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Abstract
Japan’s government has taken a number of measures, including declaring a state of emergency,
to combat the spread COVID-19. We examine the mechanisms through which the government’s
policies have led to changes in people’s behavior. Using smartphone location data, we construct
a daily prefecture-level stay-at-home measure to identify the following two eﬀects: (1) the eﬀect
that citizens refrained from going out in line with the government’s request, and (2) the eﬀect that
government announcements reinforced awareness with regard to the seriousness of the pandemic
and people voluntarily refrained from going out. Our main ﬁndings are as follows. First, the
declaration of the state of emergency reduced the number of people leaving their homes by 8.6%
through the ﬁrst channel, which is of the same order of magnitude as the estimate by Goolsbee
and Syverson (2020) for lockdowns in the United States. Second, a 1% increase in new infections
in a prefecture reduces people’s outings in that prefecture by 0.026%. Third, the government’s
requests are responsible for about one quarter of the decrease in outings in Tokyo, while the
remaining three quarters are the result of citizens obtaining new information through government
announcements and the daily release of the number of infections. Our results suggest that what
is necessary to contain the spread of COVID-19 is not strong, legally binding measures but the
provision of appropriate information that encourages people to change their behavior.
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Introduction

In response to the spread of COVID-19, the Japanese government on February 27 issued a request
to local governments such as prefectural governments to close schools. Subsequently, the Japanese
government declared a state of emergency on April 7 for seven prefectures, including Tokyo, and on
April 16 expanded the state of emergency to all 47 prefectures. Prime Minister Abe called on citizens
to reduce social interaction by at least 70% and, if possible, by 80% by refraining from going out.
In response to these government requests, people restrained from going out. For example, in March,
the share of people in Tokyo leaving their homes was down by 18% compared to January before the
spread of COVID-19, and by April 26, during the state of emergency, the share had dropped as much
as 64%. As a result of people refraining from leaving their homes, the number of daily new infections
in Tokyo fell from 209 at the peak to two on May 23, and the state of emergency was lifted on May
25.1
Unlike the lockdowns in China, the United States, and European countries such as Italy, restrictions
during Japan’s state of emergency had no legal binding force. There were no penalties such as ﬁnes
or arrests for leaving the house during the state of emergency. The police did not warn anyone who
was out on the streets. The situation in Japan was one of a “voluntary lockdown.”2 Looking at the
“Government Response Stringency Index” – a composite measure of nine response indicators published
by the University of Oxford’s Blavatnik School of Government – shows that the value for Japan of
47.22 at the end of April during the state of emergency was considerably smaller than those for France
(87.96), the United States (72.69), the United Kingdom (75.93), Germany (76.85), Italy (93.52), and
Canada (72.69).3 Instead, the value for Japan was essentially on the same level as that for Sweden
(46.30). Looking at individual indicators, the status for “Restrictions on public gatherings” was “No
restrictions” and that for “Closures of public transport” was “No measures,” which is quite diﬀerent
1 However, as economic activity resumed after the state of emergency had been lifted, the number of new infections
in Tokyo began to increase again in late June, surpassing the peak before the state of emergency.
2 Regarding the diﬀerence between Japan and other countries, Gordon (2020) observes: “Many commentators both
within Japan and around the world have emphasized the uniqueness of Japan’s relatively soft “state of emergency,”
which, even though enacted by law, relies on requests and instructions rather than orders, ﬁnes, or arrests.” Examples
of overseas media reports highlighting that measures by the Japanese government were not legally binding include the
following: “Japan’s halfhearted coronavirus measures are working anyway” (Foreign Policy, May 14, 2020; online: https:
//foreignpolicy.com/2020/05/14/japan-coronavirus-pandemic-lockdown-testing); “Did Japan just beat the virus
without lockdowns or mass testing?” (Bloomberg, May 22, 2020; online: https://www.bloomberg.com/news/articles/
2020-05-22/did-japan-just-beat-the-virus-without-lockdowns-or-mass-testing); and “From near disaster to
success story: How Japan has tackled coronavirus” (The Guardian, May 22, 2020; online: https://www.theguardian.
com/world/2020/may/22/from-near-disaster-to-success-story-how-japan-has-tackled-coronavirus).
3 https://www.bsg.ox.ac.uk/research/research-projects/coronavirus-government-response-tracker
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from other countries. Similarly, with regard to “Stay-at-home requirements,” restrictions in Japan
were weaker than in other countries: while in Japan people were “recommended” to stay at home, in
the United States and various European countries they were “Required not to leave the house with
exceptions.”
The fact that the behavior of people in Japan changed even though the country only took measures
that were not legally binding suggests that the (legally binding) lockdowns in other countries were not
the only reason people changed their behavior. The aim of this study is to clarify the mechanisms by
which the non-legally binding policies of the Japanese government led people to change their behavior
such as refraining from going out.4
In this study, we focus on the following two channels through which the Japanese government’s
measures to prevent the spread of COVID-19 changed people’s behavior. The ﬁrst channel is the
“intervention eﬀect.” This refers to changes in people’s behavior as a result of obeying government
orders and requests to refrain from leaving their homes. In the case of ﬁrst Wuhan in China and then
the United States and Europe, this took the form of severe lockdowns, in which the government used
legal powers to deprive people of their freedom of movement. In Japan’s case, the state of emergency
was not legally binding and, if anything, was very limited, so that it is appropriate to regard it as a
“request” from the government. On the other hand, the closure of schools by the Japanese government
had a compulsory aspect.
The second channel is the “information eﬀect.” Generally, when a government implements a policy
on something, it can be assumed that it makes its decisions based on various types of information
gathered before reaching the decision. Therefore, government decisions provide the public with information about the current situation. This is the signaling eﬀect of government measures. Applying this
to measures such as the state of emergency declaration, it can be thought that the public obtained
new information on the status of infections through the government’s announcements. In developed
countries, including Japan, details on infections are generally not disclosed to the public to protect
the privacy of those infected. This means that governments have considerably more information than
4 Although unrelated to the topic of this study, why Japan did not implement legally binding measures is also an
important question. As highlighted by Kushner (2020), in the past, Japan used to give the police legal authority to
enforce testing and quarantining in order to prevent the spread of cholera and leprosy. A very strict isolation policy
was adopted, especially for leprosy patients. As pointed out by Kushner, however, both at the time and today these
severe measures have been strongly criticized, and for this reason the Japanese government was unable to declare a
state of emergency with legally enforceable restrictions on individual liberties, which would have been perceived as
heavy-handed.
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is in the public domain (or at least this is what many people believe), so that government actions
have a strong signaling eﬀect.
To examine the role that these two channels played in aﬀecting people’s behavior, we use smartphone location data to construct a daily prefecture-level measure showing the degree to which people
stayed at home (calculated as the percentage decline relative to January 2020, i.e., before the pandemic, in the number of people leaving their homes multiplied by the time outside the home). We
then construct panel data to examine the eﬀect of the two major government measures to contain
infections – the declaration of the state of emergency and the closure of schools – on the stay-at-home
measure. Importantly, in doing so, we distinguish between the intervention eﬀect and the information
eﬀect. We do so by utilizing the fact that the timing of the start and the end of the state of emergency
and of school closures diﬀered across prefectures. For example, in Tokyo, a state of emergency was
declared on April 7, but at that time no state of emergency had been declared in Tochigi prefecture,
which is located 100km north of Tokyo, about an hour on the bullet train. In Tochigi prefecture, a
state of emergency was declared on April 16. Therefore, there was no intervention eﬀect in Tochigi
prefecture from April 7 to 15. However, people in Tochigi prefecture were aware that a state of emergency had been declared in Tokyo, so there was an information eﬀect, and the number of people
leaving their homes decreased. On the other hand, people in Tokyo refrained from leaving their homes
due to both factors, i.e., the intervention eﬀect and the information eﬀect. Therefore, assuming that
people in Tokyo and Tochigi had the same information about infections and there was no diﬀerence
in the information eﬀect between the two prefectures, it is possible to extract the intervention eﬀect
by observing the diﬀerence in the stay-at-home measure of the two prefectures. As for the state of
emergency, not only did the timing when it started diﬀer across prefectures, but the lifting also was
divided into three waves, so that the intervention eﬀect can be identiﬁed by utilizing the diﬀerence
in timing. Similarly, with regard to school closures, the date when school closures were lifted varies
widely across prefectures, which can be used to identify the intervention eﬀect.
The main ﬁndings of this study are as follows. First, the state of emergency had the eﬀect of
reducing outings by 20 percentage points compared to before the pandemic. Of these 20 percentage
points, 7 percentage points were due to the intervention eﬀect, while the remainder was due to
the information eﬀect. The estimated intervention eﬀect is of the same order of magnitude as the
estimate by Goolsbee and Syverson (2020) for lockdowns in the United States. On the other hand,
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school closures had the eﬀect of reducing outings by 12 percentage points compared to before the
pandemic. Of these 12 percentage points, 5 percentage points were due to the intervention eﬀect.
Second, an increase in the number of new infections within a particular prefecture had the eﬀect that
people in that prefecture reduced their outings: a 1% increase in the number of new infections in a
prefecture reduced outings in that prefecture by 0.026%. People also reduced outings in response to
the nationwide total of new infections. Third, if we decompose the reduction in outings in Tokyo into
the intervention eﬀect and the information eﬀect, the contribution of the intervention eﬀect is about
one quarter, while the contribution of the information eﬀect is three quarters, indicating that the
dominant channel for changes in behavior was the information eﬀect. Our ﬁndings show that people
in Japan voluntarily reduced their outings based on various kinds information such as announcements
of measures by the government and daily announcements of the number of infections. The results thus
suggest that what is necessary for containing infections is not strong legally binding measures but the
provision of appropriate information to encourage people to change their behavior.
There already is a considerable body of research on the economic impact of COVID-19, and the
number of studies is increasing rapidly. Against this background, the present study is most closely
related to the following three areas of research. The ﬁrst is research on changes in behavior and
the reduction in outings using smartphone location data. Examples of studies in this area include
Alexander and Karger (2020), Barrios and Hochberg (2020), Couture et al. (2020), Chiou and Tucker
(2020), and Gupta et al. (2020).
The second related area is studies on the impact of lockdown policies in the United States on
people’s movement and behavior. Examples include the studies by Forsythe et al. (2020), Rojas et al.
(2020), Coibion et al. (2020), Goolsbee and Syverson (2020), Alexander and Karger (2020), and Gupta
et al. (2020). The main interest of the present study is why the Japanese government’s countermeasures
against COVID-19 brought about changes in behavior even though they were not legally binding, and
what is interesting in this regard is that a number of studies using U.S. data highlight that the
lockdowns imposed by governments account for only a limited part of changes in people’s behavior in
the United States. For example, Goolsbee and Syverson (2020), using the fact that lockdowns were
not implemented simultaneously across the entire United States but that the timing diﬀered by state
and county, compare counties that at a particular time were under lockdown and those that were not
to examine whether there were signiﬁcant diﬀerences in consumers’ shopping behavior. They ﬁnd that
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although diﬀerences between counties under lockdown and not under lockdown certainly existed, they
were not that large. Meanwhile, Rojas et al. (2020) focus on the fact that the timing of school closures
diﬀered across states and examine whether there were diﬀerences in new claims for unemployment
insurance between states that at a particular time were under lockdown and those that were not.
They ﬁnd that there were no statistically signiﬁcant diﬀerences. That changes in American’s behavior
may not be due to (legally binding) lockdowns was also pointed out by Chetty et al. (2020). These
studies highlight that changes in behavior in the United States were not the result of legally binding
measures taken by the government but the result of U.S. citizens’ voluntary response to infections.
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The third area to which our study is related is research on the eﬀects of lockdown policies in
Asia. Focusing on China and using mobile phone location data, Fang et al. (2020) use diﬀerencein-diﬀerences estimation to examine how the movement of people changed following the lockdown
in Wuhan. They found that, controlling for other factors, the eﬀect of the lockdown itself was to
reduce the inﬂow of people into Wuhan by 76%, the outﬂow by 56%, and the movement of people
within Wuhan by 54%. Meanwhile, focusing on South Korea, Aum et al. (2020) compared the DaeguGyeongbuk area, where infections were especially prevalent, with other areas in South Korea using
diﬀerence-in-diﬀerences estimation. They found that an increase in the number of infected persons
per 1,000 population by one was associated with a reduction in employment by 2–3%. In a study
on Japan, Cato et al. (2020) examined how households’ expectations regarding the economic outlook
diﬀered immediately before and after the Governor of Tokyo held a press brieﬁng on March 25 to
explain the severity of infections. They show that, after hearing the press brieﬁng, people’s concerns
about employment, prices, shortages of medical supplies and daily necessities, etc., increased.
The remainder of this study is organized as follows. Section 2 provides an overview of COVID
infections in Japan. Sections 3 and 4 respectively describe the methods and data used in the empirical
analysis. Next, Section 5 outlines the results of the empirical analysis. Finally, Section 6 presents the
conclusion and discusses the policy implications of this study.

5 A study using data for a country other than the United States is that by Sheridan et al. (2020), who compare Denmark, where the government used legal interventions on outings and economic activities to halt the spread of infections,
and Sweden, where the government did not make such interventions. They ﬁnd that the decline in economic activity,
as observed in bank transaction data, was not signiﬁcantly diﬀerent and argue therefore government interventions were
not a major cause of the economic contraction. Chudik et al. (2020) extend the standard susceptible-infected-recovered
(SIR) model to incorporate compulsory and voluntary social distancing. Their simulation results show that compulsory
social distancing is eﬀective in ﬂattening the epidemic curve, especially when it is targeted towards individuals most
likely to spread the infection, while voluntary social distancing is relatively ineﬀective.
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2

Outbreak of COVID-19 and Policy Responses in Japan

The ﬁrst reported case of a COVID-19 infection in Japan – of a man who had traveled to Wuhan,
China – was on January 16, 2020. Then, on February 5, 10 passengers of a cruise ship docked at
Yokohama Port were conﬁrmed to have caught the virus. The ﬁrst death in Japan was reported on
10 February. Infections in Japan began to rise in earnest from the second half of February, and as
of February 29, the cumulative number of infections had reached 242. Infections further accelerated
in early March, so that by the end of the month the cumulative number of infections had reached
2,234. In response to the spread of infections, the government on February 27 requested elementary,
junior high, and high schools nationwide to temporarily close, and on March 24 decided to postpone
the Tokyo Olympic Games scheduled for the summer of 2020. Furthermore, on April 7, a state of
emergency was declared for seven prefectures including Tokyo, and on April 16, this was expanded to
all prefectures.
Figure 1 shows the number of daily new infections in Tokyo, represented by the orange bars. The
number of new infections increased rapidly in late March, exceeding 100 on March 17 and exceeding
200 on April 10. With the declaration of the state of emergency, the number of new infections decreased
and fell to almost zero in mid-May. However, the number of new infections started to increase again
in the second half of May.
The blue line in Figure 1 is the stay-at-home measure created using mobile phone location data
(details of how the measure is constructed are provided below). The line shows the extent to which
Tokyo residents refrained from leaving their home compared to January 2020, before the pandemic.
The ﬁgure indicates that as the number of new infections increased, people increasingly stayed at home.
This shows that people updated their information on infections based on the number of new infections
announced daily by the Tokyo governor and changed their behavior to avoid infection. Moreover, the
stay-at-home measure jumped following the request for the temporary closure of schools on February
27 and the declaration of the state of emergency on April 7, showing that the government’s measures
changed people’s behavior. Interestingly, the stay-at-home measure also increased on April 16, when
the state of emergency was expanded to all prefectures. The state of emergency for Tokyo had already
been declared on April 7, and the measure on April 16 should not have directly aﬀected the residents of
Tokyo. However, it is possible that although the measures targeted other prefectures, Tokyo residents
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obtained new information on the spread of infections from the government’s announcement of the
measure. Another point to note is that the stay-at-home measure remained at a high level of over
20% and thus higher than in January despite the fact that the state of emergency was lifted from
late May to early June and schools were reopened. If the government’s request to refrain from leaving
home was the main reason for the change in people’s behavior, the stay-at-home measure should have
dropped to its original level as the request was lifted. That has not been the case, suggesting that a
signiﬁcant part of the change in people’s behavior is voluntary.
While Tokyo is the prefecture with the highest number of infections in Japan, some prefectures
have had zero or very few infections. Figure 2 shows an example of a prefecture with a small number
of infections. Speciﬁcally, it shows Ibaraki prefecture, which is located northeast of Tokyo. By the end
of June, the total number of infections in Ibaraki prefecture was 179, which is only 3% of the number
for Tokyo. The stay-at-home measure for Ibaraki prefecture has shown a rise since the beginning
of March, although not to the same extent as that for Tokyo. The stay-at-home measure jumped
immediately after the request for schools to close on February 27 and the declaration of the state of
emergency on April 16. This indicates that the government’s request to refrain from leaving home had
a certain eﬀect even in areas with few infections such as Ibaraki prefecture. In addition, the stay-athome measure for Ibaraki prefecture also shows a jump on April 7, when the state of emergency was
declared for seven prefectures including Tokyo, but not Ibaraki itself. This suggests that residents of
Ibaraki prefecture have been paying close attention to the situation in areas with high infections and
have changed their behavior based on this.

3

Methodology

We construct and examine the stay-at-home measure for each of the 47 prefectures of Japan for the
period from January 6 to June 28, 2020. Using this panel data, we identify the following.
First, we identify the “intervention eﬀect” and the “information eﬀect.” Government policies such
as the declaration of the state of emergency and school closures occurred at diﬀerent times across
prefectures, and by using these diﬀerences in timing, it is possible to determine which of the two eﬀects
was responsible for changes in people’s behavior. For example, a state of emergency was declared in
Tokyo on April 7, but at that time no state of emergency was declared for Tochigi prefecture, which
is located 100km north of Tokyo, about an hour away on the bullet train. A state of emergency was
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declared in Tochigi on April 16. Therefore, there was no intervention eﬀect in Tochigi prefecture from
April 7 to 15. However, people in Tochigi prefecture were aware that the state of emergency had been
declared in Tokyo, so there was an information eﬀect, and the stay-at-home measure rose accordingly.
On the other hand, people in Tokyo refrained from leaving home due to both the intervention and
information eﬀects, and the stay-at-home measure rose. Therefore, assuming that people in Tokyo and
Tochigi had the same information about infections and there was no diﬀerence in the information eﬀect
between the two prefectures, the intervention eﬀect can be extracted by observing the diﬀerence in the
stay-at-home measure between the two prefectures. As for the declaration of the state of emergency,
not only did the time when it was declared diﬀer across prefectures, but the lifting also occurred
in three waves, so that diﬀerences in the timing of the lifting of the state of emergency can also be
used to identify the intervention eﬀect. Similarly, with regard to school closures, the timing of when
school closures were lifted varies widely across prefectures, and this can also be used to identify the
intervention eﬀect. Meanwhile, since all measures against COVID-19 are carried out at the prefectural
level, there are few diﬀerences across smaller administrative units within the same prefecture such as
municipalities.
The second identiﬁcation we carry out is to examine whether changes in people’s behavior depend
on infections in their surroundings or in Japan as a whole. As seen in Figure 2, even in prefectures
with a small number of new infections, people refrained from leaving home. This suggests that people
may be making decisions about refraining from leaving home in response to the number of infections nationwide, not the number of infections in the prefecture. Since infections are concentrated in
metropolitan areas such as Tokyo, the number of infections in such metropolitan prefectures and the
number of infections nationwide are strongly correlated. However, in other prefectures, the number
of infections in that prefecture and the nationwide number are only weakly correlated. Using this
property, we can estimate to what extent the change in people’s behavior is due to the number of
infections within a prefecture or the number of infections nationwide.
The empirical approach used in this study is as follows. The stay-at-home measure at time t in
prefecture i is denoted by yit . The number of new infections at time t in prefecture i is denoted by
x̃it . The number of new infections nationwide is denoted by x̃t . The distribution of the number of
new infections is skewed to the right because the number of new infections is much larger in a small
number of prefectures such as Tokyo than most other prefectures. While many existing studies use
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logarithms to cope with such highly skewed distributions, for some of the prefectures in Japan the
number of new infections is zero on some days, so that we cannot take logarithms. Following Goolsbee
and Syverson (2020), we transformed x̃it and x̃t using the inverse hyperbolic sine. Speciﬁcally, we
p
p
deﬁne xit ≡ ln(x̃it + x̃2it + 1) and xt ≡ ln(x̃t + x̃2t + 1). The estimation equation used in this study
is as follows:
yit = µi + α0 Dit (Emergency declaration) + β0 Dit (School closure)
|
{z
}
Intervention eﬀect
X
X
+
αk At (Ek ) +
βk At (Ck ) + γ1 xit + γ2 xt +ϵit
k
| k
{z
}
Information eﬀect

(1)

where µi represents the eﬀect unique to prefecture i. Dit (Emergency declaration) is a dummy variable
that takes 1 when the state of emergency is active at time t in prefecture i, and 0 otherwise. Similarly,
Dit (School closure) is a dummy variable that takes 1 when schools are closed at time t in prefecture
i, and 0 otherwise. At (Ek ) represents the government’s kth announcement regarding the state of
emergency. It is a dummy variable that takes 1 in all prefectures after the kth announcement. Similarly,
At (Ck ) is a dummy variable that represents the government’s announcements with regard to school
closures.
α0 Dit (Emergency declaration) and β0 Dit (School closure) represent the intervention eﬀect. On the
P
P
other hand, since
αk At (Ek ) and
βk At (Ck ) represent the eﬀect of announcements with regard
to the two policies on the stay-at-home measure, they represent the information eﬀect. Moreover, the
response of the stay-at-home measure to the number of new infections in the prefecture and in Japan
overall can also be interpreted as representing the information eﬀect.6
In Eq. (1), it was assumed that the source of people’s information on infections was government
policy announcements and the number of new infections. However, people may be able to obtain
information about infections by other means. To take this into account, we also conduct estimations

6 As

explained earlier, the values of xit and xt are obtained by transforming the number of infections using the
inverse hyperbolic sine. The coeﬃcients on these two variables, γ1 and γ2 indicate that if the number of new infections
in a prefecture increases by, for example, 1%, the stay-at-home measure increases by 0.01 × γ1 percentage points. For
more details on the inverse hyperbolic sine transformation, see Bellemare and Wichman (2020).
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using the following equation:
yit = µi + α0 Dit (Emergency declaration) + β0 Dit (School closure)
|
{z
}
Intervention eﬀect
+ϵit
+
λt + γ1 xit
| {z }
Information eﬀect

(2)

where λt is a time dummy. The speciﬁcation of the intervention eﬀect is the same as in Eq. (1). On
the other hand, regarding the information eﬀect, government policy announcements are expressed as
a time ﬁxed eﬀect, since such announcements provide the same information to the residents of all
prefectures. For the same reason, the number of new infections nationwide is also expressed as a time
ﬁxed eﬀect. However, the time ﬁxed eﬀect diﬀers from Eq. (1) in that it also contains information
other than about infections.
Meanwhile, it should be noted that in Eq. (2), it is assumed that except for information on the
number of new infections in the prefecture, the residents of all prefectures have the same information
about infections, and the impact on their behavior is identical. In practice, however, the information
that people have and how they react to information may diﬀer from region to region. For example, the
same government announcement may be perceived diﬀerently in areas with more infections than in
areas with fewer infections. In Section 5, we divide Japan into seven regions and conduct estimations
that take into account the possibility that the time ﬁxed eﬀect may diﬀer across regions.

4

Data

4.1

The stay-at-home measure

For our location data, we use the “Mobile Spatial Statistics” provided by DoCoMo Insight Marketing.7
The Mobile Spatial Statistics provide location records of about 78 million DoCoMo mobile phones at
10-minute intervals. Speciﬁcally, the mobile phone base stations in a particular area know which mobile
phones are in the area. Based on this information, and dividing Japan into a mesh of 500m×500m
squares, DoCoMo compiles and publishes data on how many mobile phones are in a certain mesh
element at a particular time (in 10-minute intervals), together with information on the age and sex of
the owners of those mobile phones as well as the area where they live. However, mesh elements with
a very small number of phones are excluded to protect individuals’ privacy.
7 For

details, see https://mobaku.jp/.
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Using this data, we construct our stay-at-home measure in the following two steps. The ﬁrst step
consists of the detection of residential areas. For a certain mesh element, we count the average number
of people in the time from midnight to 5am and take this as the nighttime population of that mesh
element. Similarly, we count the number of people in the time from 9am to 5pm and take this as
the daytime population of that mesh element. An area can then be regarded as a commercial area
if the daytime population is greater than the nighttime population and as a residential area if the
daytime population is smaller than the nighttime population. Speciﬁcally, we deﬁne a mesh element
as a residential area if it satisﬁes daytime population/nighttime population < 0.8 as of January 2020,
i.e., before the pandemic. The estimation results presented below were qualitatively the same when
we set the threshold to 0.9 or 0.7.
The second step is the calculation of the ratio of those leaving their homes. For mesh elements that
in the ﬁrst step were identiﬁed as residential areas, we calculate the number of people leaving home
by counting the nighttime population and daytime population on a certain day and subtracting the
daytime population from the nighttime population. Next, for each prefecture, we calculate the number
of people leaving their homes each day by aggregating the number of people that have left their homes
in each mesh element. For example, in Tokyo, as of January (i.e., before COVID), residential areas
had a nighttime population of approximately 5.3 million, while the daytime population on weekdays
was approximately 3.6 million, so that the number of persons leaving their homes was approximately
1.7 million.
Finally, we take the number of persons leaving their homes in January 2020 (January 6 to 31),
i.e., before the outbreak of COVID-19, as the number of persons leaving their homes during normal
times, and then calculate for each prefecture and day the percentage diﬀerence from the number of
people leaving their homes during normal times. We use the deviation rate multiplied by −1 as the
stay-at-home measure.8

4.2

Number of new infections

The central government and prefectures announce the number of new infections daily. The date of
infection is the day when a doctor conﬁrms that a person’s polymerase chain reaction (PCR) test

8 See

Mizuno et al. (2020) for details of the calculation procedure for the stay-at-home measure.
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was positive (test result date).9 We use ﬁgures from the database constructed and published by JAG
Japan Co., Ltd.10 The number of new infections varies greatly depending on the day of the week.
In the analysis here, we assume that people make their decision on whether to leave their homes or
not based on the trend in new infections over the preceding week, and we therefore use the moving
average over the preceding week including the day in question.

4.3

Government’s measures against the spread of COVID-19

School closures

On February 27, the government requested all elementary schools, junior high

schools, high schools, and special needs schools to be closed from March 2 onwards. In response to
this, all prefectures except Hokkaido closed schools from March 2.11 We constructed the following
two dummy variables for school closures. School closure is a dummy variable that takes 1 during
the period schools were closed in a particular prefecture, and 0 otherwise. Speciﬁcally, except for
Hokkaido, the dummy takes 1 from March 2, the day that schools were closed, until the date on which
schools were opened again in a particular prefecture. For Hokkaido, the dummy takes a value of 1
from February 27, the day on which schools were closed in that prefecture. The date of the reopening
of schools varies widely across prefectures: the earliest date was April 6, while the latest date was June
1. The start and end dates for school closures for each prefecture are shown in Figure 3. Note that
if a prefecture closed schools again within a short time of reopening them, we do not regard this as
reopening. The second dummy variable, School Closure Announcement, represents the announcement
of the government’s request for schools to close and is set to 1 for all prefectures except Hokkaido from
the day after February 27, when the government made the request. For Hokkaido, the dummy is set to
1 from the day following the announcement for Hokkaido on February 26. Meanwhile, the reopening
of schools was decided at the prefecture level. Therefore, while the prefectures made announcements,
the central government did not, so that we do not use dummies representing the announcement of
the end of school closures.

9 There are two possible ways to deﬁne the date of infection: the date a person actually contracted the virus, and
the date infection with the virus is conﬁrmed. However, since the infected person may not necessarily know for certain
when and where they contracted the virus, the date of infection is often impossible to determine. On the other hand,
the date of a test result is clearly recorded. Since the number of infections reported in newspapers and on TV is based
on the date of the test result, it is likely that people’s decision-making on whether to leave their home is aﬀected by
the number of infections based on the date of the test result.
10 See https://gis.jag-japan.com/covid19jp. Persons for which the prefecture of residence is unknown or who reside
abroad are excluded from the sample.
11 For details, see https://www.mext.go.jp/content/20200304-mxt_kouhou02-000004520_1.pdf (in Japanese).
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State of emergency

The government declared a state of emergency for seven prefectures (Saitama,

Chiba, Tokyo, Kanagawa, Osaka, Hyogo, Fukuoka) on April 7, and expanded the state of emergency to
all prefectures on April 16.12 The state of emergency was lifted in 39 prefectures with few infections on
May 14, in three more prefectures on May 21, and ﬁnally in the remaining ﬁve prefectures including
Tokyo on May 25. We also construct two types of dummies for the state of emergency. The ﬁrst,
State of Emergency, is a dummy that takes 1 when the state of emergency is active in a particular
prefecture, and 0 otherwise. For example, for Tokyo, the State of Emergency dummy is set to 1 from
April 8, the day after a state of emergency was declared for Tokyo, to May 25, when it was lifted. The
start and end dates of the state of emergency for each prefecture are shown in Figure 4. The second
type of dummies, State of Emergency Announcement, represents the government’s announcements
regarding the start and end of the state of emergency, and takes 1 for all prefectures from the day
after the announcement. Speciﬁcally, there were two announcements regarding the start of the state
of emergency (April 7 and 16) and three announcements regarding the end of the state of emergency
(May 14, May 21, May 25), and we construct ﬁve dummy variables, i.e., one for each date.

4.4

Other factors aﬀecting whether people left their homes

To take other factors into account, a rain dummy (Rain) and a dummy for weekends and public
holidays (Weekend/Holiday) are used. The rain dummy takes 1 if the amount of precipitation in
the prefectural capital was greater than 0, and takes 0 otherwise. Precipitation data were obtained
from the Japan Meteorological Agency website. The Weekend/Holiday dummy takes 1 for Saturdays,
Sundays, and public holidays, and 0 otherwise.

5
5.1

Results
Baseline Regressions

We used the stay-at-home measure, expressed in percent, as the dependent variable and conducted the
estimations using a ﬁxed eﬀects regression model. The results are presented in Table 1. In speciﬁcation (1), the estimation was performed using the School Closure dummy and the State of Emergency
dummy as explanatory variables, and adding the Rain and Weekend/Holiday dummies as other explanatory variables. The estimation results indicate that both school closures and the state of emer12 Details of which activities were restricted diﬀered by prefecture. For details, see https://www3.nhk.or.jp/news/
special/coronavirus/tokyo/ (in Japanese).
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gency had a signiﬁcant eﬀect, with the former raising the stay-at-home measure by 11 percentage
points and the latter raising it by 16 percentage points.
As highlighted by Coibion et al. (2020) and others, the increase in the number of infections not
only triggered government responses, such as the declaration of a state of emergency in Japan’s case,
it also had the eﬀect of increasing people’s fear of infection and led them to voluntarily refrain from
leaving their homes. The increase in the stay-at-home measure in speciﬁcation (1) thus may be due to
an increase in the number of infections rather than government measures. Therefore, in speciﬁcation
(2), we added the number of new infections within the prefecture and the number of new infections
nationwide as explanatory variables. Adding those variables reduces the coeﬃcients on the School
Closure and State of Emergency dummies from speciﬁcation (1). However, the coeﬃcients on all
dummy variables remain signiﬁcantly diﬀerent from zero, indicating that the school closures and the
state of emergency still had a statistically signiﬁcant eﬀect on the stay-at-home measure even after
controlling for the number of infections.
Next, in speciﬁcation (3), in order to control for changes in the stay-at-home measure due to
the announcement eﬀect of school closures and the state of emergency, we added a dummy for the
announcement of school closures by the government on February 27, while for the state of emergency
we added the two dummies for the announcement of the start of the state of emergency and the three
dummies for the announcement of the lifting of the state of emergency. For instance, the State of
Emergency Announcement (Start, Apr. 7 ) dummy takes 1 for all prefectures from April 8, the day
after the announcement, and if the coeﬃcient is positive, this indicates that the state of emergency
announcement on April 7 raised the stay-at-home measure regardless of whether the state of emergency
applied to a particular prefecture.
Looking at the eﬀects of the closure of schools based on the results for speciﬁcation (3), the
coeﬃcient on the School Closure dummy is around 8.3 and signiﬁcantly diﬀerent from zero. However,
the coeﬃcient on the School Closure Announcement dummy is small and not signiﬁcantly diﬀerent
from zero. This shows that there was a large intervention eﬀect that exceeded the information eﬀect.
Next, looking at the eﬀect of the state of emergency declaration, the coeﬃcient on the State of
Emergency dummy is 8.2, showing that the intervention eﬀect of the state of emergency had more
or less the same size as the closure of schools. Moreover, the coeﬃcients on the two dummies for the
announcement of the start of the state of emergency are both positive and signiﬁcant, and the eﬀect

15

was to increase the stay-at-home measure by 7.4 percentage points in total. On the other hand, the
sum of all coeﬃcients for the announcement of the lifting of the state of emergency is close to zero.
The above results show that the declaration of the state of emergency had the eﬀect of raising the
stay-at-home measure through both the intervention eﬀect and the information eﬀect.
Next, speciﬁcation (4) includes time ﬁxed eﬀects. Time ﬁxed eﬀects capture factors that have
the same eﬀect for all prefectures. They capture the eﬀect that people refrain from leaving their
homes in response to various other types of information about the pandemic, not only of government
announcements about school closures and the state of emergency. The coeﬃcients on both the School
Closure dummy and the State of Emergency dummy are somewhat smaller than in speciﬁcation (3)
but remain statistically signiﬁcant.
The blue line in Figure 5 shows the coeﬃcients on the time dummies obtained in this estimation.
The time ﬁxed eﬀects show two jumps in April. The ﬁrst jump corresponds to the declaration of
the state of emergency for seven prefectures on April 7, while the second one corresponds to the
expansion of the state of emergency to all prefectures on April 16. The dotted red line in Figure 5
shows the predicted values obtained by regressing the time ﬁxed eﬀects estimated in speciﬁcation (4)
on the number of infections nationwide, the declaration of the state of emergency (April 7 and 16), the
lifting of the state of emergency (May 14 and May 25), and the Weekend/Holiday dummy.13 Looking
at the results, although the predicted value captures changes in the time ﬁxed eﬀect, and much of
the change in the time ﬁxed eﬀect is explained by variables such as the announcements regarding the
state of emergency, developments in the predicted value during some periods diﬀer from the actual
time ﬁxed eﬀect. For instance, in early February, there is no change in the dotted red line despite
the increase in the time ﬁxed eﬀect. The latter likely reﬂects the fact that the Diamond Princess, a
cruise ship with conﬁrmed cases of coronavirus on board called at Yokohama Port on February 3 and
was put under quarantine on February 5, which was widely reported in the media and gained public
attention. It is possible that this news led people in all prefectures to refrain from leaving their homes.
In speciﬁcations (3) and (4), we assumed that residents in all prefectures reacted to government
announcements in the same manner. However, people’s reaction may diﬀer depending on where they
live. Therefore, in speciﬁcation (5), we divide Japan into seven regions (Tohoku, Kanto, Kinki, Chubu,
13 Since in speciﬁcation (3) the coeﬃcients on the School Closure Announcement (Feb. 27 ) and the May 21 announcement of the lifting of the state of emergency were insigniﬁcant, they are excluded from the estimation here. We also set
the coeﬃcient on the Weekend/Holiday dummy to zero.

16

Chugoku, Shikoku, and Kyushu) and, by specifying the time ﬁxed eﬀect as Day FE×Region, allow for
the possibility that the time ﬁxed eﬀect may diﬀer across regions. Looking at the estimation results,
the coeﬃcient on School Closure is 4.9, while the coeﬃcient on State of Emergency is 7.1, which
shows that the coeﬃcient on School Closure has dropped signiﬁcantly. However, the coeﬃcients for
both School Closure and State of Emergency continue to be positive and signiﬁcant.
Let us compare the results of speciﬁcation (5) with previous studies on the United States. Goolsbee
and Syverson (2020) found that a shelter-in-place (S-I-P) order in a certain county reduced the number
of customers visiting retail stores in that county by 7.6%. This is the intervention eﬀect of S-I-P orders
in the United States. To compare this with our results, we convert our estimate as follows. As the
stay-at-home measure immediately before the state of emergency was declared was 0.17, the level of
outings, relative in January 2020 before the outbreak of the pandemic, was 0.83. The coeﬃcient on
the State of Emergency dummy in speciﬁcation (5) of 7.1 means that the level of outings dropped to
0.76 due to the intervention eﬀect of the emergency declaration (i.e., 0.83-0.07=0.76), and the rate of
change in outings is -8.6%. Thus, although the ﬁgures are not directly comparable, since Goolsbee and
Syverson (2020) measure the reduction in outings using the number of customers visiting stores, the
order of magnitude of their result and ours – a decline of 7.6% due to S-I-P orders in the United Sates
and of 8.6% due to the declaration of the state of emergency in Japan – is quite similar. Interestingly,
therefore, the intervention by the Japanese government in the form of a “request” and the legally
binding lockdowns in the United States had more or less the same intervention eﬀect.
Next, let us compare the coeﬃcient on new infections within the prefecture in speciﬁcation (5) with
results for the United States. The coeﬃcient on the number of new infections within the prefecture
is 2.2, and, based on the level of the stay-at-home measure just before the state of emergency was
declared, an increase in the number of new infections in the prefecture by 1% led to a reduction in
outings of 0.026%.14 On the other hand, Goolsbee and Syverson (2020) showed that an increase in
the cumulative number of deaths from COVID-19 by 1% reduced the number of consumer visits by
0.03%. Although the ﬁgures cannot be directly compared, since one refers to the number of infections
while the other refers to the number of deaths, they suggest that people in Japan and the United
States changed their behavior more or less the same way in response to information on the spread of
14 The level of outings immediately before the state of emergency was declared was 0.83. The coeﬃcient on new
infections within the prefecture in speciﬁcation (5) of 2.2 means that the level of outings dropped by 0.00022 in
response to a 1% increase in the number of new infections, implying that the rate of change in outings is -0.026%.
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COVID infections.
How should the results of positive and statistically signiﬁcant coeﬃcients on the School Closure and
State of Emergency dummies be interpreted? Regarding school closures, Prime Minister Abe proposed
that schools be closed and requested local governments such as prefectures and municipalities, which
have jurisdiction over schools, to do so. Local governments accepted this request, and four days after
Prime Minister Abe’s proposal, schools actually closed. This sequence of events suggests that Prime
Minister Abe’s request had compelling force on local governments. Presumably, following the decisions
by local governments, students (and their parents) started to refrain from leaving their homes. The
above-mentioned results that school closures had an intervention eﬀect support this.
Turning to the state of emergency, in contrast with the lockdowns in China, the United States, and
Europe, Japan’s state of emergency was not legally binding. There is no rational reason for people to
follow “requests and instructions” without penalties such as ﬁnes or arrests, and another explanation
why the declaration of the state of emergency had the eﬀect it did is needed. One possibility is that
the government’s request triggered a change in strategic relationships among companies. For example,
a major issue when a ﬁrm considers whether to shorten working hours or switch to working from home
is how other ﬁrms that it does business with react. If business partners do not shorten working hours
or allow their employees to work from home, it is not desirable for the ﬁrm to switch on its own. And
if all ﬁrms think like this, no ﬁrm will switch. However, if a ﬁrm’s business partners switch to shorter
working hours or to working from home, it is desirable for the ﬁrm to also switch. If this virtuous
cycle is created, all ﬁrms will shorten their business hours and/or switch to working from home and,
as a result, people will refrain from going out. It is possible that the government’s “request” triggered
a change in expectations about how other ﬁrms will respond, which may have led to coordinated
restraint from going out.15

5.2

Separate estimations for weekdays and weekends/holidays

The estimations in Table 1 took into account that the constant for weekends/holidays and weekdays
may diﬀer by including a Weekend/Holiday dummy. However, it is possible that not only the constant
15 Another possibility is that the government’s request triggered an increase in social pressure to conform
with restraint from going out. This is symbolized, for example, by the emergence of a “self-restraint police”
(“virus vigilantes”) that look for and criticize people who are out and about. See the following articles on
such virus vigilantes: https://www.washingtonpost.com/world/asia_pacific/in-japan-busy-pachinko-gamblingparlors-defy-virus-vigilantes-and-countrys-light-touch-lockdown/2020/05/14/8ffee74e-9447-11ea-87a322d324235636_story.html
https://www.japantimes.co.jp/news/2020/05/13/national/coronavirus-vigilantes-japan/.
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but also the coeﬃcients on the independent variables may diﬀer between weekends/holidays and
weekdays. Whether people leave their homes on weekdays to a large extent depends on how their
workplace or school responds to government requests. On the other hand, with regard to going out
on weekends/holidays, it is individuals who make the decision, and hence the response depends on
how individuals react to requests from the government. By comparing the degree of restraint from
going out on weekdays and weekends/holidays, we can further investigate the reasons for the decline
in outings.
Columns (1) and (2) in Table 2 show the estimation results using weekday observations only,
while columns (3) and (4) show those using weekend/holiday observations only. Columns (1) and
(3) correspond to speciﬁcation (1) in Table 1, while columns (2) and (4) correspond to speciﬁcation
(5) in Table 1. Comparing the results in columns (1) and (3) shows, ﬁrstly, that the School Closure
dummy is positive and signiﬁcant not only for weekdays but also for weekends/holidays. Refraining
from going out on weekends should be interpreted as voluntary, since school closures did not order
people to refrain from going out on weekends/holidays. Second, the coeﬃcients on the School Closure
and State of Emergency dummies are both larger for weekends. Eichenbaum et al. (2020) point out
that the pandemic aﬀects the behavior of both workers and consumers. That is, workers hesitate to
come into contact with others at the workplace and hesitate to go to the workplace, while consumers
refrain from consuming because they worry about contact with others at the place of consumption.
The estimation results here thus can be interpreted as suggesting that restraint from going out on
weekends/holidays was larger because the change in behavior of consumers was greater than that of
workers.
Like speciﬁcation (1) in Table 1, on which they are based, speciﬁcations (1) and (3) in Table 2
do not distinguish between the intervention eﬀect and the information eﬀect, so that the coeﬃcients
on the School Closure and State of Emergency dummies contain both eﬀects. On the other hand,
speciﬁcations (2) and (4), in order to control for other factors aﬀecting the stay-at-home measure,
also contain the number of new infections in the prefecture and time dummies. The time ﬁxed eﬀects
are speciﬁed such that they may diﬀer across the seven regions.
Looking at the estimation results for speciﬁcations (2) and (4) in Table 2, we ﬁnd, ﬁrstly, that
the coeﬃcients on the School Closure and State of Emergency dummies are larger for weekdays. It
is not surprising that the intervention eﬀect of school closures is greater on weekdays. On the other
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hand, with regard to the State of Emergency dummy, the greater intervention eﬀect for weekdays
suggests that workers responded more actively than consumers to the government’s requests. This
can be interpreted as resulting from ﬁrms actively promoting the shortening of business hours and
the shift to work from home in response to the government’s requests. Second, compared with speciﬁcations (1) and (3), the relative sizes of the School Closure and State of Emergency dummies for
weekdays and weekends/holidays are reversed. This suggests that the information eﬀect, in contrast
with the intervention eﬀect, is larger for weekends/holidays than weekdays. This can be interpreted
as indicating that the information eﬀect is driven by consumers, not by ﬁrms or workers.

5.3

Weighted least squares regression

The stay-at-home measure is created from smartphone data for each prefecture; however, since the
number of smartphones diﬀers across prefectures, the accuracy of the stay-at-home measure also diﬀers
across prefectures . To take this into account, in Table 3, we used weighted least-squares estimation,
using the number of smartphones in the residential areas of each prefecture as weights.
Looking at the estimation results, the coeﬃcients on the School Closure and State of Emergency
dummies are very similar to those in Table 1. Speciﬁcally, the state of emergency had the eﬀect of
reducing outings by 20 percentage points compared to before the pandemic. Of these 20 percentage
points, 7 percentage points were due to the intervention eﬀect, while the remainder was due to
the information eﬀect. On the other hand, school closures had the eﬀect of reducing outings by 12
percentage points compared to before the pandemic. Of these 12 percentage points, 5 percentage points
were due to the intervention eﬀect. Turning to the coeﬃcients on the number of new infections, these
are somewhat larger than in Table 1. A 1% increase in the number of new infections in a prefecture
reduced outings in that prefecture by 0.022 percentage points.
Next, Figure 6 presents a decomposition of changes in the stay-at-home measure for Tokyo using the estimation results from speciﬁcation (5) in Table 3. During the period examined here, the
stay-at-home measure for Tokyo peaked at 55% on May 1, and dividing the increase from January
into the contribution of the various components shows that the intervention eﬀect of school closures
contributed 5 percentage points and the intervention eﬀect of the state of emergency contributed 7
percentage points, for a combined intervention eﬀect of 12 percentage points. On the other hand, the
contribution of the number of new infections within Tokyo prefecture was 12 percentage points, while
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the contribution of the time ﬁxed eﬀect was 30 percentage points, for a combined information eﬀect
of 42 percentage points. Thus, the intervention eﬀect contributed about a quarter and the information eﬀect about three quarters to the reduction in outings, indicating that the dominant channel for
changes in behavior was the information eﬀect.

6

Summary and Policy Implications

Recent theoretical research on COVID-19 suggests that people have an incentive to refrain from
going out to reduce their risk of becoming infected. However, once individuals are infected and are
asymptomatic or have only minor symptoms, they have little incentive to avoid infecting others and
hence to refrain from going out, so that they unwittingly may infect others. Given this externality, the
health damage to society as a whole is magniﬁed and can lead to socially undesirable consequences
(see, for example, Eichenbaum et al., 2020). An important implication of this theoretical prediction is
the need for government intervention. In other words, from the perspective of preventing the spread
of infections, it is justiﬁed that the government deprives people of the freedom to leave their homes.
In China, the United States, and Europe, legally binding interventions such as lockdowns have
been used to prevent people from leaving their homes. On the other hand, in Japan, such intervention
took the form of a government “request” calling on people to refrain from going out. At the time,
there were many in Japan who were concerned that such a “request” would not have a suﬃcient
eﬀect. However, the analysis in this study has shown that the Japanese government’s declaration of
a state of emergency to a certain extent was successful in changing people’s behavior. Speciﬁcally, in
prefectures where a state of emergency was declared, outings (Number of persons going out×Time
spent out) fell by 8.6%. According to Goolsbee and Syverson (2020), in the United States, the number
of customers visiting retail stores decreased by 7.6% in counties that had imposed a lockdown. Thus,
interestingly, the eﬀects of government intervention were similar in Japan and the United States.
What does this ﬁnding mean? First, both the compulsory lockdown in the United States and the
voluntary lockdown in Japan had a substantial impact on people’s mobility. In both countries, the
movement of people decreased substantially compared to normal times. However, the lockdowns were
responsible only for part for this reduction. The remainder of the reduction was due to the fact that
these measures increased people’s awareness of the seriousness of the pandemic, for example through
government announcements and the release of the number of infections and deaths; in other words, the
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remainder was due to the information accompanying these measures, which led people to voluntarily
refrain from going out. Thus, the lesson of the experience both in Japan and the United States is that
in order to contain infections, it is necessary to provide people with correct information in a timely
manner and to encourage voluntary changes in behavior.
Second, if government intervention is needed, what is preferable: a compulsory lockdown or voluntary lockdown? The advantage of a compulsory lockdown is that its eﬀects can be predicted to some
extent, and uniform changes in behavior can be expected for a wide range of people (though not all).
On the other hand, from citizens’ point of view, a compulsory lockdown imposes severe restrictions
on their personal freedom: to avoid being penalized with a ﬁne or arrest, people have to respond in
a uniform manner regardless of their individual circumstances. By contrast, in a voluntary lockdown,
there is room for each citizen to decide whether or not to comply with the request, based on their
own personal circumstances. On the other hand, though, the eﬀect is uncertain. Whether a similar
request for voluntary lockdown would be eﬀective in Japan in the future or in other countries such as
the United States or in Europe is unclear. While this study suggests that the government’s request
may have provided the impetus for cooperation to avoid the spread of COVID-19 infections, further
analysis is needed.
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Table 1: Baseline Results

School Closure (SC)
State of Emergency (SE)

(1)
11.238∗∗∗
(0.346)
15.886∗∗∗
(0.695)

(2)
4.200∗∗∗
(0.349)
12.091∗∗∗
(0.453)

SC Announcement (Feb. 27)

SE Announcement (Start, Apr. 16)
SE Announcement (End, May 14)
SE Announcement (End, May 21)
SE Announcement (End, May 25)

No. of New Infections Within Prefecture
No. of New Infections Nationwide

Weekend/Holiday
Obs.
Adjusted R2
FEs

(4)
7.210∗∗∗
(0.773)
7.923∗∗∗
(0.807)

(5)
4.873∗∗∗
(0.816)
7.082∗∗∗
(0.920)

0.203
(0.373)
2.841∗∗∗
(0.542)
4.594∗∗∗
(0.672)
5.155∗∗∗
(0.950)
-0.304
(0.368)
-4.423∗∗∗
(0.538)

SE Announcement (Start, Apr. 7)

Rain

(3)
8.265∗∗∗
(0.380)
8.235∗∗∗
(0.835)

1.904∗∗∗
(0.315)
7.034∗∗∗
(0.245)
8225
0.694
Prefecture

1.344∗∗∗
(0.547)
2.367∗∗∗
(0.100)

2.382∗∗∗
(0.473)
0.845∗∗∗
(0.111)

2.831∗∗∗
(0.486)

2.199∗∗∗
(0.328)

1.924∗∗∗
(0.204)
7.083∗∗∗
(0.241)
8225
0.799
Prefecture

1.815∗∗∗
(0.151)
7.150∗∗∗
(0.232)
8225
0.859
Prefecture

1.506∗∗∗
(0.189)

0.765∗∗∗
(0.185)

8225
0.937
Prefecture
Day

8225
0.964
Prefecture
Day×Region

Notes: Figures in parentheses are cluster-robust standard errors. *, **, and *** denote statistical significance at the 10%, 5% and 1% level, respectively. For the number of new infections
within prefectures
√
and nationwide, the inverse hyperbolic sine transforms (arcsinh(x) = ln(x + x2 + 1)) were used.
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Table 2: Estimation Distinguishing between Weekdays and Weekends/Holidays

(1)
10.040∗∗∗
(0.293)
13.621∗∗∗
(0.869)

(2)
5.558∗∗∗
(0.936)
7.085∗∗∗
(0.970)

Obs.
Adjusted R2
Sample

0.863∗∗∗
(0.295)
5499
0.682
Weekdays

2.178∗∗∗
(0.369)
0.722∗∗∗
(0.193)
5499
0.951
Weekdays

FEs

Prefecture

School Closure
State of Emergency

No. of New Infections Within Prefecture
Rain

Prefecture
Day×Region

(3)
13.553∗∗∗
(0.557)
18.616∗∗∗
(0.580)

3.186∗∗∗
(0.475)
2726
0.679
Weekends
and Holidays
Prefecture

(4)
3.302∗∗∗
(0.700)
6.887∗∗∗
(0.768)
2.290∗∗∗
(0.318)
1.039∗∗∗
(0.277)
2726
0.973
Weekends
and Holidays
Prefecture
Day×Region

Notes: Figures in parentheses are cluster-robust standard errors. *, **, and *** denote statistical
signiﬁcance at the 10%, 5% and 1% level, respectively. For the number √
of new infections within
prefectures, the inverse hyperbolic sine transforms (arcsinh(x) = ln(x + x2 + 1)) were used.
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Table 3: Weighted Least Squares Regressions

School Closure (SC)
State of Emergency (SE)

(1)
12.119∗∗∗
(0.269)
20.181∗∗∗
(1.471)

(2)
3.413∗∗∗
(0.529)
14.970∗∗∗
(0.701)

SC Announcement (Feb. 27)

SE Announcement (Start, Apr. 16)
SE Announcement (End, May 14)
SE Announcement (End, May 21)
SE Announcement (End, May 25)

No. of New Infections Within Prefecture
No. of New Infections Nationwide

Weekend/Holiday
Obs.
Adjusted R2
FEs
Weights

(4)
8.398∗∗∗
(1.169)
8.155∗∗∗
(0.743)

(5)
4.797∗∗∗
(1.002)
7.045∗∗∗
(0.983)

0.141
(0.527)
4.413∗∗∗
(0.774)
6.482∗∗∗
(0.466)
3.489∗∗∗
(0.887)
0.146
(0.518)
-2.943∗∗∗
(0.896)

SE Announcement (Start, Apr. 7)

Rain

(3)
9.325∗∗∗
(0.523)
8.339∗∗∗
(0.700)

3.408∗∗∗
(0.561)
6.143∗∗∗
(0.378)
8225
0.708
Prefecture

1.808∗
(0.919)
2.644∗∗∗
(0.245)

2.960∗∗∗
(0.604)
0.468∗∗
(0.216)

3.255∗∗∗
(0.558)

2.234∗∗∗
(0.361)

2.944∗∗∗
(0.309)
6.175∗∗∗
(0.369)
8225
0.819
Prefecture

2.638∗∗∗
(0.238)
6.292∗∗∗
(0.360)
8225
0.886
Prefecture

2.307∗∗∗
(0.375)

0.873∗∗∗
(0.235)

8225
8225
0.942
0.977
Prefecture Prefecture
Day
Day×Region
No. of smartphone users in each prefecture as of Jan 2020

Notes: Figures in parentheses are cluster-robust standard errors. *, **, and *** denote statistical significance at the 10%, 5% and 1% level, respectively. For the number of new infections
within prefectures
√
and nationwide, the inverse hyperbolic sine transforms (arcsinh(x) = ln(x + x2 + 1)) were used.
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Figure 1: Stay-at-Home Measure and Number of New Infections, Tokyo
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Figure 2: Stay-at-Home Measure and Number of New Infections, Ibaraki
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Figure 3: Start and End of School Closures
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Figure 4: Start and End of State of Emergency
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Figure 5: Estimates of Time Fixed Eﬀects
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Figure 6: Decomposition of Changes in the Stay-at-Home Measure for Tokyo
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