we asked 10 questions on DVs, and here we used dummies
for each item of DV. 10 DV items consisted of five elements (e.g., “ignoring” and “hitting”) and who did it
(i.e., wife or husband). We measured the frequency of DVs in three categories (i.e., Never, Sometimes, and
Frequently). Thus, for the results of “More Than Once = 1,” we counted the number of DVs in which the
respondent chose “Sometimes” or “Frequently.” For the results of “Frequently = 1,” we counted the number
of DVs in which the respondent chose “Frequently” only.

11
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D Robustness Checks

Table D1: Robustness Check Using Local-quadratic Specification

(1) 2 3) 4) () (6) (7)

Sharp (Reduced Form) Fuzzy (IV)
Dependent Variable:  \[ean of Optimal
1 (Yes) or 0 (No) Dep. Var. Conventional Bias-corrected Conventional Bias-corrected Bandwidth N
My child gained weight
0.152 0.105%** 0.109%*** 0.176%** 0.187*** 10.845 4390
(0.034) (0.040) (0.058) (0.068)
I began to worry about how to raise my child more frequently
0.226 0.132%** 0.132%%* 0.2227%%* 0.229%** 10.392 4390
(0.042) (0.050) (0.073) (0.086)
I began to worry about my relationship with my child more frequently
0.158 0.095%** 0.097** 0.160** 0.169** 10.277 4390
(0.037) (0.043) (0.063) (0.074)
I began to leave my child home alone for a longer period of time (per day)
0.072 0.053%** 0.058%** 0.085%*** 0.094%** 16.613 6681
(0.019) (0.021) (0.031) (0.034)

Notes: Table D1 presents estimates from the conventional local-linear regression and those from local-linear
regressions with robust bias-corrected confidence intervals and inference procedures following the approach
developed in Calonico et al (2014, 2020). Conventional heteroskedasticity-robust standard errors are reported
in parentheses. For the estimates from the robust bias-corrected inference methods, robust standard errors
are reported. The CCT bandwidth selector proposed by Calonico et al (2014) is used to calculate the optimal
bandwidth. The same bandwidth is applied to the areas below and above the cutoff. A triangular kernel
function is used to construct the estimators.*** p<0.01, ** p<0.05, and * p<0.1.

Table D2: Robustness Check Using Another Type of Bandwidth Selector

(1) (2) 3) 4) ©) (6) (7)

Sharp (Reduced Form) Fuzzy (IV)
Dependent Variable:  \jean of Optimal
1 (Yes) or 0 (No) Dep. Var. Conventional Bias-corrected Conventional Bias-corrected Bandwidth N
My child gained weight
0.153 0.099* 0.101%** 0.162* 0.166*** 7.134 3189
(0.028) (0.030) (0.047) (0.050)
I began to worry about how to raise my child more frequently
0.222 0.135%** 0.141%** 0.231%** 0.241%%* 4.813 1882
(0.043) (0.044) (0.074) (0.077)
I began to worry about my relationship with my child more frequently
0.150 0.079** 0.084** 0.130%* 0.139** 6.024 2730
(0.032) (0.033) (0.054) (0.056)
I began to leave my child home alone for a longer period of time (per day)
0.073 0.060%** 0.062%** 0.099%** 0.103*** 6.103 2730
(0.022) (0.023) (0.036) (0.037)

Notes: Table D2 presents estimates from the conventional local-linear regression and those from local-linear
regressions with robust bias-corrected confidence intervals and inference procedures following the approach
developed in Calonico et al (2014, 2020). Conventional heteroskedasticity-robust standard errors are reported
in parentheses. For the estimates from the robust bias-corrected inference methods, robust standard errors
are reported. A bandwidth choice that focuses on delivering confidence intervals with optimal coverage error
rates proposed by Calonico et al (2018) is used to calculate the optimal bandwidth. The same bandwidth
is applied to the areas below and above the cutoff. A triangular kernel function is used to construct the
estimators.*** p<0.01, ** p<0.05, and * p<0.1.
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E Heterogeneous Effects

Figure E1: Heterogeneity: Changes of Children’s Outcomes and Daily Lives Due to COVID-19

(a) “I began to leave my child home alone for a longer period of time (per day).”
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Full sample (N=15,386) -

Mother' age less than median (N=7,356)
Mother' age above median (N=8,480)
Mother's education level /High (N=6,810)-
Mother's education level /Low (N=9,026
Father's education level /High (N=8,744)
Father's education level /Low (N=7,092) -
Two income households/Yes (N=8,568) -
Two income households/No (N=7,268) -
Support from grandparents / Yes (N=5,661)
Support from grandparents / No (N=3,102)
Live in 7 large prefectures /Yes (N=7,496)
Live in 7 large prefectures /No (N=8,340) -
Girl (N=7,766)

Boy (N=8,070)

Sibling(s)/Yes (N=11,357)
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Full sample (N=15,386) -

Mother' age less than median (N=7,356)
Mother' age above median (N=8,480)
Mother's education level /High (N=6,810)
Mother's education level /Low (N=9,026
Father's education level /High (N=8,744)
Father's education level /Low (N=7,092) -
Two income households/Yes (N=8,568)
Two income households/No (N=7,268)
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Coefficient & 95% Confidence Interval

“My child gained weight.”
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Live in 7 large prefectures /Yes (N=7,496)
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(c) “I began to worry about how to raise my child more frequently.’

Full sample (N=15,386) -

Mother' age less than median (N=7,356)
Mother' age above median (N=8,480)
Mother's education level /High (N=6,810)-
Mother's education level /Low (N=9,026
Father's education level /High (N=8,744)
Father's education level /Low (N=7,092) -
Two income households/Yes (N=8,568) -
Two income households/No (N=7,268)
Support from grandparents / Yes (N=5,661)
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Coefficient & 95% Confidence Interval

Support from grandparents / No (N=3,102) -
Live in 7 large prefectures /Yes (N=7,496)
Live in 7 large prefectures /No (N=8,340)
Girl (N=7,766)+

Boy (N=8,070)|

Sibling(s)/Yes (N=11,357)

Sibling(s)/No (N=4,479)
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Notes: See the notes of Figure E2.
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Figure E2: Heterogeneity: Marital Relationships

(a) Total DV Score (Frequently=1)

Full sample (N=15,386) -
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Mother's education level /High (N=6,810)
Mother's education level /Low (N=9,026
Father's education level /High (N=8,744)
Father's education level /Low (N=7,092)
Two income households/Yes (N=8,568) -
Two income households/No (N=7,268) -
Support from grandparents / Yes (N=5,661)

Support from grandparents / No (N=3,102)
Live in 7 large prefectures /Yes (N=7,496)
Live in 7 large prefectures /No (N=8,340)
Girl (N=7,766) 1

Boy (N=8,070)

Sibling(s)/Yes (N=11,357)

Sibling(s)/No (N=4,479)
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(b) Quality of Marriage Index

Full sample (N=15,386) -

Mother' age less than median (N=7,356)
Mother' age above median (N=8,480)
Mother's education level /High (N=6,810)-
Mother's education level /Low (N=9,026
Father's education level /High (N=8,744)
Father's education level /Low (N=7,092) -
Two income households/Yes (N=8,568) -
Two income households/No (N=7,268)
Support from grandparents / Yes (N=5,661) -

Support from grandparents / No (N=3,102)
Live in 7 large prefectures /Yes (N=7,496) -
Live in 7 large prefectures /No (N=8,340) -
Girl (N=7,766) 1
Boy (N=8,070)
Sibling(s)/Yes (N=11,357)
Sibling(s)/No (N=4,479) b

M 2 0 2 3

Coefficient & 95% Confidence Interval

Notes: Fuzzy RD estimate and a 95% confidence interval are plotted according to subsamples that are explained in
the label of the vertical axis. Fuzzy RD estimate is obtained from a local-linear regression with robust bias-corrected
confidence intervals. The bias-corrected coefficient and a standard derived error from a robust variance estimator are
reported (Calonico et al, 2014). The CCT bandwidth selector proposed by Calonico et al (2014) is used to calculate the
optimal bandwidth. Heteroskedasticity-robust standard errors are used to construct a 95% confidence interval. For the
results of “Frequently = 1,” we counted the number of DVs in which the respondent chose “Frequently” only.
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