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Abstract

This study analyzes tourist behavior during the recovery process of tourism demand following the COVID-19 pandemic. The survey
was conducted from April 2020 to October 2023, encompassing tourist destinations and business areas in the Kansai region of Ja-
pan. The research sites included the following locations: Kyoto Station, Osaka Station, Shinkyogoku, Kiyomizu Temple, Kinkakuji
Temple, Arashiyama, Byodoin, and Todaiji Temple. This study examined mobile phone network statistical population data to deduce
the number of visitors at specific tourist destinations and examine their characteristics. Despite the pandemic, the declining tourist
population quickly recovered in October 2020 in business and commerce areas. However, the recovery in dedicated tourist areas pro-
ceeded more gradually. Regarding visitors’place of residence, the population at Kyoto Station and Osaka Station in 2020 exhibited a
notably reduced proportion of visitors from distant regions. In 2021, a higher proportion of visitors originated from closer geographi-

cal proximities, likely as a strategic measure to minimize potential COVID-19 transmission risks.
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1. Introduction

Japan’s tourism industry has been strategically navigating
the challenging recovery from the COVID-19 pandemic. Ac-
cording to Japan Tourism Agency’s Travel and Tourism Trends
Survey, travel spending in 2023, including both domestic and
international visitors to Japan, is expected to reach 28.1 tril-
lion yen—a figure that marginally surpasses the pre-pandemic
spending of 27.9 trillion yen in 2019. However, many regions
continue to confront substantial challenges, including sudden
drop in tourism demand due to natural disasters such as ty-
phoons, heavy rains, and earthquakes. Consequently, tourism
demand remains inherently volatile and unpredictable.

This study examines tourist behavior during the recovery
process. Conventionally, regional governments have imple-
mented diverse strategies to attract tourists to destinations that
have overcome disasters and have resumed accepting tourists,
including travel subsidies and local events. However, examin-
ing the recovery process is difficult, because the number and
attributes of tourists cannot be identified at most tourist desti-
nations. This study collected and analyzed demographic data
across tourist destinations during the recovery process. The
knowledge gained here can be used to efficiently recover tour-
ist demand.

2. Previous studies

Studies based on mobile phone users’ location data for tour-
ism surveys can be traced back to 2008. Ahas et al. [2008]
introduced the applicability of passive mobile positioning data
for studying tourism. They used a database of roaming loca-
tions (foreign phones) and call activities in network cells: the
location, time, random identification, and country of origin of
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each called phone. Using examples from Estonia, their study
described the peculiarities of the data, data gathering, sam-
pling, the handling of the spatial database, and some analyti-
cal methods to demonstrate that mobile positioning data have
valuable applications for geographic studies. Japan Tourism
Agency conducted a similar study using international roaming
service in December 2014 [Japan Tourism Agency, 2014].

Since the work of Ahas et al. [2008], several studies employ-
ing location data have emerged. Liu et al. [2013] investigated the
extent to which behavioral routines could reveal the activities
being performed at mobile phone call locations captured when
users initiate or receive voice calls or messages. Using data col-
lected from the natural mobile phone communication patterns of
80 users over more than a year, they assessed the approach via a
set of extensive experiments. Based on the ensemble of models,
they achieved prediction accuracy of 69.7 %. The experiment
results demonstrated the potential to annotate mobile phone lo-
cations based on the integration of data mining techniques with
the characteristics of underlying activity-travel behavior.

Alternative related studies have also been conducted. Gao
and Liu [2013] attempted to examine the methods used to esti-
mate traffic measures using information from mobile phones,
accounting for the fact that each vehicle likely contains more
than one phone because of the popularity of mobile phones.
Steenbruggen et al. [2015] used mobile phone data to provide
new spatio-temporal tools for improving urban planning and
reducing inefficiencies in current urban systems. They ad-
dressed the applicability of such digital data to develop innova-
tive applications to improve urban management.

As described above, this study surveyed previous related
research. Among those studies, the present study could be like
Ahas et al. [2008]. However, the survey is based on results
obtained by analyzing data roaming activity. The number of
mobile phone users in the study is limited. This study analyzed
data provided by the largest mobile phone service provider in
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Japan. Therefore, the data should be more reliable in that the
parameter is quite large.

Studies on the impact of the spread of COVID-19 on tour-
ism have already emerged since 2020. Most of those studies
attempted to analyze the economic impact of the infectious dis-
ease or its prevention measures on the tourism industry. Yang
et al. [2021] used statistical change-point analysis to investigate
the impact of COVID-19 on people’s mobility in nine tourism
cities such as Bali, Dubai, Hong Kong, London, Mecca, New
York, Osaka, Tokyo, and Singapore. They pointed out that
there was a lag between the decrease in people’s mobility and
the introduction of lockdown measures, suggesting that the
latter is not the reason for the movement reduction. Skare et al.
[2021] measured the potential effects of the pandemic on the
tourism industry using panel structural vector autoregression
(PSVAR) on data from 1995 to 2019 of 185 countries and sys-
tem dynamic modeling (real-time data parameters connected to
the COVID-19).

Much of the research in this category considers the impact on
a particular country or industry. Japutra and Situmorang [2021]
explored the impact of the pandemic on hotels in Indonesia. It
examined the deployed strategies and discussed their effective-
ness. Chen et al. [2020] analyzed the impact of government
restrictions during the COVID-19 pandemic on stock returns
of U.S. travel and leisure companies. They demonstrated that
the stringency of government restrictions has a negative impact
on stock returns even after controlling the pandemic. Moreo-
ver, stock prices of travel and leisure firms with a smaller size,
less tangibility, and higher cash reserves are more resilient to
the COVID-19 related government restrictions. The airline
industry has been hit the hardest due to these restrictions, fol-
lowed by the travel and tourism and the casinos and gambling
sectors. This study used demographic data to shed light on how
COVID-19 affects tourists’ behavioral patterns.

3. Methods
This study used mobile phone network statistical popula-

tion data to determine the number of visitors to specific tourist
destinations and to examine their characteristics. It helps esti-
mate the population structure of a region by gender, age, and
residence. The survey was conducted between April 2020 and
October 2023. The study sites included tourist destinations and
business areas in the Kansai region, and are presented in Table
1.

This study examined the transition and attributes of the
population in these regions, with a particular focus on the pre-
and post-COVID-19 pandemic landscape.

The survey specifications are as follows:

* Survey areas: The meshes are listed in Table 1.

* Duration: April-October 2020, 2021, 2022, and 2023

* Period: Strategic time intervals: 8:00-9:00, 12:00-13:00,
16:00-17:00

 Investigated Attributes: Gender, age (every 10 years), resi-
dence (prefecture or municipality)

By systematically organizing, visualizing, and comparative-
ly analyzing these data, it is possible to examine the recovery

processes in tourist and business areas.

4. Results

The following paragraphs discuss the transitions and resi-
dences of the population in each area, based on statistical
population data. These data were derived from mobile phone
network demographics Japan’s largest telecommunications pro-

viders. Therefore, they are considered sufficiently reliable.

4.1 Transition in population in each period

Regarding the transition of the regional population, recover-
ies in the population of each area were observed after the 2020
pandemic.

The population decline was particularly pronounced in April
2020, coinciding with the Japanese government’s declaration of
a state of emergency. This initial emergency declaration, issued

Table 1: Survey areas and regional mesh codes

Survey areas

(1) Kyoto Station

(2) Osaka Station

(3) Shinkyogoku

(4) Kiyomizu Temple

(5) Kinkakuji Temple

(6) Arashiyama

(7) Byodoin Temple

(8) Todaiji Temple/Nara Park

Regional mesh code  Type of codes
5235-3680 Tertiary
5235-0349 Tertiary
5235-4601 Tertiary

5235-3692-2 12
5235-4548-3 172
5235-4514-3 172
5235-2664-4 172
5235-0627 Tertiary

Notes: A regional mesh code is a code for identifying the regional mesh,
which is substantially divided into the same size of a square (mesh)
based on the latitude and longitude to use it for statistics. The length of
one side of a primary mesh is about 80 km, and those of secondary and
tertiary meshes are about 10 km and 1 km, respectively.
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Figure 1: Population transition at Kyoto Station
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Figure 3: Population transition at Shinkyogoku
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Figure 5: Population transition at Kinkakuji Temple
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Figure 7: Population transition at Byodoin Temple
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Figure 2: Population transition at Osaka Station
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Figure 4: Population transition at Kiyomizu Temple
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Figure 6: Population transition at Arashiyama
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Figure 8: Population transition at Todaiji Temple and Nara Park
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Table 2: Rate of recovery for each area

2021/2020  2022/2020  2023/2020

Weekdays 147.1 % 116.4 % 108.1 %
Kyoto Station

Holidays 174.0 % 1359 % 109.5 %

Weekdays 182.0 % 125.5% 107.1 %
Osaka Station

Holidays 288.4 % 153.0 % 107.1 %

Weekdays 149.2 % 107.8 % 99.5 %
Shinkyogoku

Holidays 190.4 % 119.8 % 98.9 %

Weekdays 109.3 % 178.6 % 109.0 %
Kiyomizu Temple -

Holidays 123.8 % 186.4 % 100.3 %

Weekdays 115.8 % 119.3 % 128.1 %
Kinkakuji Temple -

Holidays 118.6 % 122.4 % 127.3 %

Weekdays 125.0 % 159.7 % 102.2 %
Arashiyama -

Holidays 148.8 % 168.6 % 107.7 %

Weekdays 139.1 % 116.3 % 108.8 %
Byodoin Temple

Holidays 143.8 % 144.4 % 110.2 %

Weekdays 121.9 % 120.7 % 113.3 %
Todaiji Temple and Nara Park

Holidays 137.7 % 136.4 % 112.4 %

Note: Numbers show the ratio of the population from 12:00 a.m. to 1:00 p.m. on holidays in

April.

on April 7, 2020, targeted seven prefectures: Saitama, Chiba,
Tokyo, Kanagawa, Osaka, Hyogo, and Fukuoka. By April 16,
2020, the state of emergency was expanded to all prefectures.

Despite the pandemic, the declining tourist population
quickly recovered in October 2020 in business and commercial
areas such as Kyoto Station, Osaka Station, and Shinkyogoku
(see Figures 1, 2, and 3). Table 2 shows the ratio of the popula-
tion between years in each area.

However, the recovery was gradual in tourist areas that
housed famous temples. For Kiyomizu Temple, the population
in 2021 remained almost the same as that in 2020 (Figure 4).
Figure 5 shows that population at Kinkakuji Temple indicates a
prompter recovery than that at Kiyomizu Temple by 2021.

The population of Arashiyama, which has many restaurants
and souvenir shops, rebounded in October 2020 like Kyoto Sta-
tion and Shinkyogoku (Figure 6). Byodoin Temple in Uji City
(Figure 7) and Todaiji Temple in Nara Prefecture (Figure 8)
show similar transitions to Kiyomizu Temple.

4.2 Residence of the population

Regarding the place of residence, the population at Kyoto
Station in April 2020 (Figure 9) had fewer visitors from dis-
tant regions than those in April 2021, 2022, and 2023 (Figures
10, 11, and 12). A similar tendency was observed at the Osaka
Station (Figures 13, 14, 15, and 16). Overall, travelers avoided
long-distance travel in 2020 to reduce the risk of infection. In
other words, tourists from nearby areas began visiting earlier
than those from distant areas.

As stated above, famous tourist areas take more time to fully
recover. The more popular an area, the more visitors there are
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from distant regions. Thus, recovery should be more gradual.

5. Conclusion and future challenges

The tourism industry has been promoted to stimulate the
regional economies in Japan. Generally, the industry is labor-
intensive and is expected to play an important role in revital-
izing local economies and creating jobs. However, in recent
years, the impact of external factors, such as natural disasters
and pandemics, on the tourism industry has become increas-
ingly devastating, making tourism recovery an urgent issue in
each region.

This study examined statistical population data from eight
areas in the Kansai region of Japan. Compared to the recov-
ery process after the pandemic, the impact was particularly
significant in many areas in April 2020. Business areas, such
as Kyoto Station and Osaka Station, showed relatively more
prompt recovery than tourist areas. Based on this research, it
can be inferred that more visitors will return from nearby re-
gions in 2021 than from distant ones due to people attempting
to minimize the risk of infection.

Japan has hosted numerous events to attract visitors. Com-
bining statistical population data with ICT services such as
Google Trends could improve predictions of visitors at new
events. Specifically, by analyzing trends in search data for spe-
cific tourist destinations, predict the number of tourists more
accurately. Better forecasting of demand would enable the op-
timization of resources and staffing. Moreover, understanding
consumer characteristics in advance could enable us to opti-

mize services and improve customer satisfaction.
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Figure 9: Residence of the population at Kyoto Station (12:00
am-1:00 pm on holidays in April 2020)

Figure 11: Residence of the population at Kyoto Station (12:00
am-1:00 pm on holidays in April 2022)

Lo (c) Esri Japan

Figure 13: Residence of the population at Osaka Station (12:00
am-1:00 pm on holidays in April 2020)

Figure 15: Residence of the population at Osaka Station (12:00
am-1:00 pm on holidays in April 2022)

Figure 10: Residence of the population at Kyoto Station (12:00
am-1:00 pm on holidays in April 2021)

Figure 12: Residence of the population at Kyoto Station (12:00
am-1:00 pm on holidays in April 2023)

Figure 14: Residence of the population at Osaka Station (12:00
am-1:00 pm on holidays in April 2021)

Figure 16: Residence of the population at Osaka Station (12:00
am-1:00 pm on holidays in April 2023)

133



M. Yamamoto: Tourist and business area recovery dynamics

Acknowledgements
This work was supported by the Private University Research
Branding Project.

References

Ahas, R., Aasa, A., Roose, A., Mark, U., and Silm, S. (2008).
Evaluating passive mobile positioning data for tourism sur-
veys: An Estonian case study. Tourism Management, Vol.
29, No. 3, 469-485.

Chen, M., Demir, E., Garcia-Gémez, C., and Zaremba, A.
(2020). The impact of policy responses to COVID-19 on
U.S. travel and leisure companies. Annals of Tourism Re-
search Empirical Insights, Vol. 1 (Retrieved April 12, 2021
from https:/www.sciencedirect.com/science/article/pii/
S2666957920300033).

Gao, H. and Liu, F. (2013). Estimating freeway traffic meas-
ures from mobile phone location data. European Journal of
Operational Research, Vol. 229, No. 1, 252-260.

Japan Tourism Agency (2014). Keitaidenwa kara erareru
ichijouhou tou wo katuyousita hounichi gaikokujin doutai-
chousa houkokusho [Foreign visitors’ dynamics research
report utilizing mobile phone location information] (Re-
trieved April 12, 2021 from http://www.mlit.go.jp/com-
mon/001080545.pdf).

Japutra, A. and Situmorang, R. (2021). The repercussions and
challenges of COVID-19 in the hotel industry: Potential
strategies from a case study of Indonesia. International
Journal of Hospitality Management, Vol. 95 (Retrieved
April 12,2021 from https://www.sciencedirect.com/science/
article/pii/S0278431921000335).

Liu, F., Janssens, D., Wets, G., and Cools, M. (2013). Annotat-
ing mobile phone location data with activity purposes using
machine learning algorithms. Expert Systems with Applica-
tions, Vol. 40, No. 8, 3299-3311.

Skare, M., Soriano, D., and Porada-Rochon, M. (2021). Impact
of COVID-19 on the travel and tourism industry. Techno-
logical Forecasting & Social Change, Vol. 163 (Retrieved
April 12, 2021 from https://www.sciencedirect.com/science/
article/pii/S0040162520312956).

Steenbruggen, J., Tranos, E., and Nijkamp, P. (2015). Data from
mobile phone operators: A tool for smarter cities? Telecom-
munications Policy, Vol. 39, Nos. 3-4, 335-346.

Yang, M., Han, C., Cui, Y., and Zhao, Y. (2021). COVID-19 and
mobility in tourism cities: A statistical change-point detec-
tion approach. Journal of Hospitality and Tourism Manage-
ment, Vol. 47, 256-261.

Received: November 1, 2024
Revised: November 27, 2024
Accepted: November 29, 2024
Published: November 30, 2024

Copyright © 2024 International Society for Tourism Research

@00

134

This article is licensed under a Creative Commons [Attribution-Non-
Commercial-NoDerivatives 4.0 International] license.

@) nipsi/doi.org/10.37020/jg1r.9.2_129



