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Abstract
Purpose There are 47 municipalities and prefectures in Japan that operate similar COVID-19 policies in a unified manner. 
There are significant differences regarding their policy outcomes. In order to investigate when the outcomes are different, 
we made a COVID-19 policy outcome analysis tool, jpcovid for evaluating time-series scores of individual prefectures, not 
a policy analysis tool.
Methods Scoring policies is based on a single population mortality metric: the number of COVID-19 deaths divided by the 
population in millions from a demographic perspective.
Results Although uniformed policies have been adopted by the 47 prefectures in Japan, there are significant differences in 
the calculated scores among the 47 prefectures. This difference can be caused by differences in the herding instincts of the 
community with COVID-19 variants. The herd instinct is an inherent tendency to associate with others and follow the group's 
behavior or a behavior wherein people tend to react to the actions of others without considering the reason. The snapshot 
scoring tool, jpscore showed that Niigata has the best score of 67.9 while Osaka has the worst score of 727.9. jpcovid allows 
users to identify when herd instincts made changes in time-series scores.
Conclusions This is the world’s first large-scale measurement on the herd instinct of prefectures in Japan. The proposed 
method can be applied to other countries in general.
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1 Introduction

Vaccine efficacy is a snapshot result in the closed laboratory 
experiment and the vaccine effectiveness wanes over time in 
the real world with new variants having spike mutations and 

immune escape. In other words, policymakers must identify 
the current problem in the pandemic and update their poli-
cies to reduce the unnecessary deaths due to COVID-19.

There are 47 municipalities and prefectures in Japan 
that operate similar COVID-19 policies in a unified man-
ner. There are significant differences regarding their policy 
outcomes. In order to investigate when the outcomes are 
different, we made a COVID-19 policy outcome analysis 
tool, jpcovid for evaluating time-series scores of individual 
prefectures, not a policy analysis tool.

This outcome difference can be caused by differences 
in the herding instincts of the individual community with 
COVID-19 variants in Japan. Therefore, this paper discusses 
the herd instinct of COVID-19 in Japan along with policy 
outcomes, not a policy analysis of COVID-19. The herd 
instinct is an inherent tendency to associate with others and 
follow the group's behavior or a behavior wherein people 
tend to react to the actions of others without considering the 
reason. Community policies and human behavior affect the 
outcome of COVID-19.

Highlights 
• Niigata had three big change points on herd instinct.
• Fukui had the single biggest change point on herd instinct in July 

2022.
• The top four prefectures face the Sea of Japan by herd instinct.
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The proposed policy outcome analysis tool is applicable 
to other countries and areas on COVID-19 and other infec-
tions. The policy outcome analysis is based on time-series 
population mortality which can identify when policymakers 
made mistakes. The scope of this paper is to analyze and 
focus on COVID-19 policy outcomes in Japan.

Marton-Alper et al. reported herding in human groups of 
autistic traits [1]. Anderson studied immunities of the herd 
in peace, war, and COVID-19 [2]. Anderson only briefly 
surveyed the herd instinct of Trotter‘s papers [3, 4], Dud-
ley’s study [5], Malinowski [6], Swanson [7], and Canetti [8] 
respectively. However, Anderson did not study herd instinct 
quantitatively or qualitatively.

Lee et al. examined how COVID-19 triggers our herding 
behavior [9]. Lee et al. used the questionnaire result from 
180 voluntary participants. However, questionnaire bias is 
an important problem in public health surveys and needs 
to be removed [10]. However, they did not alleviate ques-
tionnaire bias in herding behavior study. Their result is not 
conclusive on the herd instinct.

Arafat et al. reported psychological behavior of panic 
buying during pandemic [11]. They presented the possible 
hypothetical explanations for the behavior based on a litera-
ture survey. However, they did not investigate herd instinct 
quantitatively or qualitatively.

Aslam et al. studied herding behavior during the COVID-
19 pandemic and compared between Asian and European 
stock markets [12]. However, they did not present the 
COVID-19 mitigation method. The result of the proposed 
method should be used for mitigating the pandemic.

To the best of our knowledge, there are no existing 
methods to measure the large-scale herd instinct quanti-
tatively or qualitatively. This paper proposes a time-series 
policy outcome analysis tool for evaluating the perfor-
mance of COVID-19 policies, but it just happens to be used 
to measure herd instincts because of the uniform policy 
adopted by all 47 prefectures in Japan. In other words, the 
proposed time-series policy analysis tool can detect and 
identify when a prefecture's behavior change with COVID-
19 variants has occurred.

There are two types of policy outcome analysis tools: 
snapshot policy outcome analysis tool and time-series policy 
outcome analysis tool. Both tools will be used for analysis 
of 47 municipalities and prefectures in Japan. Time-series 
policy outcome analysis tool is superior to snapshot policy 
outcome analysis tool because they allow us to observe the 
evolution and progress of scores over time.

Japan has a unique COVID-19 policy such that the 47 
individual prefectures have adopted the same uniform pol-
icy controlled by the government. In other words, Japan 
has a golden opportunity to observe the large-scale herd 

instinct of COVID-19 or the community behavior due to 
the uniform COVID-19 policy. Therefore, the difference 
of the COVID-19 outcomes can be caused by the herd 
instinct with COVID-19 variants. The vaccination situa-
tion is almost the same in all prefectures.

We have developed a snapshot policy outcome analysis 
tool, jpscore to score individual policies of the 47 prefec-
tures and generate a list of sorted scores [13]. The lower 
the score, the better the policy. The list of sorted scores 
allows policymakers to identify the best prefecture to learn 
the best strategy or policy.

In order to run jpscore, you must install Python and 
jpscore on the system. To install jpscore, run the follow-
ing command. ($) character indicates the prompt from the 
system terminal.

$ pip install jpscore

 To run jpscore, run the following command.

$ jpscore

Figure 1 indicates that Niigata has the best score of 203.8 
while Osaka has the worst score of 969.7 as of April 26, 
2023. Niigata’s score is nearly 5 times better than Osaka’s 
score. As noted above, similar policies have been adopted 
in all prefectures for COVID-19, but herding instincts make 
a significant difference in COVID-19 outcomes.

This paper will show and visualize when herding behav-
iors have changed in prefectures. The role of time-series 
policy outcome analysis tool, jpcovid will be introduced 
in this paper and the contribution of the jpcovid tool will 
be discussed. Since the source code for jpcovid is released 

prefecture deaths population score

Niigata 453 2.223 203.8

Fukui 200 0.768 260.4

Toyama 321 1.044 307.5

Yamagata 367 1.078 340.4

Tokushima 421 0.728 578.3

… … … …

Miyazaki 777 1.073 724.1

Kumamoto 1314 1.748 751.7

Kochi 602 0.698 862.5

Hokkaido 4592 5.250 874.7

Osaka 8542 8.809 969.7

Fig. 1  Result of jpscore as of April 26. 2023
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in public, the proposed method can generally be applied to 
other countries in general to observe the herding behavior.

2  Methods

jpcovid is a new Python Package Index (PyPI) application. 
The PyPI application is composed of three files such as 
README.md, setup.py and jpcovid.py. README.md is 
usually generated by GitHub site. setup.py and jpcovid.py 
files are attached in APPENDIX. This paper will disclose 
source codes in Python. The setup.py file is a Python script, 
usually included in a library or app written in Python, to 
indicate that the module or package you are about to install 
may be packaged. jpcovid.py is a main Python program. 
Time-series scoring policy outcome is based on the daily 
population mortality rate: dividing the number of daily 
cumulative COVID-19 deaths by the population in million. 
The latest dataset is automatically scraped over the Inter-
net and jpcovid can calculate and visualize the time-series 
scores. The higher the score, the worse the policy. In other 
words, the lower the score, the better the policy.

Remember that jpscore is a snapshot scoring tool while 
the proposed jpcovid is a time-series scoring tool to be 
able to identify when policymakers made mistakes against 
COVID-19.

PyPI allows users to install the target library via pip 
command. As long as Python is installed on the system, the 
installed library can run on Windows, MacOS, and Linux 
operating systems without being aware of the installed oper-
ating system.

According to Wikipedia, as of 17 January 2022, more 
than 350,000 Python packages can be accessed through 
PyPI. In other words, PyPI offers the largest packages in 

public which means that it is for programmers to maximize 
the dissemination of software in the world. The contribution 
of this paper is the release of source codes, which can be 
applied in other countries to evaluate COVID-19 policies 
and measure herd instincts through datasets. In other words, 
once the dataset is prepared, the researcher can calculate and 
identify when the policymaker made mistakes or behavioral 
change points of communities were observed.

3  Results

Two policy outcome analysis tools such as jpscore for gener-
ating a snapshot list of sorted scores and jpcovid for visual-
izing time-series scores and identifying when policymakers 
made mistakes. While jpscore can reveal a better ordered list 
of sorted scores, it cannot identify when a policymaker made 
a mistake. However, a new time-series policy analysis tool, 
jpcovid is presented in this paper. The jpcovid tool allows 
policymakers to visualize and identify when they made 
mistakes or herding behaviors changed. Identified mistakes 
or herding behaviors can be corrected by policymakers for 
updating policies in the near future.

To run jpcovid, you must install it by the following command.

$ pip install jpcovid

To run jpcovid, you must type the following command 
for Niigata with the best score and Osaka with the worst 
score in Japan.

$ jpcovid Niigata Osaka

Figure 2 shows the result of the above command. The flat 
graph indicates that the policy with herd instinct suppressed 
COVID-19 and it is successful. The steeper the diagonal 

Fig. 2  Result of jpcovid of 
Niigata and Osaka
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graph, the worse the herding behavior. Fig. 2 indicates that 
Osaka made 4 big change points on herd instinct in Novem-
ber 2020, April 2021, February 2022, and July 2022 respec-
tively. Figure 2 shows that Niigata has a gentle graph with 
no steep change points.

Figure 3 shows the result of jpcovid with the best four 
prefectures such as Niigata, Fukui, Toyama and Yamagata. 
Four prefectures are located on the Sea of Japan side. Fig-
ures 2 and 3 include Niigata, but only Fig. 3 indicates that 
Niigata had three big change points on herd instinct in April 
2021, February 2022, and July 2022 respectively. Fukui has 
the single biggest change point on herd instinct in July 2022. 
We must analyze why such biggest change points were gen-
erated. The proposed tool, jpcovid can only identify the herd 
instinct change points. In other words, we must investigate 
why herding behaviors changed.

4  Discussions

All 47 prefectures in Japan have adopted the uniform policy. 
Thus, for COVID-19, herd instincts and herd behaviors may 
influence different outcomes.

The snapshot COVID-19 policy analysis tool, jpscore can 
generate a better ordered list of sorted scores which allows 
policymakers to learn the good strategies from prefectures with 
excellent scores. In other words, all prefectures except Nii-
gata should learn the good strategies from Niigata. We should 
know and learn how the Niigata community behaves against 

COVID-19. jpscore discovered that Niigata has the best score 
of 203.8 while Osaka has the worst score of 969.7 as of April 
26, 2023. Two scores indicate that Niigata is nearly 5 times 
better than Osaka. This means that Osaka caused unneces-
sary COVID-19 deaths due to herding behavior. The lower the 
score, the better the policy. Or the lower the score, the better 
the herding behavior.jpcovid allows policymakers to identify 
major herd behavior changes and when they occurred. Niigata 
had three big change points on herd instinct. Fukui had the 
single biggest change point on herd instinct in July 2022.

In Japan, face masks are often worn with or without the 
government recommendation. In Japan, greetings do not 
include handshakes, kisses, or hugs. To conduct handshakes, 
kisses, or hugs, the social distance must be shorter.

The majority of the general public in Japan keep a greater 
social distance from individuals [14]. Japanese tend not to 
talk since silence is golden [15].

According to the Japan Meteorological Agency, the sig-
nificant climate difference such as snowfall may nurture 
herding behavior on human mobility. From 2008 to 2017 of 
10 years snowfall data such as the total number of snowfall 
days, the total snowfall amount and the total maximum snow 
depth in prefecture capitals such as Niigata and Osaka are as 
follows: 501 days, 1470cm, 360cm of Niigata; and 16 days, 
17cm, 14cm of Osaka respectively.

Wei et al. reported that regional ambient temperature 
is associated with human personality [16]. Temperature is 
an extremely important factor that affects an individual's 
personality.

Fig. 3  Result of jpcovid with 
Niigata, Fukui, Toyama and 
Yamagata
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The hypothesis in this paper is that Niigata's harsh winters 
will foster herd instinct or human resistance, so that during a 
pandemic, the Niigata community will be able to withstand 
with less human mobility, but Osaka will have little snow, so 
there will be more human mobility to spread COVID-19. This 
is because top four prefectures such as Niigata, Fukui, Toy-
ama and Yamagata have cold winters with heavy snow on the 
Sea of Japan side and in mountainous areas. However, Hok-
kaido has cold winters with the poor score which contradicts 
with the hypothesis. This is because Hokkaido has the highest 
indoor temperature in winter among all prefectures in Japan 
[17]. In other words, Hokkaido communities did not develop 
their herding instinct and human resistance with harsh winters 
against COVID-19 as Niigata did.

According to the climatic zones of prefectures, because 
the Japanese archipelago is long from north to south, it con-
tains various climate zones: subarctic in the north and sub-
tropical in the south. In addition, the Japanese archipelago 
has a series of high mountain ranges in the center, so the 
climate varies between the Sea of Japan side and the Pacific 
side. the Japan Meteorological Agency divides prefectures 
by climatic zones [18]. According to the climatic zoning, the 
top 4 of jpscore are on the Sea of Japan side, but especially 
the top 3 belong to the Hokuriku region.

5  Conclusion

The proposed time series COVID-19 policy analysis tool 
jpcovid allows policymakers to detect and identify when herd 
behavior has changed in order to modify community behavior 
or update policies. The jpcovid discovered three facts:

1. Niigata had three big change points on herd instinct.
2. Fukui had the single biggest change point on herd 

instinct in July 2022.
3. The top four prefectures face the Sea of Japan due to 

herding behavior.

Policymakers need to use jpcovid or similar tools to con-
trol COVID-19 for pandemic mitigation. Time-series policy 
analysis tools are important and indispensable for policy-
makers to identify behavior changes. The proposed method 
can be applied to other countries in general. The result of 
jpscore showed that Niigata is nearly 5 times better than 
Osaka from the viewpoint of herding behavior. Remember 
that all 47 prefectures in Japan have adopted the uniform 
COVID-19 policy. There remain unresolved questions as to 
why herd behavior has changed.

Supplementary Information The online version contains supplemen-
tary material available at https:// doi. org/ 10. 1007/ s12553- 023- 00759-x.

Author contributions TM wrote Python programs and YT wrote the article.

Data availability Data sharing not applicable to this article as no data-
sets were generated or analysed during the current study.

Declarations 

Ethics Not applicable.

Conflict of interest The authors have no conflict of interest.

References

 1. Marton-Alper IZ, Gvirts-Provolovski HZ, Nevat M, et al. Herding in 
human groups is related to high autistic traits. Sci Rep. 2020;10:17957. 
https:// doi. org/ 10. 1038/ s41598- 020- 74951-8.

 2. Anderson W. Immunities of the Herd in Peace, War, and COVID-
19. Am J Public Health. 2022;112(10):1465–70. https:// doi. org/ 
10. 2105/ AJPH. 2022. 306931.

 3. Trotter W. Herd instinct and its bearing on the psychology of civi-
lised man. Soc Rev. 1908. https:// doi. org/ 10. 1111/j. 1467- 954X. 
1908. tb027 13.x.

 4. Trotter W. Sociological application of the psychology of herd 
instinct. Soc Rev. 1909. https:// doi. org/ 10. 1111/j. 1467- 954X. 
1909. tb025 35.x.

 5. Dudley SF. The four pillars of wisdom: a rational approach to a 
healthy education. London, UK: Watts and Co; 1950.

 6. Malinowski B. Biology and sociology. Nature. 1924;114:274–5. 
https:// doi. org/ 10. 1038/ 11427 4a0.

 7. Swanson W. Collectivity, human fulfilment and the ‘force of life’: 
Wilfred Trotter’s concept of the herd instinct in early 20th-century 
Britain. Hist Human Sci. 2013;27:21–50. https:// doi. org/ 10. 1177/ 
09526 95113 514594.

 8. Canetti E. Crowds and power. New York: The Viking Press; 1962.
 9. Lee YC, Wu WL, Lee CK. How COVID-19 triggers our herding 

behavior? Risk perception, state anxiety, and trust. Front Pub-
lic Health. 2021;9:587439. https:// doi. org/ 10. 3389/ fpubh. 2021. 
587439.

 10. Choi BC, Pak AW. A catalog of biases in questionnaires. Prev 
Chronic Dis. 2005;2(1):A13.

 11. Arafat SY, Kar SK, Marthoenis M, Sharma P, Apu EH, Kabir 
R. Psychological underpinning of panic buying during pandemic 
(COVID-19). Psychiatry Res. 2020;289:113061. https:// doi. org/ 
10. 1016/j. psych res. 2020. 113061.

 12. Aslam F, Ferreira P, Ali H, et al. Herding behavior during the 
Covid-19 pandemic: a comparison between Asian and Euro-
pean stock markets based on intraday multifractality. Eura-
sian Econ Rev. 2022;12:333–59. https:// doi. org/ 10. 1007/ 
s40822- 021- 00191-4.

 13. Takefuji Y. jpscore for scoring prefecture COVID-19 policies in 
Japan [Source Code]. 2022. https:// doi. org/ 10. 24433/ CO. 25222 
68. v1. Accessed 20 May 2023.

 14. Ando S, Yamaguchi S, Aoki Y, Thornicroft G. Review of men-
tal-health-related stigma in Japan. Psychiatry Clin Neurosci. 
2013;67(7):471–82. https:// doi. org/ 10. 1111/ pcn. 12086.

 15. Jones SG. Speech is silver, silence is golden: the cultural impor-
tance of silence in Japan. 2011. https:// www. angul armom entum. 
com/ angul armom entum- webse ite2/ uploa dfiles/ static/ d0bd6 b4/ 
0475f ecd- 16e7- 42e2- 872e- f9417 0bc9d f0. pdf/ Speech% 20is%  
20Sil ver_% 20Sil ence% 20is% 20Gol den. pdf. Accessed 20 May 2023.

 16. Wei W, Lu JG, Galinsky AD, et al. Regional ambient tempera-
ture is associated with human personality Nat. Hum Behav. 
2017;1:890–5. https:// doi. org/ 10. 1038/ s41562- 017- 0240-0.

https://doi.org/10.1007/s12553-023-00759-x
https://doi.org/10.1038/s41598-020-74951-8
https://doi.org/10.2105/AJPH.2022.306931
https://doi.org/10.2105/AJPH.2022.306931
https://doi.org/10.1111/j.1467-954X.1908.tb02713.x
https://doi.org/10.1111/j.1467-954X.1908.tb02713.x
https://doi.org/10.1111/j.1467-954X.1909.tb02535.x
https://doi.org/10.1111/j.1467-954X.1909.tb02535.x
https://doi.org/10.1038/114274a0
https://doi.org/10.1177/0952695113514594
https://doi.org/10.1177/0952695113514594
https://doi.org/10.3389/fpubh.2021.587439
https://doi.org/10.3389/fpubh.2021.587439
https://doi.org/10.1016/j.psychres.2020.113061
https://doi.org/10.1016/j.psychres.2020.113061
https://doi.org/10.1007/s40822-021-00191-4
https://doi.org/10.1007/s40822-021-00191-4
https://doi.org/10.24433/CO.2522268.v1
https://doi.org/10.24433/CO.2522268.v1
https://doi.org/10.1111/pcn.12086
https://www.angularmomentum.com/angularmomentum-webseite2/uploadfiles/static/d0bd6b4/0475fecd-16e7-42e2-872e-f94170bc9df0.pdf/Speech%20is%20Silver_%20Silence%20is%20Golden.pdf
https://www.angularmomentum.com/angularmomentum-webseite2/uploadfiles/static/d0bd6b4/0475fecd-16e7-42e2-872e-f94170bc9df0.pdf/Speech%20is%20Silver_%20Silence%20is%20Golden.pdf
https://www.angularmomentum.com/angularmomentum-webseite2/uploadfiles/static/d0bd6b4/0475fecd-16e7-42e2-872e-f94170bc9df0.pdf/Speech%20is%20Silver_%20Silence%20is%20Golden.pdf
https://www.angularmomentum.com/angularmomentum-webseite2/uploadfiles/static/d0bd6b4/0475fecd-16e7-42e2-872e-f94170bc9df0.pdf/Speech%20is%20Silver_%20Silence%20is%20Golden.pdf
https://doi.org/10.1038/s41562-017-0240-0


 Health and Technology

1 3

 17. Umishio W, Ikaga T, Fujino Y, Ando S, Kubo T, Nakajima Y, 
Hoshi T, Suzuki M, Kario K, Yoshimura T, Yoshino H, Murakami 
S. Disparities of indoor temperature in winter: A cross-sectional 
analysis of the Nationwide Smart Wellness Housing Survey in 
Japan. Indoor air. 2020;30(6):1317–28. https:// doi. org/ 10. 1111/ 
ina. 12708.

 18. JMA.GO.JP. Average climate Japan. https:// www. jma. go. jp/ jma/ 
kishou/ know/ kiset su_ riyou/ tenkou/ Avera ge_ Clima te_ Japan. html. 
Accessed 20 May 2023.

Publisher's Note Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

Springer Nature or its licensor (e.g. a society or other partner) holds 
exclusive rights to this article under a publishing agreement with the 
author(s) or other rightsholder(s); author self-archiving of the accepted 
manuscript version of this article is solely governed by the terms of 
such publishing agreement and applicable law.

https://doi.org/10.1111/ina.12708
https://doi.org/10.1111/ina.12708
https://www.jma.go.jp/jma/kishou/know/kisetsu_riyou/tenkou/Average_Climate_Japan.html
https://www.jma.go.jp/jma/kishou/know/kisetsu_riyou/tenkou/Average_Climate_Japan.html

	A time-series COVID-19 policy outcome analysis tool to measure human behavior from a herd instinct perspective
	Abstract
	Purpose 
	Methods 
	Results 
	Conclusions 

	1 Introduction
	2 Methods
	3 Results
	4 Discussions
	5 Conclusion
	Anchor 12
	References


