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Abstract

Shrinking cities due to low birthrates and aging populations represent a significant urban

planning issue. The research question of this study is: which economic, social, and educa-

tional factors affect population decline in Japanese shrinking cities? By modeling shrinking

cities using the case of Japanese cities, this study aims to clarify the indicators that affect

the population change rate. The study employed Bayesian network analysis, a machine

learning technique, using a dataset of economic, social, and educational indicators. In con-

clusion, this study demonstrates that social and educational indicators affect the population

decline rate. Surprisingly, the impact of educational indicators is more substantial than that

of economic indicators such as the financial strength index. Considering the limitations in fis-

cal expenditures, increasing investment in education might help solve the problem of shrink-

ing cities because of low birthrates and aging populations. The results provide essential

insights and can function as a planning support system.

1. Introduction

1.1 Background

Shrinking cities pose significant urban planning issues [1]. These issues have been seen, for

example, in former East Germany due to political changes [2] and in United States’ Rust Belt

due to the economic decline [3]. In addition, during the COVID-19 pandemic, it was reported

that city populations declined due to urban exodus [4]. Among the various types of population

decline, this study focused on Japanese shrinking cities due to the low birthrates and aging

populations [5]. The population decline is inevitable in Japan, where immigration is low. In

2021, the Japanese population aged over 65 comprised 36.21 million people, constituting

28.9% of the total population [6]. It was also reported that the national population will decrease

to between 38 and 65 million people by 2100 [6]. Fig 1 shows the population change rate

(PCR) in Japanese cities in 2010. In Fig 1, PCR is the percentage of change from population in
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2005 (P2005) to population in 2010 (P2010), as calculated in Eq (1). Fig 1 indicates that most cit-

ies’ populations have been declining. Similar problems are likely to be faced in other East

Asian countries such as China [7, 8]. In China, it was identified that 153 cities were shrinking

between 1992 and 2019 [9]. Population decline driven by low birthrates and aging populations

poses various problems, including overall economic and social decline [10]. For example, pop-

ulation decline correlates with various types of social problems, such as economic decline and

increasing vacant houses [11]. However, there is a cascading and complex relationship

between economic and social factors within the context of population decline, and researchers

have yet to systematically elucidate the factors affecting population decline.

PCR ¼
P2010 � P2005

P2005

� 100 ð1Þ

The research question of this study is: which economic, social, and educational factors affect

population decline in Japanese shrinking cities? These economic, social, and educational fac-

tors might be strongly or weakly interrelated with the PCR; such relationships are complex,

ranging from the micro to the macro level [12]. That means that the relationship would not

reveal deductively using a fixed framework, but inductively using a large set of indicators. The

relationships between these factors also do not occur through a simple linear mechanism, but

through a non-linear and complex mechanism [13]. To understand these relationships, the

logical framework to be utilized is an inductive statistical urban model using various indicators

of shrinking cities [14]. The statistical urban models allow policymakers to monitor population

decline [15]. For the analysis, this study developed an urban network model that interrelates

economic, social, and educational indicators. By providing systematic insights into the issues

emerging due to population decline, the model can deliver a planning support system for

municipal leaders and urban planners.

1.2 Purpose

This study aims to clarify the indicators that affect the PCR by modeling shrinking cities. For

the analysis, this study uses the case of Japanese cities. In Japan, there were 1,733 cities in 2010.

Among these, this study analyzes 1,316 cities whose populations were declining as of 2010 (Fig

Fig 1. Population change rate in Japanese cities in 2010. In Fig 1, left side map indicates the location of Tokyo and

Osaka in major East Asian cities, and right side indicates map focused on the Osaka Metropolitan area. Fig 1 shows the

population change in graduated colors from red to blue. The gray color areas are other cities, such as merged cities.

Republished from Fig 1 under a CC BY license, with permission from ESRI Japan, original copyright 2023.

https://doi.org/10.1371/journal.pone.0284134.g001
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1). Japan is suitable for this study because it contains the largest number of shrinking cities due

to low birthrates and aging populations worldwide. In Japan, the government has begun to

develop urban plannings for shrinking cities [16]. Therefore, this study’s results from Japan

may contribute by providing insights and a planning support system for shrinking cities

worldwide facing similar problems.

Methodologically, this study employed Bayesian network analysis, a machine learning tech-

nique, to model shrinking cities using a dataset of economic, social, and educational indicators

by cities. The Japanese Ministry of Education, Culture, Sports, Science, and Technology

(MEXT) developed the dataset used in this study to promote research that contributes to pol-

icy formulation. The dataset comprises cross-sectional data of 259 indicators, including eco-

nomic, social, and educational indicators [17]. The dataset covers most city-level government

statistics that are available publicly. The Bayesian network constructed from this dataset is a

stochastic model representing the quantitative causal relationship between individual indica-

tors with conditional probability [18]. The probabilistic estimation of the network makes it

possible to predict uncertain scenarios.

1.3 Literature review

The novelty of this study is to develop an urban statistical model of shrinking cities by Bayesian

network analysis. Urban models of shrinking cities have been proposed in previous studies. In

an early study, the researchers conceptualized an urban model consisting of economic and

population decline and policy changes [19]. As research on shrinking cities progressed, partic-

ularly in Europe, researchers also conceptualized an urban model in which diverse forms of

decline at the global and regional levels caused population declines [20]. These conceptual

urban models indicated that population decline is related to economic and social decline.

However, it was also found that the indicators associated with population decline are multifac-

eted and pertain to diverse perspectives [21]. Therefore, to investigate the complicated rela-

tionships among these indicators, researchers need to develop both an urban statistical model

that strength conceptual models of shrinking cities. Accordingly, this study aimed to develop

an urban statistical model of shrinking cities.

Previous studies have analyzed the statistical relationship between population decline and

economic indicators in shrinking cities. Specifically, the positive correlation between popula-

tion change and industrial diversity was clarified [22]. For example, it was investigated the case

of Yubari City, a single-industry mining city in Japan, well-known for suffering from rapid

population decline and financial collapse because of the mining industry decline [23]. From a

different perspective, researchers demonstrated the positive correlation between investment

network centralities and population change in shrinking cities [24]. In addition, it was

explained that development zone policies have helped curb population decline in these shrink-

ing cities [25]. Academicians also demonstrated that shrinking cities are influenced by socio-

economic development and social indicators, including expenditure on education [26]. In

Japan, it was found that population decline in densely inhabited districts is caused by the out-

flow of residents and the formulation of suburban residential areas [27]. In addition, in the

case of Yokohama city, Japan, it was clarified that urban shrinkage was correlated with the

aging population, distance to the nearest parks, and proportion of private houses and flats

[28]. Despite the important contributions of these past studies, they failed to elucidate the

complex and cascading relationships of factors related to population decline. Accordingly, the

originality of this study lies in its extension of these prior pieces of evidence by developing an

urban statistical model of shrinking cities using a dataset comprising economic, social, and

educational indicators, and in its aim to identify the factors influencing PCR. For the analytical
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methodology, this study refers to the study by Kato [29], wherein urban modeling developed

by Bayesian network analysis was used to estimate future populations.

2. Materials and methods

2.1 Economic, social, and educational indicators

As mentioned above, this study’s data come from a cross-sectional dataset of economic, social,

and educational indicators by cities which MEXT collected to promote research contributing

to the formulation of educational policies [17]. This study used this dataset because it covers

most publicly available city-level government statistics in Japan. Specifically, it stems from

sources such as the Japanese Census, the School Basic Survey, the National Survey of Academic

Progress, the Social Education Survey, the Survey on Time Uses and Leisure Activities, the

Housing and Land Survey of Japan, the Major Financial Indicators of Local Governments, the

Economic Census, and the National Survey of Family Income and Expenditure [30]. While

this dataset cannot be shared publicly because of governments’ confidentiality, the dataset is

available from the Japanese MEXT Institutional data access for researchers who meet the crite-

ria for access to confidential data. Since April 5, 2022, the author has received permission from

MEXT to provide this data. All indicators are listed in S1 Table.

The indicators present in the dataset are used not only for policymaking but also for aca-

demic research [31, 32], and the dataset encompasses 259 indicators in total [33]. This study

used all 259 indicators containing numerical and nominal scale data. The dataset covers the

ten years from April 1, 2001, to April 1, 2011. This study used data as of April 2011. Although

the dataset is 10 years old, no other datasets in Japan have such a comprehensive range of indi-

cators. As population decline is a long-term urban phenomenon, the dataset is valuable and

appropriate for this study.

2.2 Bayesian network analysis

Bayesian network analysis was used for urban modeling based on the economic, social, and

educational indicators. Compared to similar statistical analysis methods, such as structural

equation model analysis, neural network analysis, and decision tree analysis, Bayesian network

analysis allows for the flexible analysis of nonlinear and non-normal relationships between

indicators [29]. It also enables researchers to obtain robust models that avoid collinearity risk

[34]. It is important for the current study that that the analytical process of choice can avoid

collinearity risk because 259 indicators are under scrutiny. This study used BayesiaLab 10.2 as

its Bayesian network construction algorithm [34].

This study adopted the maximum weight spanning tree (MWST) and taboo algorithms for

the optimal local search for each child node; the MWST algorithm was deployed first, followed

by the taboo algorithm. The MWST algorithm makes it possible to compute big data, which

this study analyzed, faster than other algorithms [35]. The taboo algorithm is effective for

refining networks built by updating another network learned on a different dataset, because it

refers to structural learning by implementing the taboo search for Bayesian networks [36].

For the analysis, this study set the indicator of PCR as the target variable; Bayesian network

analysis revealed the total effect (TE) and correlation of indicators on the PCR. TE was ana-

lyzed by standard target mean analysis (STMA), which uses the mean value evidence to go

through the indicators’ variation domain and measure the impact of indicators on the target’s

mean. That is, TE is the derivative of the total effects curve computed at the a priori mean of

that variable, δx = 0 and δy = 0 [34]. The standardized total effect (STE) normalized the TE by

taking into account the ratio between the standard deviations of the indicators (σx) and the
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target indicator (PCR) (σy) [34]. The STE was calculated using Eq (2), as follows:

STE ¼
dy

dx
�
sy

sx
ð2Þ

Correlation analysis was based on mutual information (MI), defined as the difference

between the marginal entropy H(Y) of the target indicator (PCR) and its conditional entropy

H(Y|X). The MI was calculated using Eq (3), which is equivalent to Eq (4); in the latter, p(x,y)

is the joint probability function of X and Y, while p(x) and p(y) are the marginal probability

functions of X and Y.

MIðY;XÞ ¼ HðYÞ � HðYjXÞ ð3Þ

MIðT;XÞ ¼
X

x2X

X

y2Y

pðx; yÞlog
2

pðx; yÞ
pðxÞpðyÞ

ð4Þ

The binary mutual information (BMI) is the amount of information brought by each indi-

cator to the knowledge of the state of the target indicator (PCR) compared to an unconnected

network [34]. That means that BMI is amount of information brought by each variable to the

knowledge of the state of the target indicator (PCR).

3. Results

Fig 2 shows the urban model of shrinking cities developed by Bayesian network analysis. In

the network, Pearson’s correlation coefficients between indicators are shown in the links. In

total, 208 out of 259 indicators formed a significant network. These 208 indicators, including

economic, educational, and social indicators, represent an interrelated urban model.

The lower part of Fig 2 shows a Bayesian network focusing on PCR as the target indicator.

Among social indicators, "population change rate aged 0–14" and " population aged over 65"

are strongly related to the PCR. "Population aged over 65" has a negative correlation coeffi-

cient, indicating that an increase in the number of older adults results in a decrease in the

PCR. Meanwhile, relevant educational indicators include "number of children per teacher in

elementary schools," "number of children per teacher in junior high schools," and "number of

students per educational computer in junior high schools. "Financial strength index," which

serves to represent the financial strength of a local government and is the average of the values

obtained by dividing the standard financial revenue amount by the standard financial demand

amount over the past three years, is one of the relevant economic indicators. Finally, urban

planning indicators were not found to be related to PCR.

Table 1 shows the STE, MI, BMI, and p-value of each indicator in relation to the PCR.

Table 1 focuses on 14 indicators with STE more than |0.2|. Hence, indicators with STE less

than |0.2| have little effect on the PCR. The STE, MI, and p-value of all indicators are listed in

S1 Table.

Table 1 shows that the most significant indicators of the PCR are the social indicators of

"population change rate aged 0–14” (STE = 0.73), " population aged over 65” (STE = -0.70),

"average age of unmarried men” (STE = -0.43), and "natural population change rate”

(STE = 0.57). In shrinking cities with a PCR under -12.6, BMI is higher for "population change

rate aged 0–14” (BMI = 0.35) and " population aged over 65” (BMI = 0.35), suggesting that

these two indicators strongly correlate with increased population change. It is worth noting

the low STE of the "population aged 15–65” (STE = 0.09), which was not included in Table 1.

The strong relationship between the "population aged 15–65” and the PCR might suggest that
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Fig 2. Bayesian network of shrinking cities. The upper graph shows the whole network. The lower graph shows the

network around the PCR. In the lower graph, numbers between links indicate the Pearson’s correlation coefficient.

https://doi.org/10.1371/journal.pone.0284134.g002
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the population has decreased due to migration, as in other shrinking cities in the US and Euro-

pean countries. However, the model indicates the weak relationship between the "population

aged 15–65” and the PCR in Japanese shrinking cities. Thus, population decline in Japanese

shrinking cities occurred primarily due to natural population change rather than population

change because of migration.

The PCR is also found to be affected by educational indicators, with relevant factors includ-

ing "number of children per teacher in elementary school” (STE = 0.47), "percentage of com-

bined classes in elementary school” (STE = -0.27), and "number of students per educational

computer in schools” (STE = 0.21). Therefore, population change is related to aspects of educa-

tion, such as the number of teachers and educational computers.

Two economic indicators are shown to affect the PCR, namely "financial strength index”

(STE = 0.29) and "percentage of workers in primary industry” (STE = -0.20), albeit other eco-

nomic indicators such as "per capita income of prefectural citizens, and "taxable income" did

not affect PCR. Hence, the analysis suggests that the PCR is more strongly influenced by social

and educational indicators than economic indicators in Japan.

Many other indicators show a weak relationship with the PCR but are not listed in Table 1,

including indicators related to urban facilities (e.g., "number of community centers" and

"number of medical clinics,") and housing, (e.g., "number of homes located more than 500

meters from the nearest elementary school" and "number of land transactions").

Fig 3 shows the probabilistic change of shrinking cities with rapid population decline. In

this study, shrinking cities with rapid population decline are those with a PCR under -12.6%,

which accounted for 4.6% of shrinking cities in Japan. Among these cities, the probabilities of

the social indicators of "population change rate aged 0–14� -26.3" and "natural population

change rate� -1.3" change from 4.1% to 52.7% and from 7.0% to 38.9%, respectively. Regard-

ing educational indicators, the probability of "number of children per teacher in elementary

school� -7.8" and "number of students per educational computer in schools� -4.0" changed

from 17.8% to 55.1% and from 38.4% to 59.9%, respectively. Regarding economic indicators,

Table 1. STE, MI, BMI, and p-value of each indicator.

BMI

Indicators STE MI �0 �-4.0 �-7.7 �-12.6 p-value

Population change rate aged 0–14 0.73 0.54 0.09 0.19 0.16 0.35 **
Population aged over 65 -0.70 0.50 0.08 0.16 0.14 0.35 **

Natural population change rate 0.57 0.30 0.05 0.10 0.05 0.22 **
Percentage of population aged 0–14 0.51 0.22 0.04 0.08 0.02 0.15 **

Number of children per teacher in elementary school 0.47 0.20 0.03 0.07 0.03 0.15 **
Average age of unmarried men -0.43 0.16 0.03 0.06 0.01 0.11 **

Number of children per teacher in junior high school 0.36 0.10 0.02 0.04 0.01 0.08 **
Population change rate aged over 65 0.30 0.08 0.01 0.03 0.01 0.06 **

Financial strength index 0.29 0.09 0.01 0.04 0.01 0.07 **
Percentage of combined classes in elementary school -0.27 0.06 0.01 0.03 0.00 0.05 **

Average age of unmarried women -0.26 0.05 0.01 0.02 0.00 0.04 **
Number of students per educational computer in junior high schools 0.25 0.06 0.01 0.02 0.00 0.05 **

Number of students per educational computer in schools 0.21 0.04 0.01 0.02 0.00 0.03 **
Percentage of workers in primary industry -0.20 0.04 0.01 0.01 0.00 0.03 **

Table 1 focuses on 14 indicators with STE more than |0.2|. In Table 1, STE is standardized total effects. MI is mutual information. BMI is binary mutual information.

* indicates p-value < 0.05.

** indicates p-value < 0.01.

https://doi.org/10.1371/journal.pone.0284134.t001
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Fig 3. Probabilistic change of shrinking cities with rapid population decline. Fig 3 focuses on 14 indicators with

STE more than |0.2|.

https://doi.org/10.1371/journal.pone.0284134.g003
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the "financial strength index� 0.34" probability changed from 40.7% to 72.3%. These results

suggest that shrinking cities with rapidly declining populations experience a significant deteri-

oration in social, educational, and economic indicators.

4. Discussions

In conclusion, this study demonstrates that social and educational indicators affect the popula-

tion decline rate by modeling shrinking cities in Japan through Bayesian network analysis. The

statistical urban model of this study indicates the cascading and complex relationships between

the factors affecting population decline in shrinking cities. While the results regarding social

indicators are in line with those of previous research [26–28], the current findings are still

novel and unexpected; particularly, the study shows that educational indicators have a more

substantial impact than economic indicators such as the financial strength index. Previous

studies have pointed to the impact of economic decline on shrinking cities [22, 24]; this occurs

when people migrate out of cities as local industry declines and jobs are lost. Meanwhile, the

results of this study demonstrate that population decline in Japanese shrinking cities is not

because of such outflow decline related to migration but because of a natural decline related to

low birthrates and aging populations.

This reality of shrinking cities in Japan might explain why children’s education have a

stronger impact on the PCR in this context. Parents might feel more comfortable having and

raising children if city governments value educational support. The educational support

includes not only teachers but also educational computers. This result is consistent with those

of prior research showing that those who continue to live in shrinking cities have been found

to value the attractions of the city, including social connections, and economic activities in the

city [37].

Still, this relevance of educational indicators might be unique to Japan, which has experi-

enced a declining population due to its low birthrates. In Japan, education accounts for a low

percentage of national and administrative fiscal expenditures, primarily because social security

expenditures for older adults are a heavy burden [38]. However, when considering the current

results and the fiscal expenditure limitations in Japan, the suggestion is that increasing invest-

ment in education for children might help solve the problem of shrinking cities.

The results also suggest that urban planning indicators—including "number of community

centers," "number of medical clinics," "number of homes located more than 500 meters from

the nearest elementary school," and "number of land transactions"—do not directly affect pop-

ulation decline rates in Japanese shrinking cities. Further, based on the low STE scores for

these indicators, they only indirectly affect the population decline rate. This result is surprising

when seen against studies that analyzed shrinking cities in the context of urban planning [28,

29]. However, these findings do not imply that urban planning has no impact on the popula-

tion decline rate. Urban planners are still suggested to continue to implement urban planning

strategies for shrinking cities. At the same time, considering that governments have limited

financial resources, the results also suggest that it might not be necessary for governments to

prioritize urban planning as a target for tackling population decline in shrinking cities. Instead,

it might be better to effectively maintain and manage, not build and construct, the range of

urban planning-related factors that were developed during the city’s population growth period.

Overall, urban planning in shrinking cities remains an important topic that needs to be con-

sidered more in the future.

It should be noted that this study was conducted in Japan, a country characterized by a

comfort climate. However, in some countries worldwide, including those in the Global South,

global warming issues might cause population decline. Particularly, researchers show that
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there are correlations between the urban population, the built environment, and land surface

temperatures [39–42], and that land surface temperatures are influenced more by the built

than natural environment [43]. Another study shows that the relationship between these fac-

tors and urban temperature is nonlinear [44]. These pieces of evidence suggest that popula-

tions might begin to decline as temperatures exceed a threshold. Specifically, the natural

disasters caused by global warming, such as hurricanes and floods, have been reported to be

related to emerging refugee issues [45]. Thus, future researchers attempting to use methods

and conduct analyses similar to those of the current study in the context of other countries

may need to also consider the impact of global warming. Scholars have also remarked that

research networks enabling the interaction between research and practice play an essential

role in global research regarding shrinking cities [46].

A limitation of this study is the use of data only as of 2011. Specifically, the dataset of eco-

nomic, social, and educational indicators used in this study covers most city-level government

statistics; there is no other Japanese dataset that covers as many city-level indicators. However,

due to the need to match the year, the data is only as of 2011. Because population decline is a

long-term urban phenomenon, this dataset still allowed for the provision of novel conclusions.

Considering this limitation, researchers could endeavor to combine the most recent and past

datasets comprising economic, social, and educational indicators of cities into time series data,

and then analyze the urban model developed in this study using this time series dataset. Such

analysis may help us investigate future scenarios based on the urban model developed in this

study.

5. Conclusions

In conclusion, the study findings provide essential insights into the importance of education

investment for children in shrinking cities. Regarding theoretical implications, this study

shows that the impact of educational investment is more substantial than that of economic

indicators (e.g., the financial strength index). With this in mind and considering the limita-

tions regarding fiscal expenditures in Japan, it may be important for municipal leaders to

invest in education for children in order to prevent rapid population decline. In summary,

increasing the budget for education to tackle the decline in the number of children and

increasing the welfare expenditure to tackle the growth in the number of older adults are likely

important measures in the context of population decline because of low birth rates and aging

populations.

In Japan, population decline is expected to continue for a long time, as immigration is low.

In this context, Japanese shrinking cities need to achieve a gradual, rather than a rapid, popula-

tion decline to maintain residents’ abundant lifestyle. The conclusions of this study could con-

tribute to countries other than Japan that are likely to experience future population decline

because of low birth rates and aging populations.
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Rudas T, Péli G, editors. Pathways between social science and computational social science. Cham:

Springer; 2021. https://doi.org/10.1007/978-3-030-54936-7_1

15. Banzhaf E, Kindler A, Haase D. Monitoring and modeling indicators for urban shrinkage—the city of

Leipzig, Germany. In: Center for Remote Sensing of Land Surfaces, editor. Second Workshop of the

EARSeL SIG on Remote Sensing of Land Use & Land Cover—Application and Development. Bonn:

Center for Remote Sensing of Land Surfaces; 2006. pp. 299–306.

16. Hattori K, Kaido K, Matsuyuki M. The development of urban shrinkage discourse and policy response in

Japan. Cities. 2017; 69: 124–132. https://doi.org/10.1016/j.cities.2017.02.011

17. MEXT (Japanese Ministry of Education, Culture, Sports, Science, and Technology). Dataset of eco-

nomic, social, and educational indicators by prefecture and municipality [in Japanese]. [cited 25 May

2022]. https://www.mext.go.jp/b_menu/toukei/001/1322611.htm

18. Pearl J. Bayesian networks: a model of self-activated memory for evidential reasoning. Proceedings of

the 7th Conference of the Cognitive Science Society, 1985. 1985; 329–334. Available: https://cir.nii.ac.

jp/crid/1573668925805842688.bib?lang=ja

19. Friedrichs J. A theory of urban decline: Economy, demography and political elites. Urban Stud. 1993;

30: 907–917. https://doi.org/10.1080/00420989320080851

20. Haase A, Rink D, Grossmann K, Bernt M, Mykhnenko V. Conceptualizing urban shrinkage. Environ

Plan A Econ Space. 2014; 46: 1519–1534. https://doi.org/10.1068/a46269

21. Haase A, Bernt M, Grossmann K, Mykhnenko V, Rink D. Varieties of shrinkage in European cities. Eur

Urban Reg Stud. 2016; 23: 86–102. https://doi.org/10.1177/0969776413481985

22. Wang J, Yang Z, Qian X. Driving factors of urban shrinkage: Examining the role of local industrial diver-

sity. Cities. 2020; 99: 102646. https://doi.org/10.1016/j.cities.2020.102646

23. Martinez-Fernandez C, Wu C-T, Schatz LK, Taira N, Vargas-Hernández JG. The shrinking mining city:

Urban dynamics and contested territory. Int J Urban Reg Res. 2012; 36: 245–260. https://doi.org/10.

1111/j.1468-2427.2011.01094.x PMID: 22518883

24. Wu K, Yao C. Exploring the association between shrinking cities and the loss of external investment: An

intercity network analysis. Cities. 2021; 119: 103351. https://doi.org/10.1016/j.cities.2021.103351

25. Hu Y, Wang Z, Deng T. Expansion in the shrinking cities: Does place-based policy help to curb urban

shrinkage in China? Cities. 2021; 113: 103188. https://doi.org/10.1016/j.cities.2021.103188

26. Guo F, Qu X, Ma Y, Tong L. Spatiotemporal pattern evolution and influencing factors of shrinking cities:

Evidence from China. Cities. 2021; 119: 103391. https://doi.org/10.1016/j.cities.2021.103391

27. Iwasaki Y. Shrinkage of regional cities in Japan: Analysis of changes in densely inhabited districts. Cit-

ies. 2021; 113: 103168. https://doi.org/10.1016/j.cities.2021.103168

28. Ma S, Kumakoshi Y, Koizumi H, Yoshimura Y. Determining the association of the built environment and

socioeconomic attributes with urban shrinking in Yokohama City. Cities. 2022; 120: 103474. https://doi.

org/10.1016/j.cities.2021.103474

29. Kato H. How does the location of urban facilities affect the forecasted population change in the Osaka

Metropolitan Fringe Area? Sustainability. 2020; 13: 110. https://doi.org/10.3390/su13010110

30. National Statistics Center. The portal Site of Official Statistics of Japan. [cited 25 May 2022]. https://

www.e-stat.go.jp/en.

31. Kato H, Takizawa A. Which residential clusters of walkability affect future population from the perspec-

tive of real estate prices in the Osaka Metropolitan Area? Sustainability. 2021; 13: 13413. https://doi.

org/10.3390/su132313413

32. Kato H. Effect of walkability on urban sustainability in the Osaka Metropolitan Fringe Area. Sustainabil-

ity. 2020; 12: 9248. https://doi.org/10.3390/su12219248

33. MEXT (Japanese Ministry of Education, Culture, Sports, Science, and Technology). Economic, social,

and educational indicators. In: MEXT [In Japanese]. [cited 30 September 2022]. https://www.mext.go.

jp/component/b_menu/other/__icsFiles/afieldfile/2013/12/06/1322611_01_1.pdf.

34. Conrady S, Jouffe L. Introduction to Bayesian networks & Bayesialab. Bayesia SAS. 2013.

35. Fujie T. An exact algorithm for the maximum leaf spanning tree problem. Comput Oper Res. 2003; 30:

1931–1944. https://doi.org/10.1016/S0305-0548(02)00117-X

36. Gallego RA, Romero R, Monticelli AJ. Tabu search algorithm for network synthesis. IEEE Transactions

on Power Systems. 2000; 15: 490–495. https://doi.org/10.1109/59.867130

37. Guimarães MH, Nunes LC, Barreira AP, Panagopoulos T. What makes people stay in or leave shrinking

cities? An empirical study from Portugal. Eur Plan Stud. 2016; 24: 1684–1708. https://doi.org/10.1080/

09654313.2016.1177492

PLOS ONE Urban modeling of shrinking cities through bayesian network analysis

PLOS ONE | https://doi.org/10.1371/journal.pone.0284134 April 10, 2023 12 / 13

https://doi.org/10.1007/978-3-030-54936-7_1
https://doi.org/10.1016/j.cities.2017.02.011
https://www.mext.go.jp/b_menu/toukei/001/1322611.htm
https://cir.nii.ac.jp/crid/1573668925805842688.bib?lang=ja
https://cir.nii.ac.jp/crid/1573668925805842688.bib?lang=ja
https://doi.org/10.1080/00420989320080851
https://doi.org/10.1068/a46269
https://doi.org/10.1177/0969776413481985
https://doi.org/10.1016/j.cities.2020.102646
https://doi.org/10.1111/j.1468-2427.2011.01094.x
https://doi.org/10.1111/j.1468-2427.2011.01094.x
http://www.ncbi.nlm.nih.gov/pubmed/22518883
https://doi.org/10.1016/j.cities.2021.103351
https://doi.org/10.1016/j.cities.2021.103188
https://doi.org/10.1016/j.cities.2021.103391
https://doi.org/10.1016/j.cities.2021.103168
https://doi.org/10.1016/j.cities.2021.103474
https://doi.org/10.1016/j.cities.2021.103474
https://doi.org/10.3390/su13010110
https://www.e-stat.go.jp/en
https://www.e-stat.go.jp/en
https://doi.org/10.3390/su132313413
https://doi.org/10.3390/su132313413
https://doi.org/10.3390/su12219248
https://www.mext.go.jp/component/b_menu/other/__icsFiles/afieldfile/2013/12/06/1322611_01_1.pdf
https://www.mext.go.jp/component/b_menu/other/__icsFiles/afieldfile/2013/12/06/1322611_01_1.pdf
https://doi.org/10.1016/S0305-0548%2802%2900117-X
https://doi.org/10.1109/59.867130
https://doi.org/10.1080/09654313.2016.1177492
https://doi.org/10.1080/09654313.2016.1177492
https://doi.org/10.1371/journal.pone.0284134


38. OECD iLibrary. Japan. [cited 25 May 2022]. https://www.oecd-ilibrary.org/sites/1426642c-en/index.

html?itemId=/content/component/1426642c-en

39. Chen Y, Yang J, Yang R, Xiao X, Xia J (Cecilia). Contribution of urban functional zones to the spatial

distribution of urban thermal environment. Build Environ. 2022; 216: 109000. https://doi.org/10.1016/j.

buildenv.2022.109000

40. Han D, Yang X, Cai H, Xu X, Qiao Z, Cheng C, et al. Modelling spatial distribution of fine-scale popula-

tions based on residential properties. Int J Remote Sens. 2019; 40: 5287–5300. https://doi.org/10.1080/

01431161.2019.1579387

41. Qiao Z, Liu L, Qin Y, Xu X, Wang B, Liu Z. The Impact of Urban Renewal on Land Surface Temperature

Changes: A Case Study in the Main City of Guangzhou, China. Remote Sens (Basel). 2020; 12: 794.

https://doi.org/10.3390/rs12050794

42. Zhou C, Zhang D, Cao Y, Wang Y, Zhang G. Spatio–temporal evolution and factors of climate comfort

for urban human settlements in the Guangdong–Hong Kong–Macau Greater Bay Area. Front Environ

Sci. 2022;10. https://doi.org/10.3389/fenvs.2022.1001064

43. Ren J, Yang J, Zhang Y, Xiao X, Xia JC, Li X, et al. Exploring thermal comfort of urban buildings based

on local climate zones. J Clean Prod. 2022; 340: 130744. https://doi.org/10.1016/j.jclepro.2022.130744

44. Han D, An H, Wang F, Xu X, Qiao Z, Wang M, et al. Understanding seasonal contributions of urban mor-

phology to thermal environment based on boosted regression tree approach. Build Environ. 2022; 226:

109770. https://doi.org/10.1016/j.buildenv.2022.109770

45. Berchin II, Valduga IB, Garcia J, de Andrade Guerra JBSO. Climate change and forced migrations: An

effort towards recognizing climate refugees. Geoforum. 2017; 84: 147–150. https://doi.org/10.1016/j.

geoforum.2017.06.022

46. Haase A, Athanasopoulou A, Rink D. Urban shrinkage as an emerging concern for European policy-

making. Eur Urban Reg Stud. 2016; 23: 103–107. https://doi.org/10.1177/0969776413481371

PLOS ONE Urban modeling of shrinking cities through bayesian network analysis

PLOS ONE | https://doi.org/10.1371/journal.pone.0284134 April 10, 2023 13 / 13

https://www.oecd-ilibrary.org/sites/1426642c-en/index.html?itemId=/content/component/1426642c-en
https://www.oecd-ilibrary.org/sites/1426642c-en/index.html?itemId=/content/component/1426642c-en
https://doi.org/10.1016/j.buildenv.2022.109000
https://doi.org/10.1016/j.buildenv.2022.109000
https://doi.org/10.1080/01431161.2019.1579387
https://doi.org/10.1080/01431161.2019.1579387
https://doi.org/10.3390/rs12050794
https://doi.org/10.3389/fenvs.2022.1001064
https://doi.org/10.1016/j.jclepro.2022.130744
https://doi.org/10.1016/j.buildenv.2022.109770
https://doi.org/10.1016/j.geoforum.2017.06.022
https://doi.org/10.1016/j.geoforum.2017.06.022
https://doi.org/10.1177/0969776413481371
https://doi.org/10.1371/journal.pone.0284134

