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Abstract 

Background  The Japanese government has restricted people’s going-out behavior by declaring a non-punitive 
state of emergency several times under COVID-19. This study aims to analyze how multiple policy interventions that 
impose non-legally binding restrictions on behavior associate with people’s going-out.

Theory  This study models the stigma model of self-restraint behavior under the pandemic with habituation effects. 
The theoretical result indicates that the state of emergency’s self-restraint effects weaken with the number of times.

Methods  The empirical analysis examines the impact of emergency declarations on going-out behavior using a 
prefecture-level daily panel dataset. The dataset includes Google’s going-out behavior data, the Japanese govern-
ment’s policy interventions based on emergency declarations, and covariates that affect going-out behavior, such as 
weather and holidays.

Results  First, for multiple emergency declarations from the beginning of the pandemic to 2021, the negative asso-
ciation between emergency declarations and mobility was confirmed in a model that did not distinguish the number 
of emergency declarations. Second, in the model that considers the number of declarations, the negative association 
was found to decrease with the number of declarations.

Conclusion  These empirical analyses are consistent with the results of theoretical analyses, which show that the 
negative association between people’s going-out behavior and emergency declarations decreases in magnitude as 
the number of declarations increases.

Keywords  COVID-19, Infection disease, Stigma, Self-restraint behavior, Non-pharmaceutical intervention, Mobility 
data

Background
The new coronavirus infection (COVID-19) has caused 
a global pandemic with about 217 million cases, and 
4.5 million deaths as of 31 August 2021 [1]. Countries 

around the world that have anticipated or already suf-
fered a catastrophic loss of life and economic damage 
from this pandemic have adopted a range of policies 
[2–4]. These policies have had a wide range of objectives, 
from saving the lives of those already infected to stopping 
the outbreak. The former policy interventions include 
subsidizing healthcare systems and preventing severe 
disease through rapid vaccination against COVID-19. On 
the other hand, the latter policy interventions have been 
designed to reduce opportunities for people to come into 
contact with COVID-19, as the majority of infections are 
airborne and droplet-transmitted [5].
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Policies to reduce contact with these people have been 
implemented by restricting their behavior. Restrictions 
on people’s behavior have been adopted in various ways, 
including restricting gathering, restricting commuting to 
workplaces, and restricting going-out itself. For example, 
concerning the policy of restricting gatherings, Germany 
has notified that on 30 December 2020, private gather-
ings will be restricted to one household or another [6]; 
in terms of restrictions on commuting to workplaces, the 
state of Michigan in the US has issued a regulation on 12 
November 2020 that imposes a fine of $7,000 on employ-
ers who are able to work remotely if they do not have an 
appropriate policy in place or a response plan in place 
[7]; restrictions on going-out were introduced in the 
UK on 4 January 2021, when the fine imposed on those 
who break a stay-home order was increased to £200  [8]. 
There are also differences between countries and local 
authorities regarding whether there are penalties, i.e., 
legally binding or not, for restricting people’s behavior.

As the policy mentioned above, interventions restricting 
people’s behavior illustrate that many countries prescribe 
penalties for these restrictions. On the other hand, some 
countries have adopted policies that rely on non-legally 
binding restrictions on behavior, i.e., voluntary action (i.e., 

self-restraint). For example, these non-legally binding poli-
cies have been implemented through requests to the public 
by state representatives or by declaring a state of emer-
gency. Japan, which has adopted non-legally binding poli-
cies, has kept the number of infections and deaths under 
control compared to 36 other developed countries in the 
OECD, based on the government’s declaration of a state of 
emergency, which includes a call for individuals to refrain 
from going-out.

The Japanese government, which has controlled the 
COVID-19 pandemic situation better than other indus-
trialized countries, has restricted people’s behavior by 
declaring a state of emergency, despite having adopted a 
policy of no penalties and relying solely on people’s self-
restraint called Jishuku in Japanese. The emergency dec-
larations are designed to exercise authority and alert the 
public to the emergency and consist of requests to refrain 
from going-out unnecessarily, to refrain from holding 
public events, to refrain from opening restaurants, enter-
tainment venues, and large mass merchandisers, and to 
shorten the opening hours of these facilities [9, 10]. Until 
now, the Government of Japan has issued these emer-
gency declarations on a prefecture-by-prefecture basis, 
depending on the status of COVID-19 infection. Figure 1 

Fig. 1  Trend of positive cases of COVID-19 and status of state of emergency of Japan. Notes: The solid line indicates 7-day moving average of daily 
COVID-19 positive cases in Japan. The shaded areas indicate the status of the declaration of a state of emergency in Tokyo prefecture, Japan, i.e., the 
date on which a state of emergency has been declared in Tokyo. The sample covers the period 1 April 2020 to 31 August 2021. Source: [11, 12] and 
authors’ calculation
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Fig. 2  Mobility trend and status of the state of emergency of Japan. Notes: The solid lines represent the 7-day moving average of the change in 
the amount of movement across Japan for each category. The shaded areas indicate the status of the declaration of a state of emergency in Tokyo 
prefecture, Japan, i.e., the date on which a state of emergency has been declared in Tokyo. The category names at the top of each panel correspond 
to “Retail and recreation”, “Grocery and pharmacy”, “Workplaces”, and “Residential” from the top and indicate the amount of mobility change for each. 
The sample covers the period 1 April 2020 to 31 August 2021. Source: [11, 13] and authors’ calculation
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shows the status of the emergency declarations in Tokyo 
and the COVID-19 infection status1. From the infection 
situation in Japan, we can confirm that the first wave of 
the COVID-19 epidemic started in April 2020, the sec-
ond wave in August 2020, the third wave in December 
2020, the fourth wave in April 2021, and the fifth wave 
in July 2021. On the other hand, from the emergency 
declarations issued for Tokyo, it can be confirmed that 
the first emergency declaration was issued from April to 
May 2020 during the first wave, the second from Janu-
ary 2021 to March 2021 during the third wave, the third 
from April 2021 to June 2021 during the fourth wave, and 
the fourth from July 2021 onward before the fifth wave. 
This figure highlights the fact that the government of 
Japan has declared a state of emergency to improve the 
situation of COVID-19 infection. On the other hand, in 
order to understand how the public has responded to the 
non-legally binding policy interventions through going-
out activities, Fig. 2 shows the changes in the volume of 
going-out for the four categories “Retail and recreation”, 
“Grocery and pharmacy”, “Workplaces” and “Residential” 
retrieved from Google [13] and the declaration of a state 
of emergency in Tokyo prefecture. The figure can be sum-
marized by the fact that the first emergency declarations 
show a significant decrease in going-out (and increase in 
time spent at home). In contrast, the second emergency 
declaration does not seem to have the same effect as the 
first and shows an increasing trend in mobility (and a 
decreasing trend in time spent at home). Furthermore, it 
can be confirmed that the amount of decrease in mobil-
ity (increase in the amount of time spent at home) under 
such emergency declarations tends to decrease with the 
number of times the emergency is declared.

The first emergency declaration issued by the Govern-
ment of Japan in 2020, shown in the Figures mentioned 
above Figs.  1 and 2, is seen as having been successful in 
reducing the contact opportunities represented by people’s 
going-out behavior [14]. However, the second, third, and 
fourth emergency declarations, issued in 2021, have not yet 
been tested for effectiveness and have criticized [15–19].

Given this situation in Japan, the questions that this 
paper seeks to answer are as follows; first, what happens to 
people’s going-out behavior when they experience multiple 
declarations of a state of emergency, i.e., multiple policy 
interventions that impose non-legally binding restrictions 
on behavior? Second, in light of the first question, whether 
the second, third, and fourth declaration of a state of 

emergency reduced people’s going-out behavior. In the fol-
lowing, we review the studies related to these questions.

There is a wide range of literature on the analysis of 
mobility in relation to COVID-19 outside Japan [20–
23]. For example, Delussu et  al. (2022) [24] investigate a 
change in adherence to tiered restrictions in Italy. How-
ever, concerning the analysis of COVID-19-related 
mobility outside Japan, almost all studies have analyzed 
mobility in terms of legally binding policy interventions 
represented by punitive lockdowns.

On the other hand, various studies have been conducted 
on Japan’s self-restraint behavior [25–28]. Furthermore, 
there is a growing body of research on social stigma and 
social pressures related to COVID-19 [29–33]. How-
ever, there are no studies on self-restraint behavior con-
sidering habituation based on the number of emergency 
declarations.

Katafuchi et al. (2021) [14] and Kurita and Managi (2022) 
[28] are two existing studies on the analysis of stigma-
focused Japanese non-legally binding policy interventions 
on going-out behavioral self-restraint, which is the scope 
of this study. Katafuchi et al. (2021) [14] discuss this rela-
tionship from theoretical and empirical analysis as in this 
study. However, the theoretical analysis in the paper does 
not incorporate the effect of voluntary restraint depend-
ing on the number of emergency declarations. The empiri-
cal analysis estimates the voluntary restraint effect of the 
policy intervention using a sample that includes only the 
first emergency declaration. Kurita and Managi (2022) [28] 
extend Katafuchi et al. (2021) [14] to analyze the dynamic 
model endogenizing an infection risk in a framework of 
evolutionary game. They conduct a welfare analysis show-
ing that the emergency state increases social welfare. This 
study investigates the multiple emergency declarations not 
considered in the above studies.

Based on the background, the research question, and 
the review of previous papers on policy interventions for 
COVID-19 described above, the contribution of this paper 
is described as follows: First, this paper demonstrates habit-
uation effects on self-restraint behavior under multiple 
non-legally binding policies. Specifically, this is achieved by 
presenting an economic theory model in which the number 
of announcements without penalty changes the effect of the 
announcements on going-out behavior. Second, this paper 
describes how the second and further announcements have 
been associated with people’s behavior concerning Japan’s 
non-legally binding policy, namely the declaration of a state 
of emergency. Specifically, we construct prefectural and 
daily panel data on going-out behavior and emergency dec-
larations and covariates expected to affect going-out behav-
ior and use the data to empirically show the impact of the 
second, third and fourth emergency declaration through 
estimations of econometric models.

1  In Figures 1 and 2, the reason for focusing on Tokyo as the target area for 
the declaration of a state of emergency can be summarized in three points: 
First, the duration of the declaration of a state of emergency is different for 
each prefecture. The second reason is that Tokyo is the most populous prefec-
ture in Japan. Third, because the number of emergency declarations issued in 
Tokyo and their total duration are the highest and longest among the prefec-
tures in Japan.
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The rest of the paper is organized as follows. First, in 
Theory, we use a theoretical model to analyze the impact 
of announcements on going-out behavior, considering 
that announcements are made multiple times. Second, 
in Methods, we construct a daily and prefectural panel 
dataset consisting of secondary data on emergency dec-
larations, going-out behavior, and covariates. In Results, 
we then conduct an empirical analysis using this dataset. 
Finally, we conclude in Conclusion.

Theory
We present a theoretical model of stigma following 
going-out behavior. The basic setting of the model fol-
lows Katafuchi et al. (2021) [14] and Kurita and Managi 
(2022) [28] while we extend it so that the effect varies 
with the number of emergency declarations (announce-
ments), as described below.

Consider an economy where the population is normal-
ized to 1. Individuals make decisions regarding two types 
of behavior: going-out or staying home. The payoff when 
choosing going-out is as follows:

the payoff when choosing staying home is as follows:

Here, uout and uhome are utility from going-out and that 
from staying home. The second term in (1) is the total 
psychological cost and the cost contains two factors: φ is 
the sensitivity of psychological costs, F(·) is the distribu-
tion function, F ′(·) = f (·) , the infection risk ( γ c ), social 
stigma ( σ s(x) ). γ is the infection probability, δ is the cost 
to scale parameter, c is the cost, σ is the relative impact of 
stigma, s is the stigma cost and s′(·) < 0 . ι ∈ {0, 1} is the 
policy indicator variable, and n = 1, 2, ... is the number of 
times that the state of emergency is implemented. e−h(n) 
represents the effect of stigma costs decreasing with the 
number of times that the state of emergency is imple-
mented, and h(·) is an increasing function with n. This is 
inspired by habituation effect [34] and it is not taken into 
account by Katafuchi et  al. (2021) [14] and Kurita and 
Managi (2022) [28].

We define the critical level of the sensitivity to psycho-
logical costs as follows:

From Eq. (3), players with sensitivities φ ≤ φ̂ choose 
going-out meanwhile players with sensitivities φ > φ̂ . We 
get the following:

(1)uout − φ[γ c + ισ e−h(n)s(x)]δ ,

(2)uhome.

(3)uout − φ̂[γ c + ισ e−h(n)s(x)]δ = uhome.

(4)φ̂ =
uout − uhome

[γ c + ισ e−h(n)s]δ
.

The population share of players who go out is given by

We assume that the stigma cost is an decreasing function 
with the share of players going-out, x, formally, s = g(x) , 
g ′(·) < 0 , s ∈ [0,+∞) , and s(1) > 0.

The fixed point of the following equations corresponds to 
the equilibrium in this model:

Summarizing Eq. (6), we define the function χ(x) as 
follows:

Therefore, the fixed point in x = χ(x) , x∗ , is the equilib-
rium population share of players who go out. To distin-
guish the population share of players who go out between 
under and without a state of emergency, we denote the 
former as x1 and the latter as x0.

Proposition 1  Without the state of emergency, there 
exist an unique interior equilibrium as follows:

Under the state of emergency, there can be multiple equi-
libria, x∗1 ∈ {x∗1,1, ..., x

∗
1,k} , x

∗
1,1 < x∗1,2 < ... < x∗

1,k , k is posi-
tive integer greater than or equal to one.

Proof
Proof is the same way as [14].

Proposition 1 shows same results as Katafuchi et  al. 
(2021) [14]. Since we focus the effect of the number of 
times that the state of emergency is implemented on the 
self-restraint behavior, we do not discuss the multiplic-
ity of equilibria. We define the self-restraint effect, R, as 
follows:

It means that the state of emergency has the self-restraint 
effect if R > 0.

Proposition 2  The state of emergency has a self-
restraint effect on going-out behavior.

(5)x = Pr (φ ≤ φ̂) = F(φ̂).

(6)











φ̂ =
uout−uhome

[γ c+ισ e−h(n)s]δ
,

x = F
�

φ̂

�

,

s = s(x).

(7)χ(x) = F
uout − uhome

[γ c + ισ e−h(n)s(x)]δ
,

(8)x∗0 = F

(

uout − uhome

(γ c)δ

)

.

(9)R := x∗0 − x∗1.
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Proof
The maximum value of χ(x)|ι=1 is χ(1)|ι=1 because 
χ(x)|ι=1 is an increasing function with x. Comparing 
χ(1)|ι=1 with x∗0 , we obtain as follows: 

because

The equilibrium level of x1 is less than χ(1) . Therefore,

The effect of the number of times that the state of 
emergency on the self-restraint behavior is summarized 
in the following proposition:

Proposition 3 

Proof

Here,

The denominator in Eq. (15) is positive by the following 
stability condition:

Thus, the sign of Eq. (15) is positive because

Therefore, the sign of Eq. (14) is negative.

The implication of Proposition 3 is that the self-
restraint effect of the state of emergency weakens with 

(10)

𝜒(1) − x
∗

0
= F

(

uout − uhome

[𝛾c + 𝜎e−h(n)s(1)]𝛿

)

− F

(

uout − uhome

(𝛾c)𝛿

)

< 0,

(11)[γ c + ισ e−h(n)s(1)]δ > (γ c)δ .

(12)R > 0.

(13)
∂R

∂n
< 0.

(14)
∂R

∂n
= −

∂x∗1
∂n

.

(15)
∂x∗1
∂n

=

∂χ(x∗
1
)

∂n

1−
∂χ(x∗

1
)

∂x

.

∂χ(x∗1)

∂x
< 1.

∂χ(x∗1)

∂n
= f

(

uout − uhome

[γ c + σ e−h(n)s(x∗1)]
δ

)

(−δ)

(

uout − uhome

[γ c + σ e−h(n)s(x∗1)]
δ+1

)

[−h′(n)σ e−h(n)s(x∗1)] > 0.

the number of times that the state of emergency is 
implemented. The result of Proposition 3 is consistent 
with an observation in Figs.  1 and 2. In the next sec-
tion, we empirically test Proposition 3 using mobility 
data.

Methods
Econometric method
In order to identify how the first, second, third, and 
fourth emergency declarations issued by the Japanese 
government have been associated with people’s going-
out behavior, this paper conducts an econometric anal-
ysis using secondary data. Specifically, we construct a 
panel data set including going-out behavior and some 
covariates that affect it, and try to estimate the associa-
tion between mobility and emergency declaration by 
using the one-way error component model [35].

The model in the econometric analysis is as follows:

where y is the dependent variable of human flow, i is 
the index for the ith prefecture for i = 1, . . . , n , t is the 
date for t = 1, . . . ,T  , x is an explanatory variable vector 
containing covariates, β is an unknown parameter vec-
tor, α is unobserved prefecture-level fixed-effect2 esti-
mated through dummy variable for each prefecture i, ε 
is the disturbance term, and e is stochastic variability. α 
is unobserved prefecture-level heterogeneity that is not 
dependent on time, such as prefecture-dependent idi-
osyncrasies related to the propensity to go out and indus-
trial structure related to going-out behavior.

Due to its superiority in terms of interpretability, the 
model presented in Eq. (16) can be used as the main basis 
when analyzing the relationship between emergency dec-
larations and going-outs. The issue is that this baseline 
model does not adequately account for autocorrelation, 
typically considered in spatiotemporal data structures. 
Therefore, in this study, the following spatial panel data 
model with temporal correlation [39, 40] is estimated in 
addition to Eq. (16):

(16)
yit =x

′
itβ + εit ,

εit =αi + eit ,

2  We estimate the model including the fixed-effect by the least squares 
method. The reason is two points; first, this study focuses on the association 
between emergency declarations and mobility and does not focus on the asso-
ciation between time-independent characteristics and mobility across pre-
fectures[36, 37]. In addition, it did not focus on differences in the association 
between time-independent properties and mobility across prefectures and 
individuals[36]. Second, the simplicity of the model and estimation[37, 38].
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where ε′t = (ε1t , . . . , εnt) denotes regression disturbance, 
α′ = (α1, . . . ,αn) is time-invariant region-specific ran-
dom effects3, ν′t = (ν1t , . . . , νnt) is spatial autocorrelation 
term, ρ is spatial autocorrelation unknown coefficient, 
W is a n× n spatial weight matrix4, η′t = (η1t , . . . , ηnt) is 
temporal autocorrelation term, ψ is temporal autocorre-
lation unknown coefficient, and e′t = (e1t , . . . , ent) is sto-
chastic variability.

Data
The dependent variable used in this study is the Google 
COVID-19 Community Mobility Reports [13] as data 
showing the amount of change in people’s mobility. The 
dataset consists of the change in mobility against a refer-
ence value for six categories:5 retail and recreation, gro-
cery and pharmacy, parks, transit stations, workplaces, 
and residential. Furthermore, the dataset consists of com-
prehensive data for Japan and data on changes in mobility 
at the sub-regional level, which comprises 47 prefectures.

This data is based on anonymized location data 
obtained from users of services using Google Account, 
including applications such as Google Maps, and from 
users using the Android operating system who have 
turned on the “Location History” setting. This data 
defines the number of visits as the volume of activity, 
except Residential6, and has the daily change in volume of 
activity relative to the median volume of activity for each 
day of the week between 3 January 2020 and 6 February 
2020, before the spread of COVID-19.

In addition, to eliminate the trend by day of the week 
regarding the amount of mobility brought about by behav-
ioral changes under COVID-19, such as the prevalence of 

(17)

yit =x
′
itβ + εit ,

εt =α + νt ,

νt =ρWνt + ηt ,

ηt =ψηt−1 + et ,

work-from-home, as described in the introduction, we use 
a 7-day moving average for the mobility of the depend-
ent variable. From the perspective of missing values, the 
mobility categories used in this analysis are the “Retail 
and recreation”, “Grocery and pharmacy”, “Workplaces”, 
and “Residential” categories in the Google COVID-19 
Community Mobility Reports corresponding to the four 
dependent variables retail, grocery, workplaces, and resi-
dential, respectively. Furthermore, to confirm the robust-
ness of this analysis, we also conduct an analysis using data 
obtained by Apple’s map application in addition to this 
data as a sensitivity analysis.

This paper defines the explanatory vector as:

where d is vector of target variables, and w is covariate vec-
tor. The target explanatory variables in this paper are the 
emergency declarations issued by the Japanese government 
in 2020 and 2021. The date data on the emergency decla-
rations are obtained from [11]. More specifically, we use a 
binary dummy variable as the target explanatory variable, 
which takes the value 1 when prefecture i is under a state of 
the emergency declaration at date t, and 0 otherwise.

The purpose of the empirical analysis in this study is to 
clarify the extent to which the change in mobility differs 
under the declaration of a state of emergency. As the first 
econometric model-based analysis in this study, the binary 
dummy variable emergencyit , which does not distin-
guish the number of emergency declarations, is used as 
the explanatory variable of interest in order to ascertain 
the pure correlation that exists between emergency dec-
larations and the volume of mobility. As a second analysis 
using the econometric model, we use the binary dummy 
variables emergency_1stit , emergency_2ndit , 
emergency_3rdit , and emergency_4thit as target 
explanatory variables in order to determine the extent to 
which people’s going-out behavior was associated with 
the policy intervention of declaring a state of emergency, 
depending on the number of times it was declared.

For the covariates vector, this paper includes weather 
information and prior information on the infection status 
of COVID-19 as factors that vary from prefecture to prefec-
ture and from day to day and holiday information as factors 
that vary from day to day, which are likely to affect going-out 
behavior. We describe the detail of these covariates below.

First, weather data, consisting of daily precipi-
tation precipitationit , average temperature 
temperatureit , and average wind speed windspeedit , 
obtained from the Japan Meteorological Agency is 
used as weather information7. The data observed at 

xit :=
[

d
′
it ,w

′
it

]′
,

3  The use of random effect estimation in this study is motivated by its ability 
to encompass the fixed effect estimator with spatial autocorrelation [41], as 
well as for ease of computation. This allows for a more comprehensive analysis 
of the data while also making the estimation process more efficient.
4  In this study, the 4-nearest neighbor method is used to produce the prox-
imity matrix for calculating the spatial weight matrix. Importantly, some 
prefectures in our data, such as Hokkaido and Okinawa, do not share bor-
ders with other prefectures. Therefore, the matrix is not based on the queen 
and rook criteria, which are commonly used to generate proximity matrices.
5  “Retail and recreation” refers to visits to entertainment venues, including 
restaurants, shopping centers, museums, and other shopping and experi-
ential facilities; “Grocery and pharmacy” refers to visits to grocery shops, 
drugstores, and other facilities where people can purchase daily essentials; 
“Parks” refers to visits to parks, including national parks and gardens; “Tran-
sit stations” refers to visits to public transport hubs; “Workplaces” refers to 
visits to workplaces; “Residential” refers to targeted time spent at home. For 
more detail on mobility data, see [13].
6  For Residential, the time spent is counted as the amount of mobility, not 
the number of visits.

7  Data on sunlight are similarly available, but were not included as explana-
tory variables in the models estimated in this paper because of their complete 
multicollinearity with precipitation.
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the prefectural capital of each prefecture is used as the 
weather information data for that prefecture. Weather 
data is used here because precipitation, temperature, or 
wind speed is a factor that can be predicted in advance 
by weather forecasting and thus may affect the decision-
making process for going-out. In order to deal with 
anomalies of precipitation and wind speed caused by dis-
asters such as torrential rains and typhoons, both data 
are logarithmically converted from values adjusted by 
the average of all prefectures during the sample period. 
In addition, we have normalized the average temperature 
data.

Second, as prior information on COVID-19 infec-
tion status, we use the data obtained from [12] on 
the number of daily COVID-19 positive cases by pre-
fecture, which is one day lag of the seven-day mov-
ing average to remove the day-of-week trend8910 
( positive_per1000it ). Furthermore, since the size 
of the population is reflected in the actual size of the 
number of positive cases, we use the number of posi-
tive cases per 1,000 people using the 2020 population 
projection data from the Ministry of Internal Affairs 
and Communications in order to control for the effect 
of population on the number of positive cases and to 
make the covariate more representative of the reality 
of the pandemic situation. We consider that this vari-
able allows us to control the impact of the number of 
COVID-19 positives by prefecture, which is reported 
daily in the news, on people’s decisions to go out or 
stay home on the following day.

Third, as a factor that does not vary by prefecture but 
varies with time, this study uses a binary dummy vari-
able for national holidays that takes the value of 1 if it 
is a national holiday and 0 otherwise, which may affect 
people’s going-out behavior ( national_holidayt ). In 
addition, we use as unofficial_holidayt a dummy 
variable that takes a value of 1 for days that are not 

designated as “national holidays” by Japanese law but on 
which people tend to take holidays11, and 0 otherwise. 
We expect these variables, national_holidayt and 
unofficial_holidayt to control for the considerable 
variation in people’s going-out behavior during national 
holidays observed in the changes in mobility as seen in 
the introduction.

These dependent variables, explanatory variables of 
interest, and covariate data will be combined to con-
struct a prefecture-specific daily panel data set. Regard-
ing data availability, the sample period is from 1 April 
2020 to 31 August 2021. The number of prefectures 
in the sample is n = 47 , the number of days in the 
sample is T = 518 , and the sample size, therefore, is 
N = nT = 47× 518 = 24, 346.

Results
In this section, we use the secondary data described 
above to analyze how these declarations are associated 
with people’s going-out behavior in the prefectures in 
Japan that experienced the first and second emergency 
declarations. First, we provide an overview of how emer-
gency declarations, the explanatory variable of most 
interest to us, have been issued.

Table  1 shows the period over which emergency dec-
larations related to COVID-19 were issued in the early 
stage of the pandemic in 2020. Moreover, Table 2 shows 
the period over which emergency declarations related to 
COVID-19 were issued in 2021. Finally, Table 3 shows the 
list of prefectures with multiple declarations of emergency 
from first to fourth. As these tables show, the declaration 
of a state of emergency in 2020 was issued to all prefec-
tures, but with a difference between the start date and the 
lift date, while the declaration of a state of emergency in 
2021 was issued to a limited number of prefectures, with 
a difference between the start date and the lift date. Using 
this heterogeneity of emergency declarations at the pre-
fecture and date level, this study analyzes the association 
between emergency declarations and going-out behavior.

Before proceeding to the panel data model analysis, we 
first use descriptive statistical analysis to see how going-
out behavior and COVID-19 infection status in Japan 
have changed over the sample period. Table 4 shows the 
monthly means of how the four explanatory variables 
of our panel data model, i.e., going-out, and one of the 
covariates, i.e., infection status, have changed across 
Japan. The table shows, first, that for the whole of Japan 
in the sample period, except grocery, mobility was lower 
than in the reference period [13] before the COVID-19 

8  In Japan, there is a trend in the number of positive cases by day of the week, 
with a significant decrease in the number of positive cases the day after the 
weekend and a national holiday. It has been suggested that this trend may be a 
manifestation of the strategy of health authorities and hospitals with COVID-
19 testing resources to deliberately reduce the number of tests on weekends 
and national holidays in order to prevent pressure on medical conditions such 
as the number of hospital beds.
9  The model in this paper incorporates one day lag of seven-days moving 
average of COVID-19 positive cases. However, people may make decisions 
concerning the number of COVID-19-positive cases from a few days earlier. 
Following this argument, we estimated the model by replacing the one-day 
lag of the seven-day moving average of COVID-19 cases with two, three, 
four, five, six, or seven days lag. However, the results did not change (data 
not shown).
10  There is seasonality in going-out behavior. For example, it is possible 
that it is more difficult to refrain from going-out in the summer than in the 
winter. This seasonality is, however, also controlled by covariates related to 
weather.

11  In this paper, we define new year holidays and Obon holidays as unoffi-
cial_holiday for which this variable takes the value 1. Specifically, we define 
the new year holidays as January 2 and 3 in 2021 and the Obon holidays as 13 
August to 16 in 2020 and 2021 as unofficial_holiday.
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Table 1  Range of emergency statement in relation to COVID-19 
declared in 2020 for prefectures of Japan

Notes: emergency_start indicates the date on which a state of emergency was 
declared for the prefecture indicated in the row, and emergency_end indicates 
the date on which the state of emergency was lifted. Source: [11]

prefecture_en emergency_start emergency_end times

Chiba 2020-04-07 2020-05-25 1

Fukuoka 2020-04-07 2020-05-14 1

Hyogo 2020-04-07 2020-05-21 1

Kanagawa 2020-04-07 2020-05-25 1

Osaka 2020-04-07 2020-05-21 1

Saitama 2020-04-07 2020-05-25 1

Tokyo 2020-04-07 2020-05-25 1

Aichi 2020-04-16 2020-05-14 1

Akita 2020-04-16 2020-05-14 1

Aomori 2020-04-16 2020-05-14 1

Ehime 2020-04-16 2020-05-14 1

Fukui 2020-04-16 2020-05-14 1

Fukushima 2020-04-16 2020-05-14 1

Gifu 2020-04-16 2020-05-14 1

Gunma 2020-04-16 2020-05-14 1

Hiroshima 2020-04-16 2020-05-14 1

Hokkaido 2020-04-16 2020-05-25 1

Ibaraki 2020-04-16 2020-05-14 1

Ishikawa 2020-04-16 2020-05-14 1

Iwate 2020-04-16 2020-05-14 1

Kagawa 2020-04-16 2020-05-14 1

Kagoshima 2020-04-16 2020-05-14 1

Kochi 2020-04-16 2020-05-14 1

Kumamoto 2020-04-16 2020-05-14 1

Kyoto 2020-04-16 2020-05-21 1

Mie 2020-04-16 2020-05-14 1

Miyagi 2020-04-16 2020-05-14 1

Miyazaki 2020-04-16 2020-05-14 1

Nagano 2020-04-16 2020-05-14 1

Nagasaki 2020-04-16 2020-05-14 1

Nara 2020-04-16 2020-05-14 1

Niigata 2020-04-16 2020-05-14 1

Oita 2020-04-16 2020-05-14 1

Okayama 2020-04-16 2020-05-14 1

Okinawa 2020-04-16 2020-05-14 1

Saga 2020-04-16 2020-05-14 1

Shiga 2020-04-16 2020-05-14 1

Shimane 2020-04-16 2020-05-14 1

Shizuoka 2020-04-16 2020-05-14 1

Tochigi 2020-04-16 2020-05-14 1

Tokushima 2020-04-16 2020-05-14 1

Tottori 2020-04-16 2020-05-14 1

Toyama 2020-04-16 2020-05-14 1

Wakayama 2020-04-16 2020-05-14 1

Yamagata 2020-04-16 2020-05-14 1

Yamaguchi 2020-04-16 2020-05-14 1

Yamanashi 2020-04-16 2020-05-14 1

Table 2  Range of emergency statement in relation to COVID-19 
declared in 2021 for prefectures of Japan

Notes: emergency_start indicates the date on which a state of emergency was 
declared for the prefecture indicated in the row, and emergency_end indicates 
the date on which the state of emergency was lifted. The missing value in 
emergency_end indicates that a state of emergency was in effect at the end of 
the sample period (31 August 2021). Source: [11]

prefecture_en emergency_start emergency_end times

Chiba 2021-01-08 2021-03-21 2

Kanagawa 2021-01-08 2021-03-21 2

Saitama 2021-01-08 2021-03-21 2

Tokyo 2021-01-08 2021-03-21 2

Aichi 2021-01-14 2021-02-28 2

Fukuoka 2021-01-14 2021-02-28 2

Gifu 2021-01-14 2021-02-28 2

Hyogo 2021-01-14 2021-02-28 2

Kyoto 2021-01-14 2021-02-28 2

Osaka 2021-01-14 2021-02-28 2

Tochigi 2021-01-14 2021-02-07 2

Hyogo 2021-04-25 2021-06-20 3

Kyoto 2021-04-25 2021-06-20 3

Osaka 2021-04-25 2021-06-20 3

Tokyo 2021-04-25 2021-06-20 3

Aichi 2021-05-12 2021-06-20 3

Fukuoka 2021-05-12 2021-06-20 3

Hiroshima 2021-05-16 2021-06-20 2

Hokkaido 2021-05-16 2021-06-20 2

Okayama 2021-05-16 2021-06-20 2

Okinawa 2021-05-23 2021-09-30 2

Tokyo 2021-07-12 2021-09-30 4

Chiba 2021-08-02 2021-09-30 3

Kanagawa 2021-08-02 2021-09-30 3

Osaka 2021-08-02 2021-09-30 4

Saitama 2021-08-02 2021-09-30 3

Fukuoka 2021-08-20 2021-09-30 4

Gunma 2021-08-20 2021-09-30 2

Hyogo 2021-08-20 2021-09-30 4

Ibaraki 2021-08-20 2021-09-30 2

Kyoto 2021-08-20 2021-09-30 4

Shizuoka 2021-08-20 2021-09-30 2

Tochigi 2021-08-20 2021-09-30 3

Aichi 2021-08-27 2021-09-30 4

Gifu 2021-08-27 2021-09-30 3

Hiroshima 2021-08-27 2021-09-30 3

Hokkaido 2021-08-27 2021-09-30 3

Mie 2021-08-27 2021-09-30 2

Miyagi 2021-08-27 2021-09-12 2

Okayama 2021-08-27 2021-09-12 3

Shiga 2021-08-27 2021-09-30 2
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pandemic. Residential is positive in all periods, but since 
this is time spent at home, it can be interpreted as an 
increase in time spent at home, i.e., a decrease in going-
out behavior, in all of Japan during the sample period 
compared to the reference period. Second, we can con-
firm that going-out behavior during the declaration of 
the state of emergency in 2020 (April and May 2020) and 
the initial declaration of the state of emergency in 2021 
(January and February 2021) was reduced compared to 
before and after. Similar to the findings above, it is possi-
ble to identify a similar trend in residential. On the other 
hand, for the third and fourth emergency declarations 
after April 2021, it can be confirmed that it is difficult 
to interpret changes in the amount of mobility from this 
monthly average for all prefectures.

This study analyzes the association between the dec-
laration of a state of emergency and going-out behavior 
using a panel data analysis rather than descriptive statis-
tic analysis for the following reasons; first, it is difficult 
to establish precise treatment and control group for data 
in 2020. Second, it is also difficult to compare the asso-
ciation between mobility and the declaration of a state of 
emergency in 2020 with the association in 2021. Third, 
from the emergency declarations other than the initial 
one in 2021, it is impossible to correspond the setting of 
the treatment and control groups because the number of 
declarations is often different, even if they were issued 
during the same period in each prefecture.

Table 5 shows the correlation between the declaration 
of a state of emergency and going-out behavior under the 
control of daily variables influencing going-out behavior. 
In the table, the target explanatory variable for the emer-
gency declaration is emergency, which is defined as a 
binary variable that does not distinguish the number of 
times of the declaration. The result, which is consistent 
with the empirical analysis conducted by Katafuchi et al. 
(2021) [14], suggests the possibility that the declaration 
of a state of emergency had a negative association with 
the going-out behavior (and that the declaration of a state 
of emergency had a positive association with the staying-
home behavior) in terms of the comparative value of the 
going-out behavior with the pre-pandemic one.

Next, the results for the target explanatory variable, 
the declaration of emergency, distinguishing between 
the first (2020), second, third, and fourth (2021) 
declarations, i.e., emergency_1st, emergency_2nd, 
emergency_3rd, and emergency_4th, are shown in 
Table  6. The statistical significance of the estimated 
coefficients for the four target explanatory variables 
discussed above all show p-values below 5%, except 
for emergency_4th when retail is used as the depend-
ent variable, emergency_3rd and emergency_4th for 

Table 3  Prefectures of Japan experienced multiple emergency 
statements in relation to COVID-19

Notes: The prefectures included in each column indicate the first, second, third, 
and fourth emergency declarations issued

pref_1st pref_2nd pref_3rd pref_4th

Aichi Aichi Aichi Aichi

Akita Chiba Chiba Fukuoka

Aomori Fukuoka Fukuoka Hyogo

Chiba Gifu Gifu Kyoto

Ehime Gunma Hiroshima Osaka

Fukui Hiroshima Hokkaido Tokyo

Fukuoka Hokkaido Hyogo

Fukushima Hyogo Kanagawa

Gifu Ibaraki Kyoto

Gunma Kanagawa Okayama

Hiroshima Kyoto Osaka

Hokkaido Mie Saitama

Hyogo Miyagi Tochigi

Ibaraki Okayama Tokyo

Ishikawa Okinawa

Iwate Osaka

Kagawa Saitama

Kagoshima Shiga

Kanagawa Shizuoka

Kochi Tochigi

Kumamoto Tokyo

Kyoto

Mie

Miyagi

Miyazaki

Nagano

Nagasaki

Nara

Niigata

Oita

Okayama

Okinawa

Osaka

Saga

Saitama

Shiga

Shimane

Shizuoka

Tochigi

Tokushima

Tokyo

Tottori

Toyama

Wakayama

Yamagata

Yamaguchi

Yamanashi
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grocery, emergency_2nd and emergency_3rd for work-
place, and emergency_4th for residential.

For mobility for retail, grocery, and workplace, we 
found statistically significant negative associations in 
declarations and mobility, except for emergency_4th in 
workplaces. On the other hand, in the model for resi-
dential, where the dependent variable is defined as the 
time at home, the exact opposite of the other depend-
ent variables, a statistically significant positive associa-
tion was found for declarations and time at home.

As for the magnitude of the coefficients, it can be con-
firmed that the coefficients become smaller as the num-
ber of emergency declarations increases in the model 
with the dependent variable of retail. Furthermore, in the 
models using workplace and residential, the coefficients 

increase with the number of emergency declarations (and 
decrease for residential).

The primary interpretation of the results is as fol-
lows: First, the estimation results of the model with 
retail as the dependent variable suggest that people 
refrained from going-out for retail and entertain-
ment purposes during the first three emergency dec-
larations. However, the degree of restraint may have 
decreased with each additional declaration. Second, 
the estimated coefficients for emergency declarations 
in the model with grocery as the dependent variable, 
i.e., the estimated coefficients for emergency declara-
tions for going-out to purchase daily necessities such 
as food and medicine, indicate the possibility that 
the decrease in the restraint from going-out with an 
increase in the number of declarations, as seen in the 
results for retail, is unlikely to be reflected. Third, for 
workplaces, although people did not work in the work-
place under the first declaration of emergency com-
pared to before the pandemic, they may have worked in 
the workplace more in 2021, i.e., under the second and 
subsequent declarations of emergency, than before the 
pandemic. Fourth, the coefficient on emergency decla-
rations in the model with residential as the dependent 
variable indicates that although the time spent at home 
increased under the first emergency declaration com-
pared to the pre-pandemic period, the increase in time 
spent at home decreased in the second declaration. 

Table 4  Mean of mobility data and infection status by month for the whole Japan

Notes: Each row shows the monthly level average for the whole Japan in the month indicated by the year-month pair. Source: [12, 13] and authors’ calculation

year month retail grocery workplaces residential positive_
per1000

2020 4 -0.293 -0.004 -0.216 0.120 0.0029

2020 5 -0.294 -0.020 -0.268 0.138 0.0010

2020 6 -0.139 0.002 -0.127 0.069 0.0004

2020 7 -0.114 -0.003 -0.145 0.070 0.0027

2020 8 -0.097 0.014 -0.196 0.075 0.0087

2020 9 -0.094 -0.010 -0.139 0.055 0.0044

2020 10 -0.079 -0.002 -0.092 0.041 0.0040

2020 11 -0.069 -0.002 -0.107 0.048 0.0098

2020 12 -0.075 0.011 -0.134 0.067 0.0193

2021 1 -0.211 -0.065 -0.201 0.098 0.0390

2021 2 -0.177 -0.031 -0.152 0.073 0.0167

2021 3 -0.109 -0.008 -0.124 0.052 0.0091

2021 4 -0.124 0.010 -0.145 0.056 0.0251

2021 5 -0.167 0.027 -0.181 0.083 0.0416

2021 6 -0.144 0.046 -0.096 0.059 0.0174

2021 7 -0.111 0.058 -0.135 0.063 0.0195

2021 8 -0.147 0.062 -0.201 0.092 0.1214

Table 5  Result of panel data analysis for the association 
between emergency statement and mobility for the prefectures 
in Japan

Notes: The sample size is N = nT = 47× 518 = 24, 346 . The estimation 
results for each row show the coefficients estimated using the fixed-effect 
estimator. s.e. stands for cluster robust standard errors

dependent explanatory estimate s.e. p covariates

retail emergency -0.1452 0.0046 <0.0001 Yes

grocery emergency -0.0236 0.0031 <0.0001 Yes

workplaces emergency -0.0764 0.0049 <0.0001 Yes

residential emergency 0.0488 0.0022 <0.0001 Yes
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By the fourth declaration, the time spent at home may 
have decreased compared to the pre-pandemic period.

Even if a person has a sufficient subjective risk of 
COVID-19 infection and stigma against going-out, the 
purpose of going to a place represented by the grocery 
category may result in the need to go out to purchase 
items needed for survival. For going-out behavior for 
the purpose of going to a place represented by the work-
places category, people may also be required to com-
mute by order of their company or their boss. Therefore, 
going-out for these purposes differs from retail and can 
be interpreted as going-out behavior that cannot be 
refrained from in some cases. In addition, since residen-
tial is a variable that indicates the time spent at home, it 
is subject to complex fluctuations depending on the types 
of going-out that can be restrained, such as retail, and 
the types of going-out that cannot be restrained, such as 
workplaces and grocery. Therefore, an increase in resi-
dential does not necessarily mean that people are refrain-
ing from going-out, and a decrease in residential does 
not necessarily mean that people are not refraining from 
going-out.

Taking into account these characteristics of categories 
of mobility, the results presented by Table 6 can be inter-
preted as follows: for restraint-able going-out (retail), 
voluntary restraint from going-out under a declared 
state of emergency has weakened as the number of the 
declarations increased, but this relationship could not 

be confirmed for non-restraint-able going-out (grocery 
and workplaces). Therefore, the empirical analysis of this 
study supports the results presented by the theoretical 
model, which shows that under a state of emergency peo-
ple refrain from going-out, and that the negative associa-
tion between mobility and state of emergency weakens 
with each successive declaration for those going-out that 
can be refrained from, where people have more freedom 
of decision-making.

In order to check the robustness of this relationship 
with an emergency and going-out behavior, the results of 
sensitivity analysis are presented below; first, the results 
without the addition of the covariate vector are pre-
sented in Tables 7 and 8. Second, the results for the dif-
ferent mobility datasets, COVID-19 Mobility Trends 
Reports [42] are shown in Tables 9 and 10. All of the sen-
sitivity analysis generally supports the results presented in 
Tables 5 and 6.

The findings of the baseline model based on Eq. (16) 
support the idea that the announcement of a state of 
emergency is inversely correlated with people’s pro-
pensity to leave their homes. Furthermore, the nega-
tive correlation between self-restraint-able going-out 
behavior and emergency declarations was found to be 
weaker with each announcement. However, the previ-
ous findings do not fully consider the autocorrelation 
present in the spatiotemporal nature of the panel data. 
In order to address this issue, Tables 11 and 12 present 

Table 6  Result of panel data analysis for the association between emergency statement and mobility for the prefectures in Japan, 
using divided emergency statement for 2020 and 2021

Notes: The sample size is N = nT = 47× 518 = 24, 346 . The estimation results for each row show the coefficients estimated using the fixed-effect estimator. s.e. 
stands for cluster robust standard errors

dependent explanatory estimate s.e. p covariates

retail emergency_1st -0.2009 0.0064 <0.0001 Yes

emergency_2nd -0.0644 0.0057 <0.0001

emergency_3rd -0.0605 0.0113 <0.0001

emergency_4th -0.0088 0.0155 0.5692

grocery emergency_1st -0.0314 0.0029 <0.0001 Yes

emergency_2nd -0.0195 0.0032 <0.0001

emergency_3rd 0.0080 0.0060 0.1814

emergency_4th -0.0182 0.0110 0.0976

workplaces emergency_1st -0.1316 0.0049 <0.0001 Yes

emergency_2nd 0.0048 0.0030 0.1075

emergency_3rd 0.0063 0.0100 0.5263

emergency_4th 0.0428 0.0145 0.0030

residential emergency_1st 0.0765 0.0023 <0.0001 Yes

emergency_2nd 0.0072 0.0011 <0.0001

emergency_3rd 0.0084 0.0041 0.0410

emergency_4th -0.0129 0.0067 0.0522
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the estimation results of the model based on Eq.  (17), 
which takes the spatiotemporal autocorrelation struc-
ture into account.

The results of Table 11 come from a model that con-
siders the spatiotemporal structure but uses the same 
explanatory factors as those in Table 5, i.e., explanatory 
variables that do not distinguish between the number 
of emergency declarations. Like the previous results, all 
of the findings demonstrate that people tend to refrain 
from going-out behavior when non-legally binding pol-
icy interventions are in place. Additionally, the spatial 
and temporal autocorrelation coefficients ( ρ and ψ ) are 
both positive and statistically significant, which dis-
tinguishes this model from the baseline model. These 

findings suggest that the relationship between emer-
gency declarations and going-out behavior may be 
influenced by spatiotemporal patterns, and therefore 
warrants further investigation.

The results of Table 12, on the other hand, come from 
a model that takes into account the spatiotemporal 
structure and uses the same explanatory variables as 
Table  6, i.e., explanatory variables that distinguish the 
number of emergency declarations. This model also 
has positive and statistically significant spatial autocor-
relation coefficients ( ρ ) and temporal autocorrelation 
coefficients ( ψ ), indicating that some consideration 
of spatiotemporal structure is important in examin-
ing the relationship between emergency declarations 

and going-out behavior. The coefficients for emer-
gency declarations generally have similar signs and 
statistical significance to those in Table 6. One notable 

Table 7  Result of panel data analysis for the association 
between emergency statement and mobility for the prefectures 
in Japan: sensitivity analysis without covariates

Notes: The sample size is N = nT = 47× 518 = 24, 346 . The estimation 
results for each row show the coefficients estimated using the fixed-effect 
estimator. s.e. stands for cluster robust standard errors

dependent explanatory estimate s.e. p covariates

retail emergency -0.1452 0.0051 <0.0001 No

grocery emergency -0.0223 0.0033 <0.0001 No

workplaces emergency -0.0836 0.0060 <0.0001 No

residential emergency 0.0510 0.0026 <0.0001 No

Table 8  Result of panel data analysis for the association between emergency statement and mobility for the prefectures in Japan, 
using divided emergency statement for 2020 and 2021: sensitivity analysis without covariates

Notes: The sample size is N = nT = 47× 518 = 24, 346 . The estimation results for each row show the coefficients estimated using the fixed-effect estimator. s.e. 
stands for cluster robust standard errors

dependent explanatory estimate s.e. p covariates

retail emergency_1st -0.1961 0.0068 <0.0001 No

emergency_2nd -0.0861 0.0051 <0.0001

emergency_3rd -0.0748 0.0084 <0.0001

emergency_4th -0.0521 0.0069 <0.0001

grocery emergency_1st -0.0376 0.0029 <0.0001 No

emergency_2nd -0.0266 0.0080 0.0009

emergency_3rd 0.0339 0.0053 <0.0001

emergency_4th 0.0514 0.0021 <0.0001

workplaces emergency_1st -0.1409 0.0046 <0.0001 No

emergency_2nd -0.0042 0.0040 0.2947

emergency_3rd -0.0181 0.0112 0.1068

emergency_4th -0.0301 0.0133 0.0233

residential emergency_1st 0.0779 0.0023 <0.0001 No

emergency_2nd 0.0141 0.0019 <0.0001

emergency_3rd 0.0201 0.0031 <0.0001

emergency_4th 0.0217 0.0022 <0.0001

Table 9  Result of panel data analysis for the association 
between emergency statement and mobility for the prefectures 
in Japan: sensitivity analysis using Apple’s Data [42]

Notes: The sample size is N = nT = 47× 518 = 24, 346 . The estimation 
results for each row show the coefficients estimated using the fixed-effect 
estimator. s.e. stands for cluster robust standard errors

dependent explanatory estimate s.e. p covariates

driving emergency -0.3803 0.0308 <0.0001 Yes

walking emergency -0.3759 0.0274 <0.0001 Yes
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difference between the two tables (Tables  6 and 12) 
is the size of the coefficients for emergency declara-
tions. Table  6 shows that for self-restraint-able going-
out behavior (retail), the negative correlation between 
declaring a state of emergency and leaving home weak-
ens as the number of times the state of emergency is 
declared increases. The results in Table 12, where retail 
is again the dependent variable, also display a roughly 
weakening trend. For instance, the second state of 
emergency declaration has a lesser negative associa-
tion with going-out activity than the first. However, 
the third declaration’s negative correlation with going-
out tends to be slightly stronger than the second one. 
This finding suggests that in a model that accounts for 
the spatiotemporal correlation structure, the negative 
correlation between emergency announcements and 

going-out behavior does not have a strong tendency to 
decline with each increase in the number of emergency 
declarations.

In this section, we conducted an empirical analysis of 
the association between emergency declarations and vol-
untary restraint from going-out, considering the num-
ber of declarations. The results are consistent with the 
theoretical analysis conducted in Theory section, in that 
the declaration of a state of emergency has the effect of 
refraining from going-out, and that the effect of refrain-
ing from going-out decreases as the number of declara-
tions of a state of emergency increases in the category 
of going-out that can be completely refrained from. The 
results of the empirical analysis were also shown to be 
robust by sensitivity analyses. In the model with spati-
otemporal structure, the results were generally similar 
to those of the baseline model. However, the results also 
indicated a need for caution in terms of the magnitude of 
the coefficients.

Conclusion
This study examined the effect of non-legally binding 
policy interventions on people’s going-out behavior when 
the number of interventions is increased from theoretical 
analysis and empirical analysis. In the theoretical analy-
sis, we constructed a model that extends Katafuchi et al. 
(2021) [14] so that the effect of the policy intervention 
changes with the number of times the announcement is 
executed. Furthermore, in comparative statics using the 
model, we confirmed that the effect of the policy inter-
vention on the suppression of going-out declines with 
each increase in the number of implementations. In the 
empirical analysis, we developed a daily panel dataset at 
the prefectural level, focusing on the declaration of a state 
of emergency, a non-legally binding policy intervention 
in Japan to change behavior to mitigate the disadvantages 
arising from COVID-19. Furthermore, using the data, we 

Table 10  Result of panel data analysis for the association between emergency statement and mobility for the prefectures in Japan, 
using divided emergency statement for 2020 and 2021: sensitivity analysis using Apple’s Data [42]

Notes: The sample size is 47 prefectures between 1 April 2020 and 31 August 2021, i.e., N = nT = 47× 518 = 24, 346 . The estimation results for each row show the 
coefficients estimated using the fixed-effect estimator. s.e. stands for cluster robust standard errors

dependent explanatory estimate s.e. p covariates

driving emergency_1st -0.5683 0.0136 <0.0001 Yes

emergency_2nd -0.0899 0.0191 <0.0001

emergency_3rd -0.0837 0.0223 0.0002

emergency_4th -0.1221 0.0435 0.0050

walking emergency_1st -0.5233 0.0175 <0.0001 Yes

emergency_2nd -0.1596 0.0192 <0.0001

emergency_3rd -0.1223 0.0280 <0.0001

emergency_4th -0.1498 0.0423 0.0004

Table 11  Result of spatial panel data analysis for the association 
between emergency statement and mobility for the prefectures 
in Japan

Notes: The sample size is N = nT = 47× 518 = 24, 346 . The estimation 
results for each row show the coefficients estimated using model (17). s.e. 
stands for cluster robust standard errors. The values corresponding to ρ and ψ 
represent the spatial and temporal autocorrelation coefficients, respectively

dependent explanatory estimate s.e. p covariates

retail emergency -0.0058 0.0006 <0.0001 Yes

ρ 0.9951 0.0005 <0.0001

ψ 0.8739 0.0021 <0.0001

grocery emergency -0.0016 0.0005 0.0015 Yes

ρ 0.9900 0.0008 <0.0001

ψ 0.8438 0.0025 <0.0001

workplaces emergency -0.0037 0.0004 <0.0001 Yes

ρ 0.9943 0.0006 <0.0001

ψ 0.9630 0.0007 <0.0001

residential emergency 0.0017 0.0002 <0.0001 Yes

ρ 0.9930 0.0007 <0.0001

ψ 0.9344 0.0011 <0.0001
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analyzed the relationship between the four emergency 
declarations and going-out behavior and found that the 
negative association between emergency and mobil-
ity weakened as the number of emergency declarations 
increased in the analysis of going-out behavior related 
to the objective category with a high degree of freedom 
to refrain from going-out, which is consistent with the 
theoretical model. The results of the model with the spa-
tiotemporal structure were generally similar to those of 
the baseline model. However, the results indicated that 
the magnitude of the coefficients should be interpreted 
with caution.

In light of the findings of this study, namely that simi-
lar emergency declarations have a diminishing effect on 
behavior change with each successive declaration, we 
suggest that policymakers should make more fundamen-
tal changes to the requests and punitive nature of emer-
gency declarations to make them more progressive and 
practical in their policy interventions.

In this study, there are several limitations. First, this 
study has not been able to identify exact causal effects. To 

resolve this issue, we would like to conduct future analyses 
using experimental data. Second, the generalizability of the 
results of this study to further policy interventions should 
be carefully considered, given that only the association in 
question has been clarified. In other words, the results of 
this study’s analysis cannot be said to have external valid-
ity. We believe that this problem can also be resolved by 
clarifying the causal effects of multiple emergency declara-
tions on going-out behavior, either by using experimental 
data or by using a natural experimental situation. Third, of 
the data used in the analysis of this study, the sample size 
for the fourth declaration of a state of emergency is rela-
tively small (see Table 3). Therefore, the results regarding 
the association between the fourth declaration of a state of 
emergency and going-out behavior are not statistically sig-
nificant in most models, and caution should be exercised 
in interpreting these results. However, it is important to 
note that, as the results of this study show, the association 
between the first through the third declarations of a state 
of emergency and self-restraint from going-out follows our 
hypothesis to a certain extent.

Table 12  Result of spatial panel data analysis for the association between emergency statement and mobility for the prefectures in 
Japan, using divided emergency statement for 2020 and 2021

Notes: The sample size is N = nT = 47× 518 = 24, 346 . The estimation results for each row show the coefficients estimated using model (17). s.e. stands for cluster 
robust standard errors. The values corresponding to ρ and ψ represent the spatial and temporal autocorrelation coefficients, respectively

dependent explanatory estimate s.e. p covariates

retail emergency_1st -0.0078 0.0011 <0.0001 Yes

emergency_2nd -0.0051 0.0010 <0.0001

emergency_3rd -0.0058 0.0013 <0.0001

emergency_4th -0.0013 0.0021 0.5480

ρ 0.9951 0.0005 <0.0001

ψ 0.8740 0.0021 <0.0001

grocery emergency_1st -0.0040 0.0009 <0.0001 Yes

emergency_2nd -0.0011 0.0008 0.1612

emergency_3rd 0.0001 0.0010 0.8886

emergency_4th -0.0004 0.0017 0.8341

ρ 0.9900 0.0008 <0.0001

ψ 0.8440 0.0025 <0.0001

workplaces emergency_1st -0.0057 0.0008 <0.0001 Yes

emergency_2nd -0.0038 0.0006 <0.0001

emergency_3rd -0.0012 0.0008 0.1518

emergency_4th -0.0039 0.0014 0.0048

ρ 0.9943 0.0006 <0.0001

ψ 0.9630 0.0007 <0.0001

residential emergency_1st 0.0025 0.0004 <0.0001 Yes

emergency_2nd 0.0017 0.0003 <0.0001

emergency_3rd 0.0007 0.0004 0.0516

emergency_4th 0.0019 0.0006 0.0025

ρ 0.9930 0.0007 <0.0001

ψ 0.9344 0.0012 <0.0001
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The change in going-out behavior due to the declaration 
of emergency is heterogeneous across occupations and 
industries12. This may be due to whether remote work is 
possible or not. However, even if remote work is possible 
and the types of jobs are similar, the changes in going-out 
behavior may differ across firms. One hypothesis is that the 
stigma of not coming to work (i.e., the stigma of working 
remotely) may change depending on how often one’s col-
leagues come to work. We will analyze this hypothesis by 
constructing a social norm model for each workplace for 
future work.
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