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Abstract In the coming decades, most of Asia’s population will reside in mega-
cities, vast urban regions accommodating 10–30 million people. However, Asian
megacities will be at the same time situated in the countries whose national pop-
ulation is projected to decline rapidly in the coming decades. Hence, for scholars
and policymakers of Asian countries, understanding how the socio-demography of
mature, post-growth, megacities will evolve within space and time is crucial to envi-
sion long-term and effective spatial governance. Prior studies have shown that varied
migration patterns among socio-demographic groups lead to synchronized re-urban-
ization, post-suburbanization, and urban shrinkage in mature city regions. However,
existing studies have limitations: they often exclude large Asian megacities, lack
micro-scale analyses, and use predefined spatial typologies/divisions that obscure
detailed patterns. To address these research gaps, this study investigated sub-mu-
nicipal spatiotemporal patterns in Tokyo, the largest Asian megacity, using micro-
scale job-household data and unsupervised machine learning clustering. The study
revealed that Tokyo, like Euro-American cities, has experienced regional synchro-
nization of (re)urbanization and (post)suburbanization within a complex landscape
of shrinkage. However, the synchronized sub/urban growth is not uniform across
localities within Tokyo. Complex migration flows seem to create disparities in de-
mographic growth and decline, emphasizing the need for collaborative governance
among localities within a megacity. The study contributes to a wider audience who
are interested not only in the evolution of cities but also in an emerging application
of machine learning to quantitative urban analyses.
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Zusammenfassung In den kommenden Jahrzehnten wird der größte Teil der asia-
tischen Bevölkerung in Megastädten leben, d.h. in riesigen städtischen Regionen, in
denen 10–30mioMenschen leben. Die asiatischen Megastädte werden jedoch gleich-
zeitig in Ländern liegen, deren Bevölkerung in den kommenden Jahrzehnten rapide
abnehmen wird. Für Wissenschaftler und politische Entscheidungsträger in den asia-
tischen Ländern ist es daher von entscheidender Bedeutung zu verstehen, wie sich die
Soziodemografie reifer Megastädte nach dem Wachstum räumlich und zeitlich ent-
wickeln wird, um eine langfristige und wirksame räumliche Governance zu planen.
Frühere Studien haben gezeigt, dass unterschiedliche Migrationsmuster zwischen
soziodemografischen Gruppen zu synchronisierter Reurbanisierung, Post-Suburba-
nisierung und Stadtschrumpfung in reifen Stadtregionen führen. Die vorhandenen
Studien weisen jedoch Einschränkungen auf: Sie schließen häufig große asiatische
Megastädte aus, es fehlen Analysen auf Mikroebene, und es werden vordefinierte
räumliche Typologien/Unterteilungen verwendet, die detaillierte Muster verschlei-
ern. Um diese Forschungslücken zu schließen, untersuchte diese Studie subkommu-
nale räumlich-zeitliche Muster in Tokio, der größten asiatischen Megastadt, unter
Verwendung von mikroskaligen Arbeitsplatz-Haushalts-Daten und unüberwachtem
maschinellem Lernen (Clustering). Die Studie ergab, dass Tokio, ähnlich wie euro-
amerikanische Städte, eine regionale Synchronisierung von (Re-)Urbanisierung und
(Post-)Suburbanisierung innerhalb einer komplexen Schrumpfungslandschaft erlebt
hat. Allerdings ist das synchrone suburbaneWachstum innerhalb Tokios nicht gleich-
mäßig über alle Orte verteilt. Komplexe Migrationsströme scheinen Ungleichheiten
im demografischen Wachstum und Rückgang zu schaffen, was die Notwendigkeit
einer kooperativen Governance zwischen den Gemeinden innerhalb einer Megastadt
unterstreicht. Die Studie richtet sich an ein breiteres Publikum, das nicht nur an
der Entwicklung von Städten interessiert ist, sondern auch an einer aufkommenden
Anwendung des maschinellen Lernens für quantitative Stadtanalysen.

1 Introduction

The global urban population has been rapidly increasing, with a projected 70% living
in large cities by 2050 (UN 2018a). This global urbanization is driven by rural-to-
urban migration and population growth within cities (thanks to low mortality and
high fertility rates in today’s developing cities) (UN-Habitat 2010, p. 22; Kourtit
and Nijkamp 2013, p. 172; Jedwab et al. 2017; UN 2018a, p. 12). As a result
of this global urbanization, megacities, defined as large urban regions with over
10 million inhabitants (UN 2018a), are emerging worldwide. Notably, South, East,
and Southeast Asian countries (i.e., Bangladesh, China, India, Indonesia, Japan,
Malaysia, Pakistan, Philippines, the Republic of Korea, Thailand, and Vietnam) are
at the forefront of this megacity development, with 29 out of 48 projected world
megacities located in these nations by 2035 (UN 2018a, see Appendix-Fig. 13).
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Conversely, ongoing urbanization may lead to declining and aging populations
globally (Bricker and Ibbitson 2019; Vollset et al. 2020). This trend is driven by
today’s mature cities offering females improved access to education, employment,
reproductive health services, and life planning freedom, resulting in reduced urban
fertility rates (Bricker and Ibbitson 2019; also c.f., Lesthaeghe 2020). If access to
education and healthcare is highly improved across human society, studies (Lutz
and Goujon et al. 2018; Vollset et al. 2020)1 project that the global population could
peak in the middle of this century and will start declining worldwide.

Under such a global depopulation (and concomitant aging population), 17 up to 27
(out of 29) Asian megacities will be situated in countries whose national population
will decrease by 10–50% by 2100 (Lutz and Goujon et al. 2018; Vollset et al. 2020).
These numbers account for 74–79% of all megacities in the (future) population-
shrinking countries (Appendix-Fig. 13). In other words, ‘megacities in decline’ will
be the most salient socio-demographic phenomenon for Asian megacities during the
21st century. These projections based on the relatively optimistic development of
human society are certainly not free from disagreement across demographers (Adam
2021). Nevertheless, Japan, China, and the Republic of Korea, which are expected
to host 13 megacities by 2035, are already experiencing rapid population declines
(National Bureau of Statistics of China 2023; Statistics Bureau of Japan 2023;
Statistics Korea 2023). According to the IHME and IIAASA normal projections,
these countries will lose nearly half of their national population by 2100.

These projections suggest that Asian megacities of the 21st century will be char-
acterized by a complex spatiotemporal socio-demographic process of growth and
decline. Hence, for scholars and policymakers of these (emerging) Asian megacities,
understanding how the socio-demographic composition of their megacities will spa-
tially and temporally evolve, or the spatiotemporal socio-demography of megacities,
will be ever more necessary to discuss and plan a long-term and effective spatial
governance (Ohashi and Phelps 2020; Tateishi et al. 2021; also c.f., Sorensen 2019).

Urban scholars have long been interested in the spatiotemporal socio-demogra-
phy of cities, seeking to understand it within a systematic framework (Klaassen
et al. 1981; van den Berg et al. 1982). This is because this knowledge is signif-
icant for various purposes: analyzing the historical evolution of cities (Szmytkie
2021), comprehending the intricate interplay between housing policies/markets and
sociodemographic shifts (Brombach et al. 2017), forecasting the future prosperity/
decline of cities (Haase et al. 2021), and guiding urban policymakers in achieving
balanced and sustainable spatial planning (Kroll and Kabisch 2012; Jain and Jehling
2020).

As such, numerous studies on spatiotemporal socio-demography already exist
(Kabisch and Haase 2011; Kroll and Kabisch 2012; Salvati and Carlucci 2016;
Brombach et al. 2017; Hierse et al. 2017; Hartt 2018; Wolff and Wiechmann 2018;
Cividino et al. 2020; Haase et al. 2021). They reveal a complex, synchronized
process in metropolitan socio-demography: re-urbanization (inner city population

1 The 2018 study was conducted by the team at International Institute of Applied System Analysis (IIASA,
Lutz and Goujon et al. 2018), European Union. The 2020 study was conducted by the team at Institute of
Health Metrics and Evaluation (IHME, Vollset et al. 2020), The University of Washington.
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growth), post-suburbanization (densification, complexification, and diversification of
the suburbanization process (Charmes and Keil 2015, p. 581)), and urban shrinkage
(sustained depopulation). Scholars think that such a synchronized urban process is
driven by a complex mixture of the immigration of the young-talented into inner-
city neighborhoods (Ogden and Schnoebelen 2005; Moos 2016; Brombach et al.
2017; Siedentop et al. 2018; Rérat 2019) and the outmigration of diverse socio-
demographic groups from the re-urbanizing, or gentrifying, inner city to relatively
affordable suburbs (Haase et al. 2010; Hierse et al. 2017). Such diversification of
migration flows to suburbs could, in turn, further drive post-suburbanization (Phelps
and Wood 2011; Charmes and Keil 2015; Dembski et al. 2019; Ohashi and Phelps
2020).

However, considering the knowledge production in the evolution of Asian mega-
cities, these studies and produced findings are not free from limitations. First, ex-
isting studies overlook Asian megacities, primarily drawing from observations in
mature Euro-American cities. We are not sure whether such Euro-American in-
sights into urban socio-demographic evolution can be immediately applied to Asian
megacities with larger population size and spatial extent, a more complex urban
system, embedded in a context where the national population is (or will be) declin-
ing rather quickly (it is projected that no Euro-American megacities will, at least
by 2100, face such a nation-wide shrinkage, see Appendix-Fig. 13). Second, due
to data availability, these studies use coarse spatial units and basic socio-demo-
graphic indicators, limiting insight into micro-scale socio-demographic dynamics,
especially migration patterns across re-urbanizing, post-urbanizing, and shrinking
areas within megacity-regions. Finally, these studies often aggregate socio-demo-
graphic variables into predefined spatial typologies/divisions (e.g., urban core, inner
city, suburb, and urban concentric rings, etc.) for ease of analysis and interpretation.
Such a spatial aggregation of statistics can obscure detailed spatiotemporal patterns,
reduce result robustness due to the modifiable areal unit problem, and even hinder
the exploration of hidden socio-demographic patterns beyond preconceived spatial
typologies/divisions.

In sum, for the discussion and planning of long-term and effective spatial gov-
ernance of mature (or ‘post-growth’) Asian megacities (Ohashi and Phelps 2020;
Tateishi et al. 2021; also c.f., Sorensen 2019), the existing knowledge on the evolu-
tion of cities needs to be updated by exploring similarities and differences between
the spatiotemporal sociodemography of Euro-American cities and that of Asian
megacities using detailed job-household data at a finer spatial resolution without
any pre-assumed spatial aggregation.

To fill the research gaps, the presented explorative, data-driven study has three
objectives: (1) to empirically explore the spatiotemporal sociodemography of an
Asian megacity; (2) to use micro-scale job-household data for the analysis; and
(3) to analyze the spatiotemporal demography of megacities without a pre-defined
spatial aggregation for statistical analysis.

To achieve these objectives, this study uses the Tokyo Capital Region (hereafter
Tokyo) as a learning case of the future post-growth Asian megacities. Tokyo is con-
sidered to be the learning case for Asian megacities not only because its spatial and
population size, as well as the complexity of its urban system, are closer to those of
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other future Asian megacities, but also because—and importantly—it is projected
to be the first shrinking megacity in the world (MLIT 2018; UN 2018b; Suzuki and
Asami 2019). Thus, other Asian megacities—those that also will witness their de-
cline in the coming decades—can learn from Tokyo about what will happen when
a large and complex megacity region becomes mature and is about to decline. In
addition, Tokyo is an analytically advantageous choice because Japanese census data
provides job-household statistics whose spatial resolution is much finer than the city
district level between 2000 and 2015. Thus, we can explore the micro-dynamics of
the spatiotemporal sociodemography of Tokyo. In order to find spatiotemporal pat-
terns from the given high-resolution job-household statistics data, an unsupervised
machine learning clustering method was employed. Based on the objectives, data,
and method, this study strives to answer the following guiding questions: (1) How
did the spatiotemporal sociodemography of the megacity Tokyo change between 2000
and 2015? (2) What are the similarities and differences between the spatiotemporal
sociodemography of the megacity Tokyo and that observed in the Euro-American
medium-large cities?

The results show that, in agreement with the findings of existing studies in Euro-
American cities, Tokyo has experienced the synchronization of (re)urbanization and
(post)suburbanization at its regional scale. However, the study also revealed that
Tokyo’s re-urbanization has occurred not only in its inner city but also in its suburban
cores/corridors. Alongside the aging and empty-nesting conventional suburbs, the
re-urbanization of suburban cores/corridors appears to drive post-suburbanization.
The study argues that this synchronized sub/urban growth seems to be supported by
core-to-exurb cascade-like migration flows.

However, the results also show that, at a micro-scale, the synchronized sub/urban
growth in Tokyo was not spatially homogeneous. The small-area-level clustering re-
sults revealed nuanced disparities across localities in terms of population growth and
decline. The study argues that such variations in prospering and declining localities
appear to be created by intra-core and intra-suburb migrations determined by a mix
of local contingencies. The emergence of these local disparities suggests that in
post-growth Asian megacities, the formation of functional inter-local collaborative
governance to balance prospering and declining localities will be a crucial policy
challenge.

Finally, the study analyzed that constant migration flows from ‘population reser-
voir’ hinterlands seem to underpin the synchronized sub/urban growth. Hence, it
is unclear whether the synchronized sub/urban growth could be sustained once the
hinterlands of Tokyo (and Japan) become unable to supply new migrants.

The novelty of this study lies in its position as one of the initial academic attempts
to intricately illustrate how the socio-demography of mature Asian megacities will
evolve over space and time. It employs a machine learning clustering method that
is not yet widely acknowledged or applied in the field of urban studies. With this
novelty, the study contributes to a broader scholarly and policy-making audience
interested not only in the evolution of cities but also in envisioning long-term and
effective land management, infrastructure planning, (sub)urban development, rural
revitalization, and metropolitan governance. It also addresses emerging opportunities
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for quantitatively understanding the spatiotemporal complexity of cities through the
application of machine learning and large-sized, multi-dimensional datasets.

The outline of the article is as follows: First, Sect. 2 reviews previous studies to
elaborate on the empirical evidence, theories, and insights related to the spatiotem-
poral sociodemography of the city, highlighting their research gaps. Then, Sect. 3
reviews the application of machine learning in urban studies and explains the work-
ings of the selected Gaussian Finite Mixture Model clustering method. Section 4
provides context for Tokyo and details the nature and treatment of Japanese census
data (2000–2015) and how it will be analyzed using GMM. Section 5 presents the
analytical results and interprets the identified clusters and their temporal transitions.
Section 6 discusses these findings in relation to the existing body of literature. Fi-
nally, in Sect. 7, the study concludes the entire discussion while also recommending
potential directions for future research.

2 Literature review

2.1 Spatiotemporal socio-demographic change in mature cities

How the socio-demographic composition of the city region can spatially and tem-
porally evolve, or spatiotemporal socio-demography of the city, has long mattered
in urban studies. This is because such knowledge is crucial for urban scholars to
analyze the history of cities (Szmytkie 2021), understand the dynamics between
housing policies/markets and sociodemographic changes (Brombach et al. 2017),
answer why some cities thrive and others do not (Haase et al. 2021), and inform
urban policymakers balanced and sustainable spatial planning (Kroll and Kabisch
2012; Jain and Jehling 2020).

The urban life-cycle theory, first theorized by Klaassen et al. (1981) and empiri-
cally applied by van den Berg et al. (1982), is widely used to systematically capture
the spatiotemporal dynamics of urban demographic transition (Hierse et al. 2017,
p. 190; also c.f., Wolff 2018). This theory investigates changes in total population
growth and density within pre-defined geographical divisions (core, fringe, and the
entire city region) (van den Berg et al. 1982; Kroll and Kabisch 2012; Salvati and
Carlucci 2016; Wolff 2018). The urban life-cycle theory postulates that these popu-
lation changes follow cyclical (or sequential) trajectories divided into four different
stages (van den Berg et al. 1982; Kabisch and Haase 2011; Kroll and Kabisch
2012; Haase et al. 2021): urbanization, suburbanization, urban shrinkage (first, the
core starts losing its population, then the fringe follows), and re-urbanization (the
population of the core regrows).

However, a growing body of studies empirically shows that the spatiotemporal
sociodemographic change of mature urban regions involves more diverse and com-
plex dynamics than simplistic cyclical urbanization. Since our research interest is
limited to mature cities, we shall ignore the urbanization phase (as mature cities
have already passed this phase). Instead, we will focus on reviewing findings related
to re-urbanization, (post-)suburbanization, and urban shrinkage.
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Many studies (Haase et al. 2010; Salvati and Carlucci 2016; Brombach et al. 2017;
Hierse et al. 2017; Siedentop et al. 2018; Dembski et al. 2019; Kabisch et al. 2019;
Rérat 2019) have empirically illustrated that Euro-American cities have experienced
re-urbanization, defined as the “revival of the residential function of the inner city
after a longer phase of population decline by becoming (re)populated by a diversity
of population groups of different ages and socio-economic backgrounds” (Kabisch
et al. 2019, p. 2). Acknowledging the diversity in the socio-demographic groups
driving re-urbanization, studies also indicate that there are major sociodemographic
groups that drive Euro-American re-urbanization. Young and small households, in-
cluding singles, cohabitating couples, and married couples, with higher educational
attainment and higher income, are often considered a major sociodemographic group
driving Euro-American re-urbanization (Ogden and Schnoebelen 2005; Kabisch and
Haase 2011; Brombach et al. 2017; Siedentop et al. 2018; Rérat 2019). Moos (2016)
calls this spatiotemporal trend of sociodemographic change in the city ‘youthifica-
tion.’ Additionally, in some European countries, scholars have observed that child-
raising families have also played a major role in the re-urbanization process (Buzar
et al. 2007: Italy; Siedentop et al. 2018: Germany).

The re-urbanization of mature cities can be attributed to demand-side explana-
tions: people want to live in the inner city. For example, as the economy undergoes
post-industrialization—a shift from manufacturing industries to service and creative
industries (see, Florida 2005, 2012)—young, talented individuals from rural and
local areas seem to prefer the inner cities of large cities that offer better educational
and career opportunities for creative industries (Martinez-Fernandez et al. 2012a;
Elzerman and Bontje 2015; Nelle 2016; Brombach et al. 2017; Makkai et al. 2017;
Rérat 2019) and urban amenities and services that are attractive to post-industrial
workers (Kotkin 2000; Glaeser et al. 2001; Florida 2002, 2012; Lee 2010; Rérat
2019).

Additionally, across Europe, the United States, and Japan, it is observed that post-
industrialization has also feminized the labor market through an intertwined process
involving the rise of the service sector, the advent of information technology, and the
political will to enhance national productivity (Frank 2008; Nagamatsu 2010; Crouch
2016, p. 119; Raymo and Fukuda 2016; Ling 2017; Swinth 2018). In this trend,
professional jobs (such as consultants, lawyers, programmers, and researchers) have
also become feminized, fostering the concentration of highly educated, dual-income
households in the inner-city neighborhoods of large cities (Rouwendal and Van Der
2004; Compton and Pollak 2007; Gautier et al. 2010; Koizumi et al. 2011; Tano
et al. 2018; Oishi 2019). This is because ‘power couples’ appear to prefer central
locations in large cities that are equally accessible for the opportunities where power
singles can be coupled (Compton and Pollak 2007), the means to solve collocation
problems (Costa and Kahn 2000), and the means to maximize work and household
production (Markusen 1980, p. 35).

In relation to these explanations, an increasing social acceptance of fertility post-
ponement and premarital cohabitation (van de Kaa 1987; Inglehart 1997; Lesthaeghe
2011, 2020) seems to encourage young professional singles and flat-sharers to stay
in inner-city areas for a longer time, as opposed to traditional child-raising fam-
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ilies who move to suburbs for a spacious house (Buzar et al. 2005; Ogden and
Schnoebelen 2005, p. 265; Kabisch and Haase 2011, p. 237).

However, it is important to note that these demand-side explanations alone are
not sufficient to account for re-urbanization. Scholars point to the importance of
a supply-side explanation—the inner city supplies new residences for people who
have the above-mentioned residential demands. For example, an increasing supply
of renovated old houses/apartments as well as newly constructed housing stocks
within the inner city is crucial to adequately accommodate re-urbanizing households
(Brombach et al. 2017; Kabisch et al. 2019; Rérat 2019). Siedentop et al. (2018) also
argue that an increasing supply of ‘family-friendly’ housing stocks (e.g., spacious
apartments specifically targeting families) can explain an increasing flow (and stay)
of child-raising families in the inner city—the familification of the inner city—as
opposed to traditional child-raising families actively moving to the suburbs.

Finally, the demand-side explanation should not be separated from an institu-
tional-side explanation—changes in urban institutions offer (re)development oppor-
tunities in the inner city. It is often challenging for mature cities to increase the
supply of inner-city housing stocks without housing policies and urban planning
that aim at inner-city redevelopments—such as urban densification strategies, tran-
sit-oriented planning, and strategic upgrades of urban amenities and infrastructures
(Brombach et al. 2017; Haase et al. 2021).

While the inner city of Euro-American cities has been undergoing re-urban-
ization, suburbanization has also been progressing at the same time (Kabisch and
Haase 2011; Salvati and Carlucci 2016; Hierse et al. 2017; Rérat 2019). This obser-
vation contradicts the sequential urban development that the urban life-cycle theory
assumes. This is because suburbanization can be seen as a ‘population decentraliza-
tion’ process that occurs once the inner city population and/or development satu-
rates (Dembski et al. 2019; also c.f., Smith 1996). Importantly, suburbia is not only
expanding but also changing. In many mature Euro-American cities, post-suburban-
ization—‘densification, complexification, and diversification of the suburbanization
process’ (Charmes and Keil 2015, p. 581)—has also emerged as a new urban reality
(Phelps and Wood 2011; Hudalah and Firman 2012; McArthur 2017; Sweeney and
Hanlon 2017).

Studies suggest that this spatiotemporal synchronicity of re-urbanization and
(post-)suburbanization can be driven by migration flows of particular socio-demo-
graphic groups induced by re-urbanization. For example, Hierse et al. (2017) argue
that the increasing socio-demographic diversity in suburbia can be explained by
potential exit flows of vulnerable socio-demographic groups who are pushed out
from the re-urbanizing inner city—where housing markets are becoming less and
less affordable—to the outer suburbs (p. 197). Other studies similarly point out that
the suburbanization of poverty, or the dismantling of ‘middle-class’ suburbs, is con-
nected to the gentrification of inner-city neighborhoods that push out lower-income,
lower-status households (Hanlon 2008; Kavanagh et al. 2016; Dembski et al. 2019).
In addition, urban fringes—previously ‘unlabeled’ areas in-between the inner city
and suburbs—also appear to comprise a post-suburbanization process as neighbor-
hoods where both relative affordability and better accessibility to the city center are
likely to attract middle-class family households (c.f., Kabisch et al. 2019).
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Such a complex relocation decision by particular socio-demographic groups (e.g.,
relatively lower- and middle-income families), seeking more affordable and spacious
housing, appears to generate cascade-like migration flows from the intensifying
inner-city housing market and drive post-urbanization at different suburban scales
(Hierse et al. 2017, p. 197).

Finally, both re-urbanization and post-suburbanization cannot be detached from
the complex landscape of urban shrinkage: the sustained depopulation of human
settlements. Scholars argue that rather than being a temporary stage in the urban
life cycle, urban shrinkage is becoming an enduring spatial symptom of globaliza-
tion and post-industrialization that increasingly disconnects population growth from
economic cycles (Martinez-Fernandez et al. 2012a; Weaver et al. 2017; Hartt 2018;
Döringer et al. 2019; Silverman 2020).

As we have seen, the post-industrialization of the economy is one of the major
drivers of re-urbanization because it can induce immigration flows of young-talented
people who want better educational and career opportunities in post-industrial large
cities. In relational terms, this means that selective outmigration of these young-
talented people from local towns and rural areas dependent on declining light/heavy
industries and agriculture is one of the major drivers of the shrinkage of these local/
rural areas (Martinez-Fernandez et al. 2012b; Elzerman and Bontje 2015; Nelle
2016; Makkai et al. 2017). Besides, the feminization of (professional) jobs and
changing social norms regarding females’ lives seem to play a crucial role in urban
shrinkage because such changes can foster the selective outmigration of females to
large cities for better educational and job opportunities (Elzerman and Bontje 2015;
Leibert 2016; Rauhut and Littke 2016; Wiest 2016), which consequently lowers
fertility rates and accelerates aging and declining populations in shrinking areas
(Martinez-Fernandez et al. 2012b; Elzerman and Bontje 2015; Silverman 2020).

Finally, it is important to note that urban shrinkage is not unique to rural villages,
towns, and medium-sized cities whose economies highly depend on agriculture or
declining light/heavy industries. Sarzynski and Vicino (2019) found that 22% of
suburbs in the United States experienced shrinkage between 1980 and 2010. Inter-
estingly, they revealed that 65% of these shrinking suburbs were situated within
population-growing metropolitan areas, demonstrating ‘pockets’ of suburban de-
cline within city-regional growth (p. 10). Moreover, they observed that the socio-
demographic trajectories of these shrinking suburbs are diverse, suggesting that the
underlying dynamics “affecting the populations of shrinking suburbs are complex,
both at specific points in time and within specific places” (Sarzynski and Vicino
2019, p. 12).

Such socio-demographic diversity across shrinking suburbs, along with an emerg-
ing mixture of growing, stable, and shrinking suburbs, likely adds more complexity
to post-suburbanization, as it deconstructs the homogenous suburban landscape and
socio-demography (Ohashi and Phelps 2020). Yet, as there is still a quite limited
number of empirical studies on shrinking suburbs (Sarzynski and Vicino 2019),
further academic and policy research on how suburbs will shrink is needed.
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2.2 Research gaps

As shown, recent findings, both at empirical and theoretical levels, suggest that re-ur-
banization, post-suburbanization, and urban shrinkage form a synchronized, spatial-
relational process, rather than being separate, independent phenomena (Lang 2012;
Weck and Beißwenger 2014; Kühn 2015; Wiest 2016; Dembski et al. 2019). Overall,
the current literature empirically demonstrates that the urbanization of mature cities
appears to be a more complex phenomenon than the conventional urban life-cycle
theory once postulated. Although these studies have already provided insights into
the complexity of the spatiotemporal sociodemography of the mature city, consid-
ering the knowledge production in the evolution of Asian megacities, we need to
address at least three major limitations of the existing studies and their findings.

First, the findings of the reviewed studies were based solely on the metropoli-
tan-level spatiotemporal socio-demography of mature Euro-American cities. To my
knowledge, no study has yet comprehensively analyzed the spatiotemporal socio-de-
mography of Asian megacities at their megacity-regional scale. Indeed, some Euro-
American mature cities consist of large metropolitan regions (note here that as of
2018 there are only three megacities in the USA and Europe, i.e., Paris, New York,
and Los Angeles, UN (2018b)). Yet, megacities in general, and Asian megacities
with 20–30 million inhabitants in particular, surpass average Euro-American city
regions in terms of population size, spatial extent, and even complexity in the ur-
ban system. Such a gigantic urban system tends to have complex socio-functional
networking of inner-city districts, cities, towns, suburbs, villages, and hinterlands
(Gottmann 1961; Hall and Pain 2006; Hall 2009; Castells 2010; Scott 2019).

In addition, it is important to note that no Euro-American megacities will, at
least by 2100, face rapid national population decline whereas a quick decline in the
national population will be the most salient, albeit not unique, socio-demographic
context of Asian megacities in the coming decades. As Appendix-Fig. 13 shows,
out of 29 emerging Asian megacities, 17 up to 27 of them will be situated in
countries whose national population will decrease by 10–50% by 2100 (Lutz and
Goujon et al. 2018; Vollset et al. 2020). These numbers account for 74–79% of all
megacities in the (future) population-shrinking countries. Considering these points, it
is still empirically unclear whether the observed synchronization of re-urbanization,
post-suburbanization, and urban shrinkage is immediately applied to spatiotemporal
processes in Asian megacities whose base national population will constantly decline
in the coming decades.

Second, due to data availability, these existing studies often rely on a coarse
spatial unit of analysis (e.g., district) and basic socio-demographic indicators (e.g.,
population, household size). The lack of analyses on a micro-scale, detailed socio-
demographic dynamics seems to limit our understanding of the in/out-migration of
diverse socio-demographic groups (Ogden and Hall 2004; Ogden and Schnoebelen
2005; Rérat 2019) across re-urbanizing, post-urbanizing, and shrinking areas within
a megacity-region.

Finally, for ease of analysis and interpretation—often following the convention
of the urban life-cycle theory—these studies usually aggregate socio-demographic
variables into pre-defined spatial typologies/divisions (urban core, inner city, suburb,
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and urban concentric rings, etc.) (Klaassen et al. 1981; van den Berg et al. 1982;
Hierse et al. 2017, p. 190; also c.f., Wolff 2018). Methodologically, such spatial
aggregation of statistics obscures detailed spatiotemporal patterns and even reduces
the robustness of the findings due to the modifiable areal unit problem—changes in
the unit of spatial aggregation can yield different statistical results (Fotheringham
and Wong 1991; Il et al. 2019). Spatial aggregations also prevent us from exploring
hidden spatiotemporal patterns of urban socio-demography that could be beyond
“human’s a priori knowledge” (Wang and Biljecki 2022, p. 1) by aggregating infor-
mation into pre-assumed spatial typologies/divisions.

These research gaps suggest that for the discussion and planning of long-term and
effective spatial governance in mature (or ‘post-growth’) Asian megacities (Ohashi
and Phelps 2020; Tateishi et al. 2021; also c.f., Sorensen 2019)„ the existing knowl-
edge on the evolution of cities needs to be updated by exploring similarities and
differences between the spatiotemporal sociodemography of Euro-American cities
and that of Asian megacities using detailed job-household data at a finer spatial
resolution without any pre-assumed spatial aggregation. Yet, such an explorative
analysis seems to be challenging for conventional statistical approaches as it needs
to handle a large amount of job-household data structured at a micro-spatial scale
but covering a large geographical extent (i.e., a megacity region) and finding hidden
patterns from such a complex large dataset without using any spatial aggregation.
The next section will review emerging machine learning (ML), unsupervised ML
clustering in particular, because it appears to be a promising method for performing
such a large-data-driven explorative task in urban studies.

3 Machine learning and urban studies

3.1 Supervised ML

As computational capacity increases, in many academic disciplines, Machine Learn-
ing (ML) methods have increasingly become a major analytical approach for quan-
titatively discovering patterns in massive data (Fradkov 2020; Kopczewska 2022).
In the field of urban studies, most applications of ML so far rely on supervised-
ML methods that predict unknown labels in input data using a training dataset in
which the relationship between features (referred to as independent variables in the
ML discipline) and correct labels (typically considered dependent variables in in-
ferential statistics) is provided (Ali et al. 2019; Grekousis 2019; Waggoner 2020).
Supervised-ML methods are mainly divided into regression (which attempts to pre-
dict continuous dependent variables such as house prices from various explanatory
variables) and classification (which aims to predict the probability of discrete classes
such as yes/no, true/false, cat/dog) (Kopczewska 2022).

Although supervised-ML methods are a powerful analytical tool with a solid
background of application in various disciplines, their application to urban studies
is not always easy for two reasons.

First, it is often difficult to obtain a suitable training dataset for an urban phe-
nomenon of interest. Whether for regression-based ML or classification-based ML,
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a large volume of training data in which the relationship between features and
correct labels is known is necessary to teach the ML algorithm how to predict
what researchers are interested in (Ali et al. 2019). In other words, this approach
heavily relies on the availability of a well-structured dataset that theoretically links
a dependent variable (labels) and independent variables (features). Yet, in real-world
urban analysis, available data are often unlabeled, and if available, they can be hard
to access (Wang and Biljecki 2022).

Second, controlling spatial autocorrelation in regression-based supervised ML is
still in its technical infancy. It is well known in the field of spatial statistics that
the presence of similarities/dependencies based on geographic proximity—spatial
autocorrelation (Griffith 1992; Getis 2008)—within data often diminishes the infer-
ential quality of regression analyses as it violates the basic assumption of regression
(Getis 2008) (see Footnote (2) for more technical details on spatial autocorrelation
and its control). A recently emerging body of studies has revealed that the predictive
accuracy of regression-based supervised ML methods can also be improved by con-
trolling spatial autocorrelation (Georganos and Kalogirou 2022; Kopczewska 2022;
Liu et al. 2022). This means that appropriately controlling spatial autocorrelation is
necessary to reliably apply supervised ML methods to urban studies because (train-
ing) data for urban analyses are usually spatially structured. However, the technical
solution for controlling spatial autocorrelation in regression-based supervised ML is
still under research and development, and thus it is not widely and readily available
to urban scholars.

2 As the first law of geography, Tobler argues that “everything is related to everything else, but near
things are more related than distant things” (Tobler 1970, p. 236). In other words, non-spatial information
within spatially represented data may have similarities/dependencies based on geographic proximity. Such
spatial similarities/dependencies are referred to as neighborhood effects in the fields of urban sociology
and housing studies and are considered to have causal effects on socio-political characteristics, public
transportation choices, and real estate prices of the neighborhood, just to name a few (Wilson 1987; Tse
2002; Sampson 2019; Kuai and Wang 2020).
In spatial statistics, these spatial similarities/dependencies have been conceptualized more broadly as

‘spatial autocorrelation’ (Griffith 1992; Getis 2008) and researchers have long been paying attention to it
from both theoretical and methodological perspectives. In particular, within the framework of the stochastic
inference analysis approach, typically as a form of multivariate (linear) regression analysis, the presence of
spatial autocorrelation in the data violates the ‘independence of observations, thus of residuals’ assumption
(Getis 2008) in which the analysis assumes. Hence, several techniques such as Geographically Weighted
Regression (GWR) (Fotheringham et al. 2002), Spatial Lag Model (SL), and Spatial Error Model (SE)
(Anselin 2003; Anselin and Rey 2014) have been developed to deal with the issue to ensure the inferential
quality of the analysis.
Regression analysis focuses on the estimation of the causal effect of multiple explanatory variables on

a target variable (e.g., estimating hotel prices from hotel size/quality and location (Kim et al. 2020)). Incor-
porating spatial dependence into the regression model as some kind of explanatory variable and controlling
for spatial autocorrelation is essential to estimate a reliable causal effect (i.e., coefficient) of each explana-
tory variable. In other words, in ‘spatial’ econometrics (Paelinck and Klaassen 1979; Anselin 1988), the
coefficients of explanatory variables are estimated in a spatially varying manner based on pre-defined spa-
tial bandwidth (i.e., GWR), or a spatial pattern is assumed in advance in the form of a spatial weight
matrix (i.e., SL, SE), thereby controlling for spatial autocorrelation (Anselin 2003; Anselin and Rey 2014;
Fotheringham et al. 2002).

K



The spatiotemporal socio-demography of the Tokyo capital region: a data-driven explorative... 479

3.2 Unsupervised ML

Given the difficulties associated with the application of supervised ML to urban
studies, unsupervised ML could be a suitable and technically accessible option for
urban scholars interested in exploring hidden patterns of urban phenomena from
a large, unlabeled dataset. In contrast to the regression and classification of super-
vised ML (Ali et al. 2019; Waggoner 2020), unsupervised ML performs clustering
of the given data. In the field of ML in general, clustering specifically refers to the
grouping of data without correct labels (Waggoner 2020). Clustering by unsuper-
vised ML aims to divide a given unlabeled dataset based solely on the similarity of
the input features using unsupervised ML algorithms such as K-means, agglomer-
ative algorithm, self-organizing maps (SOMs), Density-Based Spatial Clustering of
Applications with Noise (DBSCAN), and Gaussian mixture models (EM methods)
(Ali et al. 2019; Waggoner 2020; Wang and Biljecki 2022). Since unsupervised ML
methods do not rely on regression inference, they are free from concerns related to
spatial autocorrelation.

In summary, while supervised ML methods are suitable for predictive and causal
analyses, a more data-driven explorative approach using unsupervised ML clustering
provides urban scholars with opportunities to uncover unknown, hidden patterns of
the city from massive datasets. Thus, it can offer “new perspectives for urban studies
beyond human’s a priori knowledge” (Wang and Biljecki 2022, p. 1).

Considering the inherent complexity of the city and urbanization (Ortman et al.
2020; Cai and Chen 2022) and the increasing availability of (unlabeled) spatial
data (Li et al. 2016), unsupervised ML clustering is becoming a promising tool for
discovering hidden urban phenomena frommassive (spatial) data (Wang and Biljecki
2022) that can aid data-driven planning (Koutra and Ioakimidis 2023) and inductive
theory building (Choudhury et al. 2016) regarding complex urban processes.

However, it is important to note that the unsupervised-ML methods also have
their drawbacks.

First, researchers usually need to decide how many clusters an unsupervised-
ML algorithm should divide the given data (Scrucca et al. 2016). Thus, selecting the
number of clusters seems to be arbitrary. Yet, there are statistical scores to inform the
number of clusters in which clustering algorithms perform best. Using these statistics
together with analytical needs, we can reduce arbitrariness and provide support for
the chosen number of clusters. We shall return to this point in Section 3.4 when we
discuss more specifically the Gaussian Finite Mixture Model (GMM), one of the
unsupervised-ML algorithms, for this study.

Second, by their nature, unsupervised-ML methods divide the given data into
clusters without any predictive/causal hypotheses. In other words, the data will be
clustered simply by similarities/differences across the features, and the resulting
clustering numbers (e.g., 1, 2, 3, 4, 5 if the researchers choose ‘5’ for the number of
clusters) are mere labels to discern clusters and have no inherent meaning. Hence, it
is the researchers who should interpret the meaning of the yielded clusters (Waggoner
2020). This interpretation process can be exploratory, arbitrary, and time-consuming.

While acknowledging these drawbacks, this study will employ unsupervised-
ML methods as we are interested in uncovering hidden spatial patterns from large-
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size, unlabeled job-household data. In other words, the methodological goal of this
study is, using an unsupervised-ML method, to visually represent and interpret the
clustering results of given sociodemographic variables rather than testing hypotheses
based on any spatial models/patterns.

The rest of this section will further review how different unsupervised-ML clus-
tering methods approach spatial data and how each method has been applied to
urban studies in particular. In ML clustering, the approach to spatial data can be
roughly divided into three typical approaches, namely, (1) clustering based on spatial
features, (2) clustering based on non-spatial features, and (3) dual clustering based
on both spatial and non-spatial features (c.f., Kopczewska 2022).

3.3 Un-supervised ML clustering in spatial application

1. Clustering based on spatial features

In conventional “spatial” clustering methods, the similarity across observations
is assessed based solely on geometric/spatial features (e.g., XY coordinates of point
location data, various morphological characteristics of polygon data) (Lin et al. 2005;
Jiao et al. 2011; Xiao et al. 2022). In such clustering approaches, data partitioning
is based purely on the similarity of spatial location and/or geometric shape of the
observations of interest.

In the field of urban studies, this approach may be particularly effective when geo-
metric/spatial information—such as the density of points, size, perimeter, and shape
complexity of polygons—is considered sufficient for clustering the data (and/or
when non-geometric/non-spatial information of the data is hard to access). For ex-
ample, by applying Gaussian mixture models clustering to building footprint data
from some African cities, Jochem et al. (2021) demonstrate how to cluster different
urban types based only on morphological features (e.g., size, density, shape com-
plexity) of the footprints. Xue et al. (2020) also show that unsupervised-ML cluster-
ing can effectively distinguish urban objects from a Light Detection And Ranging
point dataset without any non-spatial information. In other words, as pointed out
by Jochem et al. (2021), this approach can also be used to derive new non-spatial
information from spatial data.

2. Clustering based on non-spatial features

In contrast to such conventional clustering methods based solely on geometric/
spatial features, as pointed out by Lin et al., “in many real applications, the non-geo-
metric attributes are what users are concerned about” (2005, p. 628). This analytical
demand can be satisfied by mapping (i.e., spatially visualizing) a clustering re-
sult generated solely from a set of non-geometric/non-spatial features (Kopczewska
2022, p. 716). Contrary to the clustering based on spatial features approach, we can
consider that this approach yields new spatial information from non-spatial informa-
tion.
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As a recent extensive literature review on the application of unsupervised ML to
urban studies (Wang and Biljecki 2022) reveals, urbanization and regional studies
are among the major fields where this approach is often applied (c.f., Wang and
Biljecki (2022), section 5.2, p. 9). More specifically, clustering and spatial visual-
ization of non-spatial multivariate sociodemographic data (e.g., census data) is the
most relevant application for this paper. For example, Dias and Silver (2021) demon-
strate that by combining network-based data representation and a sorted maximal
matching algorithm (Dias et al. 2017), it is possible to spatiotemporally visualize
sociodemographic patterns across geographically unharmonized census datasets in
both the US and Canada. Delmelle (2017) also successfully clusters different trajec-
tories of sociodemographic composition, including the process of gentrification, in
50 US metropolitan areas by applying Self-Organizing Maps (SOMs) and K-means
to the selected 18 sociodemographic census variables.

An emerging body of similar applications of unsupervised ML clustering of non-
spatial data aims to yield spatiotemporal insights, such as identifying gentrified areas
(Liu et al. 2019; Yuan et al. 2021), typology clustering of suburbs (Mikelbank 2004),
and identifying different urbanization trajectories, including urbanization and urban
shrinkage (Serra et al. 2014).

3. Clustering based on both spatial and non-spatial features

Some researchers have been developing an advanced ML clustering approach
that is based on both spatial/geometric and non-spatial features simultaneously. This
approach is sometimes called dual-clustering (Lin et al. 2005; Jiao et al. 2011; Xiao
et al. 2022). Dual-clustering seems to be particularly effective when one needs to
cluster granular spatial data (e.g., satellite images, point location data, building foot-
prints) while minimizing spatial overlaps/disconnectivity and non-spatial dispersion
of the resulting clusters (Jiao et al. 2011; Xiao et al. 2022).

Dual-clustering appears promising for clustering fine-scale spatial data, such as
very-high-resolution (VHR) satellite images, location points, and building footprints,
where both geometric shape and spatial connectivity, along with non-spatial at-
tributes, could be important for meaningful clustering. As shown by Jiao et al.
(2011), in urban studies, dual-clustering holds promise for clustering urban land use
patterns considering both geometric features and other non-spatial features like land
prices.

However, this study does not elaborate on it further because the input data for
this study is census data aggregated at a territorialized unit level, which is much
coarser spatially compared to these high-resolution spatial data.

As we have reviewed, clustering based on non-spatial features (2) has been widely
applied in spatiotemporal explorative analyses of census and/or micro socio-demo-
graphic data in urbanization and regional studies (Mikelbank 2004; Serra et al. 2014;
Delmelle 2017; Liu et al. 2019; Dias and Silver 2021; Yuan et al. 2021). Thus, this
study shall also follow this strand of research and employ the Gaussian Finite Mix-
ture Model clustering method to perform clustering based on non-spatial features.
The next section will elaborate on the Gaussian Finite Mixture Model clustering
method.
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3.4 Gaussian finite mixture model clustering

The Gaussian Finite Mixture Model (GMM) assumes that all given data points can
be described as a mixture of a finite number of Gaussian distributions (i.e., normal
distributions) with unknown parameters (Jochem and Tatem 2021, p. 10). GMM is
selected because it provides a more flexible model fitting than other unsupervised-
ML methods, such as K-means. This flexibility is achieved by allowing the volume,
shape, and orientation (mathematically, within-group covariance matrices) of each
cluster to vary (Scrucca et al. 2016, p. 292; Jochem and Tatem 2021, p. 10). There
is an increasing number of applications of the GMM method in the field of urban
geography to cluster settlement patterns (Jochem and Tatem 2021; Jochem et al.
2021), urban land cover (Tao et al. 2016), and urban road networks (Batista et al.
2021), for example.

Conceptually speaking, GMM allows the drawing of circles/ellipsoids (i.e., differ-
ent shapes) with different sizes (e.g., small/large) and various angles (i.e., different
directions) to group data points on, say, a scatter plot. Each clustering circle/ellipsoid
is computed by a (multivariate) Gaussian probability function. The clustering result
of the given data is composed of a mixture of all computed (a finite number of)
Gaussians. Thus, it is called the Gaussian Finite ‘Mixture’ model.

To put it more intuitively, imagine that you are now asked to encircle the points
on a scatter plot based on their locational similarities (you have to encircle densely
gathered points). Here, you are allowed to change the shape of each circle to an
ellipsoid, the size of each circle/ellipsoid, and the orientation of ellipsoids, if you
think these modifications can group the points effectively. Yet, you are allowed to
draw only a limited (i.e., finite) number of circles/ellipsoids that were specified
before the task (say, 5 circles/ellipsoids). In this example, the ‘mixture’ of the
5 circles/ellipsoids you have drawn represents the clustering result of the given
points.

The mathematical expression of GMM is as follows. A probability density func-
tion p (X) through a mixture of n Gaussians (i.e., the number of clusters) with
m variables (X= [x1, x2, x3, ... xm]) is defined as
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Yet, the direct maximization of the log-likelihood function is complicated
(Scrucca et al. 2016, p. 291), so an expectation-maximization (EM) algorithm is
employed (McLachlan and Peel 2000). For brevity, this study will not elaborate on
how the EM algorithm works.

Here, the central question of GMM is how to determine the number of “n” (i.e.,
the number of clusters/Gaussian components) (Scrucca et al. 2016). To address
this question, we can compute the BIC (Bayesian Information Criterion) and ICL
(Integrated Complete-data Likelihood) scores for each “n” (e.g., 1, 2, 3, 4, 5, 6, ...)
(Scrucca et al. 2016). Typically, both BIC and ICL scores tend to decrease rapidly as
the number of clusters increases. We can decide that the number of clusters with the
lowest scores (or the point where the curves of BIC and ICL become asymptotic)
suggests the best-performing clustering (Scrucca et al. 2016; Boon Kai et al. 2019).

Furthermore, by comparing the BIC and ICL scores of different model specifi-
cations, we can determine which one exhibits the best clustering performance (sim-
ilarly to deciding the number of “n,” where the lowest scores indicate the highest
performance). It is important to note that GMM allows clusters to change their vol-
ume, shape, and orientation. However, this does not necessarily mean that we must
change all of them. Rather, fixing some of them (e.g., keeping volume equal across
clusters) may improve clustering performance, i.e., BIC and ICL. Hence, we can
create different clustering specifications by varying combinations of volume, shape,
and orientation, such as volume: Equal, shape: Variable, orientation: Equal (GMM-
EVEmodel) and volume: Variable, shape: Equal, orientation: Variable (GMM-VEV
model).

In summary, by analyzing the BIC and ICL scores for different cluster numbers
and model specifications, we can determine which GMM specification with how
many clustering groups will perform the best (Scrucca et al. 2016). We will discuss
how to implement GMM clustering with the selection of the number of clusters and
model specifications in the next section.

4 Case, data, and methods

4.1 Case overview

This study selected the Tokyo Capital Region (hereafter referred to as Tokyo)—the
largest megacity in the world today (UN 2018a). According to the Census 2015,
about 43.8 million people resided within the Capital Region. Tokyo can serve as the
best possible learning case as of 2023 for other emerging Asian megacities. This is
partly because Tokyo’s spatial extent, population size, and the complexity of its ur-
ban system (with complex socio-functional networking of inner-city districts, cities,
towns, suburbs, villages, and hinterlands) seem to provide a comparable setting for
other Asian megacities after 2035. More importantly, this is also because Tokyo is
projected to be the first shrinking megacity in the world (MLIT 2018; UN 2018b;
Suzuki and Asami 2019). Thus, other Asian megacities—those that also will witness
their decline in the coming decades—can learn from Tokyo about what will happen
when a large and complex megacity region becomes mature and is about to decline.
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Fig. 1 Spatial structure of the Tokyo Capital Region. (Source: own elaboration based on several open
sources and Nakano (2019))

Tokyo consists of Tokyo Metropolis, the urban core of Tokyo, and seven sur-
rounding prefectures (Fig. 1). Over 100 years, the major urban structure of Tokyo
has been developed around station precincts (the dark gray areas in Fig. 1), which
forms one of the largest and most functional transit-oriented megacities (Yajima and
Ieda 2015) whose development stage is “much further than other cities in the world”
(Chorus and Bertolini 2016, p. 87). Figure 1 also depicts Tokyo Station and other
major stations within suburban/regional urban centers.

The western and northern parts of the megacity region are mostly mountainous,
with rural villages and towns scattered throughout (the light gray areas in Fig. 1).
However, they are functionally connected to the regional urban centers within the
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Table 1 Population change in Tokyo at different 10-km buffer rings from Tokyo Station (Source: own
elaboration based on Census 2000 and 2015 from e-Stat: Statistics of Japan)

Distance from
Tokyo Station
(km)

Rough spatial
division

Population in
2000

Population in
2015

Difference b/w 2000
and 2015

0–10 Urban core 2,312,133 2,945,681 633,548

10–20 6,572,597 7,230,377 657,780

20–30 Suburbia 6,027,392 6,792,390 764,998

30–40 5,848,268 6,353,935 505,667

40–50 5,630,937 5,967,279 336,342

50–60 3,556,917 3,608,793 51,876

60–70 2,028,376 2,044,881 16,505

70–80 Exurb-rural 1,284,160 1,186,150 –98,010

80–90 1,359,428 1,299,040 –60,388

90–100 1,193,366 1,113,575 –79,791

100–110 986,962 959,883 –27,079

110–120 1,007,827 998,414 –9,413

120–130 1,310,429 1,298,194 –12,235

130–140 813,981 801,972 –12,009

140–150 477,524 440,177 –37,347

150–160 323,794 277,525 –46,269

160–170 257,394 238,025 –19,369

170–180 137,328 125,196 –12,132

180–190 94,707 85,921 –8,786

190–200 33,183 28,707 –4,476

TOTAL Megacity region 41,256,703 43,796,115 2,539,412

region via rail and road networks. For analytical reference, a rough spatial division of
the urban core (Red) and the suburbia (Green), as defined by Nakano (2019), is also
displayed on the map. Note that the suburbia in Fig. 1 is not entirely suburbanized
but rather is a mixture of suburban centers, low-density suburban residential areas,
and under-urbanized areas with more exurb-rural characteristics. This study defines
the rest of Tokyo as the exurb-rural region (Blue).

Table 1 shows the population change in the Tokyo Capital Region within different
10-kilometer buffer rings between 2000 and 2015. The Tokyo Capital Region as
a whole gained roughly 2.5 million people between 2000 and 2015. The population
of the urban core was decreasing until the 1990s (Ajisaka 2015). However, after
2000, the urban core of Tokyo has been re-urbanizing and gained roughly 1.3 million
new residents during the 15 years. Tokyo’s suburbia has also gained 1.6 million
people, yet some suburbs started losing their population in the 2000s (MLIT 2018).
The observed population growth of the urban core and the suburbia is considered
to be mainly driven by migration flows of young people from outside the Tokyo
Capital Region (MLIT 2020). In contrast, as the table shows, the exurb-rural region
has been experiencing a generalized population decline. Overall, the table confirms
that Tokyo’s shrinkage has already started from its exurban-rural peripheries, yet it
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has not yet clearly appeared in the suburbia and urban core in terms of aggregated
statistics.

4.2 Census data and its treatment

The census data of Japan (2000 and 2015) at the scale of Small Administrative Ar-
eas (Cho-cho-moku, hereafter ‘small areas’) were used for the analysis of Tokyo’s
spatiotemporal demography. All CSV-format census tables were attained from ‘e-
Stat: Statistics of Japan3.’ There are about 34,000 small areas within Tokyo. A chal-
lenge of making use of Japanese census data is that the unique IDs assigned to
each small area are sometimes modified across different census years, so they lost
the inter-year comparability. To overcome this challenge, the author developed an
algorithm that matches small areas across different census years if their geometric
center points are the same (which means the geographical shape of these small areas
is also the same). This algorithm matched roughly 30,000 small areas regardless of
the differences in their unique IDs.

The remaining 4000 small areas are subject to land adjustment projects that mod-
ified the shape of the small areas. For these areas, the largest shape before/after
the land adjustment project is identified and the census statistics of the land-ad-
justed small areas were aggregated into this ‘surrogate’ area. More specifically, if
the project divided an area shape into smaller areas, the original (which theoretically
accommodates all divided areas) was used as a surrogate area. If the project gath-
ered small areas into a larger area, then the post-project area is used as a surrogate
area. For this data processing, the author developed Arc-GIS-based Python scripts
to identify surrogate areas. Algorithmically identified 700 surrogate areas and corre-
sponding aggregated small areas were also manually double-checked one by one to
ensure the matching quality. This operation resulted in 30,5574 small and surrogate
areas that ensure the inter-year compatibility of census statistics. Note that hereafter
we call surrogate areas too as small areas.

The average size of these small and surrogate areas is 1.15km2 (median=
0.22km2, max= 353km2, min= 0.00009km2), which is about 1/120th of the average
size of municipal-level boundaries (i.e., 139km2) within Tokyo.

4.3 Demographic variables and their treatment

In order to analyze job-household socio-demography, 3 job characteristic variables
(i.e., the number of workers in Creative-service jobs, Production & Transport jobs,
and Primary jobs) and 8 household characteristic variables (i.e., the number of house-
holds in Single Junior household, Couple Junior household, Family with 0–17-year-
old child/children, Family with 18+-year-old child/children, Single Senior house-
hold, Couple Senior household, Multi-generation Family with 0–17-year-old chil-
dren, and Total multi-generation Family) were selected from the cleaned and vali-
dated census data. Note that this study uses ‘junior’ with a special definition: those

3 https://www.e-stat.go.jp/en.
4 Excluding not-habitable areas such as rivers, lakes, industrial areas, etc.
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Table 2 Summary of the selected demographic variables. (Source: own elaboration)

Type Variable Definition

Job (The
number of
workers)

Creative-service The sum of creative workers and service workers

Creative workers are in a management position (in
both public organizations and private firms) and a pro-
fessional job (e.g., researchers, engineers, health care
workers, lawyers, teachers, designers, and musicians)

Service workers are in desk work, sales, and other types
of service jobs

NOTE: Creative workers and service workers are
summed up as these two variables are highly correlated
(R2= 0.91 in 2000, R2= 0.93 in 2015)

Production & Transport The sum of workers in manufacturing, delivery, con-
struction, cleaning, security, infrastructure, and other
production and transport jobs

Primary The sum of workers in forestry, farming, and fishery
Household
(The
number of
households)

Single Junior Single households consist of a male or female who ages
between 0 and 64 years old

Couple Junior Nuclear households consist of a married couple who
age between 0 and 64 years old without children

Family with 0–17-year-old
children (Family with 0–17-
yo children for brevity)

Nuclear households consist of a married couple with
child/children who ages between 0 and 17 years old

Family with 18+-year-old
children (Family with +18-
yo children for brevity)

Nuclear households consist of a married couple with
child/children who ages 18 years old and over

Single Senior Single households consist of a male or female who ages
65 years old and over

Couple Senior Nuclear households consist of a married couple who
age 65 years old and over

Multi-generation Family
with 0–17-year-old children
(Multi-gen with 0–17-yo
children for brevity)

Multi-generation households (child, parents, and grand-
parents) with child/children who ages between 0 and
17 years old

Total multi-generation
family

Total multi-generation households (Multi-gen with
0–17-yo child/children+ Multi-gen with child/children
who ages 18 years old and over)

who are between 0 and 64 years old. Table 2 summarizes these 11 variables. These
variables are separated into the year 2000 dataset and the year 2015 dataset.

To control the size effect (i.e., the area size of each small area or high popu-
lation density), all variables were converted into the share of each variable to the
total population/households of each small area. For example, if there are 50 Single
Senior households in a small area whose total household number is 300, the share
of Single Senior is 50/300= 0.167. These share numbers were further rescaled by
Z-score normalization (x scaled = (x original – mean) / Standard deviation) into new values
with a mean of 0 and a standard deviation of 1 at each variable. It is empirically
known across ML communities that rescaling all input variables to the same scale
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can improve the performance and training stability of ML analyses5. Hereafter, the
rescaled values shall be called Standardized Share (of each variable).

4.4 Selecting the GMMmodel specification and the number of clusters

To implement a GMM clustering, this study uses themclust R package6. The package
was chosen as it is a popular GMM clustering package that is used in a wide
range of scientific disciplines such as chemometrics, industrial engineering, clinical
psychology, food science, political science, and anthropology (Scrucca et al. 2016).
The package is capable of automatically implementing and comparing 14 different
GMM model specifications (8 models with fully-flexible Shape-Volume-Orientation
combinations and 6 models with orientation-constrained combinations7) that enable
us to implement an efficient and comprehensive GMM analytical workflow.

First, the treated job-household census data (30,557 rows represented by each
small area× 11 columns represented by the job-household variables= 336,127 data
cells) were GMM-clustered by varying the number of clusters from 1 to 10 for
both the 2000 and 2015 datasets. This preliminary clustering was performed by the
14 different models that are specified by different combinations (i.e., variable/equal)
of the volume, shape, and orientation of the clusters (see Sect. 3.4 and p. 292 in
Scrucca et al. (2016) for details). Here, the BIC and ICL scores for each model
specification were also computed at each cluster number.

Specification-wise, the BIC and ICL scores suggested that the GMM-VEV,
namely volume: Variable, shape: Equal, and orientation: Variable, model specifi-
cation is the most well-performed to cluster the 11 predictive variables. Hence, this
study went with the GMM-VEV model for further steps.

Then, to select the minimum number of clusters for the GMM-VEV model,
the percent change in BIC and ICL scores in the GMM-VEV model was assessed
(Fig. 2). The graph shows how much VEV model performance is improved per
one-unit cluster increase. For both the 2000 and 2015 datasets, the improvement of
model performance (in % change) became asymptotic for both BIC and ICL scores
at around five clusters or more. So, we can safely select 5 as the minimum number
of clusters (Boon Kai et al. 2019).

4.5 Preparation for the analysis and interpretation of the GMM clusters

By fitting the GMM-VEV model with 5 clusters to the 11 predictive variables (in
2000 and 2015), all small areas were clustered into one of the five classes that are
discerned by numeric labels 1, 2, 3, 4, and 5. Here, 197 small areas become invalid
clustering results due to the lack of data and are excluded. Hence, 30,360 valid small
areas were used for the further steps.

An important note here is that, as we have seen in Sect. 3.2, these numeric labels
are just for discerning clusters and do not have any qualitative meaning. Hence,

5 See for example: https://developers.google.com/machine-learning/data-prep/transform/normalization.
6 https://cran.r-project.org/web/packages/mclust/vignettes/mclust.html.
7 See p. 292 in Scrucca et al. (2016) for the details of different GMM model specifications.
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Fig. 2 The minimum number of clusters was selected from the percent change in the BIC and ICL scores
per one-unit cluster increase in the GMM-VEV model. The improvement of model performance (in %
change) became asymptotic for both BIC and ICL at around five clusters or more. So, we can safely select
5 as the minimum number of clusters. NOTE: The original values are negative as the mclust R package
calculates the BIC and ICL scores opposite to the usual. (Source: own calculation)

Cluster 5 in the 2000 data and Cluster 5 in the 2015 data, although they have the
same ‘5’ label, do not necessarily mean that they are qualitatively the same.

To analyze how different clusters changed between 2000 and 2015 at the small-
area scale, small areas sharing the same Cluster-Transition Path were grouped into
a Cluster-Transition Category. For example, if a small area is detected as Cluster 1
in 2000 and Cluster 4 in 2015, the Cluster-Transition Path of this small area is 1 4.
All small areas having this path (1 4) are grouped into the same Cluster-Transition
Category. The same was performed for other cluster-transition paths.

After identifying Cluster-Transition Categories, to analyze the relationship be-
tween the demographic cluster transitions and population change, the small areas
were divided into those that experienced population growth (the Population-growth
small areas) and those that experienced population decline (the Population-decline
small areas) between 2000 and 2015. Fig. 3 displays the total number of small areas,
their % share, and share rank by each Cluster-Transition Category that are grouped
by the population change groups (i.e., population-growth vs. population-decline).

Theoretically, there are 25 different Cluster-Transition Categories (5 clusters in
2000× 5 clusters in 2015= 25 paths). As we have discussed in Sect. 3.2, unsuver-
pised-ML clusters need to be interpreted by the researchers one by one. Therefore,
interpreting all 25 Cluster-Transition Categories will generate a cumbersome pile
of descriptions. Instead, this study selected the top 6 categories in terms of their %
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share from the Population-growth small areas and the Population-decline small areas
respectively (yellowed in Fig. 3). So, there are 12 categories (6 from the growth
group +6 from the decline group).

However, 3 categories (i.e., 2> 2, 3> 3, and 5> 5) out of the 12 categories exist
in both the Population-growth group and the Population-decline group (indicated
as ‘<- BOTH ->’ in Fig. 3). So, we have 9 unique categories for further processes.
Namely, 2> 2, 3> 3, and 5> 5 for both growth (G) and decline (D) (labeled by ‘GD-
’ in the results section), 2> 3, 2> 5, 4> 3 only for growth (labeled by ‘G-’ in the
results section), 1> 1, 3> 2, 4> 4> only for decline (labeled by ‘D-’ in the results
section). See Fig. 3 for more details on labeling and coloring for each category.
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These 9 categories cover 76.5% of the entire small areas (23,226/30,360, see
Appendix-Fig. 14 for the map of selected areas). Population-wise, the covered areas
accommodate 92% of the total regional population (i.e., 40.2 million/43.8 million
as of 2015). Hence, we can consider that these 9 categories sufficiently represent
a large picture of the spatiotemporal demography of Tokyo during the period of
analysis.

Finally, to visually assist the analysis and interpretation of the 9 transition cat-
egories, the qualitative change in the household socio-demographic characteristics
(hereafter HSD characteristics) per selected Cluster-Transition Category, the Mean
Standardized Share of the 11 variables was plotted for the 9 categories. Also, to
see the spatial patterns of the selected Cluster-Transition Categories, 6 maps were
created that are divided into the Population-growth group and the Population-decline
group.

To overview the data preparation, GMM clustering, and post-clustering processes,
see the workflow in Fig. 4 below.

5 Results

5.1 Expanding urban, suburban, and regional cores/corridors

Figure 5 displays the population-growth small areas within the urban core and those
around the regional transit infrastructure. We can observe that GD-1 (Red) occupies
most of the urban core. The GD-1 areas also form corridor-like clusters around
major suburban stations (i.e., suburban centers) and suburban transit lines. In the
exurb-rural region, the GD-1 areas are also clustered, albeit rather small, around the
major stations of the regional urban centers (i.e., Takasaki, Maebashi, Utsunomiya,
Tsukuba, Mito).

As Fig. 11 shows, the household socio-demographic (HSD) characteristics of the
GD-1 areas have not changed radically during 2000 (the grey line) and 2015 (the
blue line). A distinctively high share of the Creative-service workers and the Single
Junior households most characterizes this category. However, there are increases in
the shares of Junior families (i.e., Couple Junior and Family with 0–17-yo children)
and decreases in those of the Senior households (i.e., Single Senior and Couple
Senior). This indicates that the growing urban, suburban, and regional cores/corridors
have experienced youthification (Moos 2016) and the transition to a more family-
oriented space—familification—between 2000 and 2015.

These cores/corridors are surrounded by the G-2 (Light blue) areas that show
a radical change in their HSD characteristics. These peripheries of the cores and
corridors used to be a family-oriented urban space (i.e., a high share of Couple Junior,
Family with 0–17-yo children, and Family with +18 children). However, whilst
these junior families considerably lost their share, the mean share of Single-Junior
households skyrocketed in 2015. This indicates that the core-corridor peripheries
have experienced a rapid singlification (Yamada 2014; Allison 2018) by the junior
households. It is also important to note that the share of the Single Senior households
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Fig. 5 (Also study Fig. 11) Population-growth urban and suburban cores and regional cores/corridors.
Urban cores and suburban cores/corridors (GD-1) are spaces for single creative-service workers. During
the 15 years (2000–2015), while these basic characteristics remain the same, these areas have become
younger and more family-oriented spaces as well. On the other hand, the peripheral areas (G-2) of these
areas have lost their family-space characteristics and altered into spaces for single working for creative-
service industries. This suggests that the original characteristics of the urban cores and suburban cores/
corridors have spatially expanded towards their peripheries. (Source: own elaboration)

increased, albeit moderately. This suggests that the singlification of the core-corridor
peripheries is more accentuated than that of the cores and corridors.

In addition, a sharp decrease of the Production-&-Transport workers vis-a-vis
the gain of the Creative-service workers indicates a radical shift of job composition
towards the creative-service job—the tertiarization of employment—across the core-
corridor peripheries. These changes indicate that the urban, suburban, and regional
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cores/corridors have spatially expanded towards their core-corridor peripheries from
a socio-demographic perspective.

5.2 Aging and empty-nesting suburbs

In Fig. 6, we can observe that these expanding urban, suburban, and regional cores/
corridors (gray-colored) are surrounded by the GD-2 (Orange) areas that are the
most major category across growing suburbs. In 2000, the GD-2 suburbs were
a family-oriented urban space. Yet, in 2015, these areas lost the mean share of the

Fig. 6 (Also study Fig. 11) Population-growth suburbs (GD-2). These areas used to be typical suburbs
where child-raising families gathered. After 15 years, these suburbs have become aged and empty-nested
(i.e., their child/children left the home for education/work). The population growth of these areas seems to
be supported by migration flows of the seniors from shrinking suburbs. (Source: own elaboration)
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junior single and junior family households. Notably, the loss of the mean share
becomes larger as the family stage becomes younger (i.e., Couple Junior> Family
with 0–17-yo children> Family with +18-yo children). It is also important to note
that the share of Single Senior and Single Couple households increased sharply.

Overall, this transition pattern suggests that the family groups that made the
family-oriented space in 2000 aged while there was no intake of new junior single
and couples to keep the family-space socio-demographic characteristics.

The sharp increase in the single and couple senior households also suggests that
these aging suburbs have been empty-nesting (Dvořáková and Horňáková 2021).
The progress of the empty-nesting implies that these suburbs have also experienced
‘relative’ aging populations as the exit of the young. Hence, the GD-2 suburbs have
experienced both absolute (i.e., increases of the senior) and relative (i.e., losses of
the young) aging populations.

5.3 Diversifying suburbanization

In Fig. 7, we can observe that GD-3 (Light green), G-1 (Pink), and G-3 (Blue)
extend across a large area of Tokyo. These categories tend to be patchily interwoven
into the suburban fabric of Tokyo Metropolis (the gray-colored area in the suburbia)
whilst they tend to surround the regional cores and regional suburbs (see Maebashi,
Takasaki, Utsunomiya, Tsukuba, Mito, Kofu, Isesaki, Ota). Let us call these partic-
ular areas patchy-peripheral suburbs for brevity. At the 2015 snapshot level, these
patchy-peripheral suburbs show the same socio-demographic pattern (see their blue
line). This means that they became similar areas in terms of their HSD character-
istics. Yet, from a temporal perspective, they have passed different HSD paths thus
they were in the middle of rather diversified suburbanization trajectories.

G-3 shows radical HSD changes. In 2000, the G-3 patchy-peripheral suburbs
were a typical exurb-rural space whose share of primary workers and traditional
multi-generation families was distinctively high. However, in 2015, the mean share
of the Creative-service workers increased drastically whilst the share of the Primary
workers fell plumb down. As for the household composition, the share of Single
Junior, Couple Junior, and Family with 0–17-yo children skyrocketed. On the other
hand, the mean share of the multi-generation families plunged and that of the se-
nior households also clearly decreased. Thus, these areas have experienced a mixed
process of singlification, youthification, familification, and employment tertiariza-
tion. These changes suggest that the G-3 patchy-peripheral suburbs have become
emerging suburbs for junior households working for creative-service industries.

In GD-3, we can see that there are clear decreases in the mean share of senior
households. On the other hand, Single Junior and Family with 0–17-yo children
slightly gained mean shares whilst the share of Junior Couple remained at the
almost same level as in 2000. We can also observe a slight increase in multi-gener-
ation families. These changes suggest that the GD-3 patchy-peripheral suburbs have
also experienced, albeit slightly, a mixed process of singlification, youthification,
and familification. As for the job composition, the Production-&-Transport workers
gained a share that is followed by a nuanced increase in the Primary workers. As the
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Fig. 7 (Also study Fig. 11) Population-growth patchy-peripheral suburbs. G-3 areas used to be a typi-
cal exurb-rural space showing high shares of primary workers and traditional multi-generation families.
However, after the 15 years, these areas have turned into emerging suburbs for junior households working
in creative-service industries. GD-3 areas have lost the seniors while having slightly gained the juniors
and child-raising families. The Production-&-Transport and Primary workers have slightly increased vis-
à-vis unchanged creative-service workers, suggesting relative de-tertiarization of employment in these ar-
eas. G-1 areas show an evolution from child-raising families to multi-gen families, suggesting a Japanese
traditional family formation still works: children got married and had their children while living together
with their parents (i.e., multi-gen families). Job-wise, Production-&-Transport as well as Primary workers
have become more prevalent in these areas. (Source: own elaboration)
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share of the Creative-service workers is almost unchanged, we can say that the GD-3
suburbs have experienced relative de-tertiarization of employment composition.

Finally, we can observe that the G-1 patchy-peripheral suburbs have lost their
junior family-oriented status. The mean share of Families with +18-yo children
dropped sharply which is followed by a moderate decrease of the junior couple and
families with 0–17-yo children. Instead, G-1 is the only population-growth category
whose mean share of the multi-generation families (i.e., Multi-gen with 0–17-yo
children and Total multi-generation family) has considerably increased since 2000.
One potential explanation for this transition is that the Families with 18-yo-over
children (more realistically, 20-yo or over) households have transformed into multi-
gen families as their children got married and had their children while living together
with their parents (who now became grandparents). As for the job composition,
G-1 lost the Creative-service workers while gaining the share of the Production-&-
Transport as well as Primary workers. These changes suggest that the G-1 patchy-
peripheral suburbs have experienced a shift to larger family households with both
absolute and relative de-tertiarization of employment.

5.4 Shrinking urban, suburban, and regional cores/corridors

Figure 8 shows the Population-decline small areas within the urban, suburban, and
regional cores/corridors (i.e., GD-1, Red. Note: The gray areas indicate the popu-
lation-growing, spatially-expanding urban, suburban, and regional cores/corridors).
As we have seen in 5.1., the majority of the urban core has experienced popula-
tion growth with youthification and familification. Yet, the figure implies that a few
parts of the urban core lost their population although they have also experienced
youthification and familification.

This result indicates that despite the overall tendency of (re-)urbanization of the
urban core (see Table 1), at the micro-spatial scale, re-urbanization consists of a com-
plex landscape of population-growing localities and population-declining localities.
This observation applies to suburban and regional cores/corridors. In addition, we
can observe that the proximity of these areas (including the population-declining
core) to the regional transit infrastructure is not considerably different from that of
the population-growing areas. This result suggests that the proximity to the regional
infrastructure and the macro tendency of re-urbanization does not necessarily ensure
population growth at a local level.

5.5 Aging and empty-nesting suburbs, the spatially-expanding singlifying,
youthifying, familifying, and de-tertiarizing suburbs and exurbs

Figure 9 shows the Population-decline suburban/exurban small areas (GD-2, Or-
ange, D-2, Purple, and GD-3, Light green) around Tokyo Metropolis and the re-
gional cores. Note that the gray areas indicate the population-growth aging and
empty-nesting suburbs (GD-2) and diversifying patchy-peripheral suburbs (GD-3,
G-1, G-3).

Similar to the population-growth patchy-peripheral suburbs (see 5.3), the GD-2
population-declining suburbs are patchily interwoven into the suburban fabric of
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Fig. 8 (Also study Fig. 11) Population-decline urban-suburban cores and regional cores/corridors. Some
GD-1 areas (spaces for single creative-service workers with youthification and familifiction) have declined
in their population even though they are spatially situated in the re-urbanizing sub/urban cores and regional
corridors (see the greyed areas labeled by ‘GD-1 & G-2 (Growth)’ in the map). This indicates that the re-
urbanization of Tokyo’s cores/corridors is not a spatially homogenous process. Rather, at the micro-spatial
scale, it consists of a heterogeneous landscape of population-growing localities and population-declining
localities. (Source: own elaboration)

Tokyo. Yet, they are more distinctive in the suburbia of Tokyo’s urban core. Al-
though, at the regional scale, the suburbanization of Tokyo has pushed the population
of Tokyo’s suburbia by roughly 1.6 million, its micro-scale landscape shows a com-
plex mixture of the population-decline and -growth suburbs that have experienced
absolute and relative aging populations.

In addition, similar to the observation in 5.4, the proximity to the regional tran-
sit infrastructure seems to not largely differentiate the spatial distribution of these
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Fig. 9 (Also study Fig. 11) Population-decline suburbs and exurbs. Both D-2 and GD-2 shrinking areas
have become aging and empty-nesting suburbs although their job-houshould transition path is different.
Same as the population-growth GD-3 areas, the population-decline GD-3 areas have experienced slight
singlification, youthification, familification, and employment de-tertiarization. This suggests that subur-
ban/exurban spaces for the juniors and families working in non-creative-service industries have spatially
expanded even to shrinking remote areas. (Source: own elaboration)

growing and declining aging suburbs. These observations suggest that, rather than
accessibility and demographic composition at a regional scale, nuanced local con-
tingencies (e.g., the dynamism of local property markets, the condition of socio-
technological infrastructures, the image of the locality, and local regulations and
institutions) can affect the population dynamics within the urban, suburban, and
regional cores/corridors and the suburbia of Tokyo.
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D-2 is a transition category unique to the population-decline small areas that are
sparsely distributed across the Tokyo Capital Region. Its 2015 HSD characteristics
are the same as GD-2 (i.e., the growing/declining aging suburbs). This means that
the D-2 areas became a typical suburban HSD composition. Yet, their HSD transition
patterns are different. In 2000, same as GD-3 (Light green), the D-2 suburbs were
a loose mixture of the family-oriented space for relatively younger households (i.e.,
a relatively high share of Couple Junior and Families with 0–17-yo children) and
the senior space (i.e., Single Senior and Couple Senior). In 2015, we can observe
that Couple Junior and Families with 0–17-yo children have lost their share while
the share of Family with +18-yo children and Couple Senior has clearly increased.
We can also point to the clear decrease in the share of multi-generation households.
As for the job composition, there is no large difference between 2000 and 2015.
Yet, we can observe that the Creative-service workers gained a slight share relative
to the other two job categories.

These changes suggest, albeit subtle, that these population-declining D-2 suburbs
have transformed into a family-oriented space for the creative-service households at
a later point of their life stage (e.g., families with adult children, households of the
empty-nested senior couples). In this sense, the D-2 suburbs are also considered to
be a type of aging and empty-nesting suburbs like the GD-2 suburbs.

Finally, we can observe that the population-declining GD-3 suburbs/exurbs are
scattered over the Tokyo Capital Region. A notable observation here is that these
shrinking GD-3 suburbs, compared to the GD-2 and D-2 counterparts, more fre-
quently appear in the remote exurban areas that are less accessible to the suburban
and regional cores or even regional transit infrastructure. This tendency of ‘spa-
tial diffusion’ is more distinctive for the population-decline GD-3 areas than its
population-growth counterparts (compare with Fig. 7).

As we have seen in 5.3., these patchy suburbs/exurbs have experienced the
nuanced mix of singlification, youthification, familification, and employment de-
tertiarization. Hence, we can say that the suburban spaces for the junior singles,
couples, and young families who work for the Production & Transport jobs (e.g.,
factory production, farming, transportation, construction, machine operation) have
geographically expanded towards the population-declining remote areas during 2000
and 2015.

5.6 Shrinking exurb-rural region

Figure 10 shows that, except for the urban and suburban areas, most of Tokyo’s
landscape consists of D-1 (Green) and D-3 (Dark green) small areas. Both cate-
gories are unique to the Population-decline small areas. On the actual landscape,
these areas roughly correspond to farmlands and mountains. These areas tend to
be not populated (D-1: total 2,000,000 people, average 414/small area; D-3: total
140,000 people, average 165/small area in 2015). Thus, the changes in the mean
share of each HSD character can be more volatile than those in other populated (i.e.,
urban and suburban) areas. Hence, the remainder of this section will explore the
overall HSD patterns of the D-1 and D-3 areas rather than their detailed changes.
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Fig. 10 (Also study Fig. 11) Population-decline exurb-rural region. The job-household pattern of D-1
areas has not changed radically through the 15 years: high shares of primary and production-transport
workers with a large share of multi-generation families. This shows that these shrinking exurbs are farm-
lands operated by conventional multi-gen farmers supported by other production and transport industries.
The job-household pattern of D-3 has also not changed drastically. Similar to the D-1 farmlands, the D-3
areas are also characterized by high shares of agriculture, forestry, production, and transport workers. Yet,
these areas show particularly high shares of single and couple seniors, suggesting that aging populations
are accentuated. (Source: own elaboration)

In the D-1 small areas, we can observe that their overall HSD pattern has not
changed radically through the 15 years (Fig. 11). The mean share of the primary
workers and the production-transport workers is the highest across all other tran-
sition categories whilst the share of the creative-service workers shows the lowest.
Additionally, multi-generation families also show the highest share whilst the shares
of Senior Single and Senior Couple keep relatively lower level. These observations
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Fig. 11 Change in household socio-demographic (HSD) characteristics per cluster-transition category.
Each color patch represents the color of the corresponding cluster-transition category in Fig. 5, 6, 7, 8, 9
and 10. (Source: own calculation)

suggest that these D-1 areas are farmlands operated by conventional multi-generation
farmers supported by other production and transport industries (which fits the actual
land use of these areas).
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The overall HSD pattern of D-3 has also not changed drastically. Similar to the
D-1 farmlands, the D-3 areas are also characterized by high shares of agriculture,
forestry, production, and transport workers. Yet, its household composition looks
different from that of D-1. Notably, the share of Single Senior is the highest across
all other categories and that of Couple Senior also shows a relatively high share.
On the other hand, the shares of families with children (both 0–17 yo and +18 yo)
and multi-generation families are smaller than those in the D-1 farmlands. These
observations suggest that aging populations (especially of the single households) are
accentuated in the D-3 farmlands in contrast to the D-1 farmlands.

6 Discussions

Figure 12 summarizes the spatiotemporal socio-demography of the Tokyo Capi-
tal Region. The urban, suburban, and regional cores/corridors of Tokyo have re-
urbanized between 2000 and 2015. Socio-demographically speaking, Tokyo’s re-
urbanization is driven by junior singles, junior couples, and relatively younger ju-
nior families (i.e., families with 0–17-yo children) who likely work for creative and
service industries. This overall socio-demographic trend of re-urbanization matches
the observations of European re-urbanization (Ogden and Schnoebelen 2005; Moos
2016; Brombach et al. 2017; Siedentop et al. 2018; Rérat 2019). Yet, we can point to
a difference—Tokyo’s re-urbanization is not limited to its most-central urban spaces.
Rather, suburban cores/corridors also experienced re-urbanization. Such multiple and
simultaneous re-urbanizations appear to be unique to Tokyo consisting of various
suburban cores and transit corridors that are functionally connected through a mature
transit network.

A plausible explanation of the re-urbanization of Tokyo is, similar to the
(re)urbanization in the European context (Kabisch et al. 2010; Kroll and Kabisch
2012; Rérat 2019) where young singles (including students) and junior professionals
selectively migrated to neighborhoods where urban amenities, educational access,
and job opportunities are agglomerated.

The increasing share of junior married couples and families with young chil-
dren—the familification of the inner city—is similar to the re-urbanization observed
in the European context where family households also play a driving role in the
inner re-development (Buzar et al. 2007; Siedentop et al. 2018). This observation
suggests that Tokyo’s re-urbanization is different from the childless urban renais-
sance, or new-build gentrification, in the US cities—the re-urbanization of the inner
city without growth of family households (Siedentop et al. 2018). In other words,
the re-urbanization of Tokyo is considered to be a spatiotemporal process in which
the inner-city urban spaces are fundamentally reconfigured into a place for families.

Such familification of the urban, suburban, and regional cores/corridors of Tokyo
is likely explained by an increasing number of dual-earner households. In Japan,
the number of dual-earner households exceeded that of male-breadwinner in around
2000, and this gap doubled in 2018 (Gender Equality Bureau Cabinet Office 2019,
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Fig. 12 The simplified map of the Spatiotemporal Demography of Tokyo (2000–2015). As the map
shows, similar to Euro-American cities, Tokyo has experienced the synchronization of (re)urbanization
and (post)suburbanization within a complex landscape of shrinkage. However, Tokyo’s (re)urbanization
and (post)suburbanization are not homogenous across different localities. Rather, complex migration flows
within Tokyo’s megacity region seem to create disparities across the localities in terms of demographic
growth and decline. (Source: own elaboration)

pp. 115–116)8. As Markusen argues, these highly-urbanized, highly-functional, and
highly-accessible areas can provide the means to maximize work and household
production for these dual-earner couples and families (1980, p. 35). Considering the
high share of creative-service workers and the high housing rent/price of the inner
city, the familification of Tokyo’s (sub)urban cores, in particular, is likely driven by

8 In 2018, the number of dual-earner households reached 12 million whilst that of male-breadwinner
households dropped to 6 million.
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the upper-middle segment of such dual-earner households who work for creative or
professional-service industries.

A market report by Recruit9 (2020) supports this analysis: 56% of the new apart-
ment owners in Tokyo10 in 2019 were dual-earner couples/families and their average
household annual income is about 10 million Japanese Yen, which is more than
doubles the national average annual income (4.4 million Yen).

In addition, from a supply-side point of view, a continuous supply of high-rise
condominiums in the inner city (Tokyo Kantei 2022) seems to reciprocally drive the
increasing demand for high-income dual-earner couples/families wanting the high
functionality of the inner city.

The selective migration of the households working for the creative-service in-
dustries, especially economically affluent dual-earner households, to the (sub)urban
cores could induce gentrification, and intensify the housing markets. In fact, sev-
eral authors report that the inner cities of the Tokyo Metropolis have been radically
gentrified (Hashimoto 2012; Ajisaka 2015; Fujitsuka 2017; Kohama 2017). The
intensification of the housing markets in the (sub)urban cores is also evident. Ac-
cording to Real Estate Economic Institute (2022)11, the average price of apartments
in Tokyo12 in 2021 reached 62 million Japanese Yen, which broke the highest record
marked in 1990 just before the Japanese bubble economy collapsed.

Although we emphasize the potential impact of upper-middle households on the
dynamics of re-urbanization, this does not mean either the entire cores/corridors have
been gentrified or Tokyo’s (re)urbanization is macro-scale gentrification. Rather, to-
gether with the ‘spotty’ geography of the population-declined inner-city neighbor-
hoods, we would better view that singlification, familixfication, and gentrification
constitute the heterogeneous landscape of (re)urbanization of the cores and corridors
(c.f., Haase et al. 2010; Carlucci et al. 2018).

In addition, we have found that the family-oriented spaces around the urban,
suburban, and regional cores/corridors have drastically transformed into urban spaces
for creative-service singles between 2000 and 2015 (i.e., G-2). This observation
aligns with what Ohashi and Phelps (2020) that the peripheral areas of the urban core
have been revitalized under the back-to-the-city movement (p. 14) between 1995 and
2015. This spatial expansion of the ‘re-urbanizing’ cores/corridors towards the old
suburbs suggests the progress of de-suburbanization of the core/corridor peripheries,
which is likely driven by the increasing demands for accessible, functional, and
relatively affordable areas for economically active singles who work for creative-
service industries in the inner city.

While observing the growth of Tokyo’s cores and corridors, we also have ob-
served that the mixed process of new suburbanization and post-suburbanization
has progressed during the 15 years. Some accessible farmlands around the cores/
corridors have transformed into newly emerging suburbs for junior singles, couples,

9 One of the biggest private real estate information providers in Japan. https://suumo.jp/.
10 In this report, Tokyo Metropolis, Kanagawa, Chiba, and Saitama.
11 A private firm specifically publishes several reports on Japanese housing markets: https://www.
fudousankeizai.co.jp/companyInfo.
12 In this report, Tokyo Metropolis, Kanagawa, Chiba, and Saitama.
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and families working in the creative-service industries (i.e., G-3). Similarly, other
accessible areas around the cores/corridors have slightly shifted towards the spaces
for non-creative-service couples and families (i.e., GD-3). Interestingly, these GD-3
areas have geographically extended towards the less-accessible, population-declin-
ing suburban/exurban areas. One plausible explanation of this spatial expansion of
the exurbs for non-creative-service couples and families is that the housing market
of these population-losing suburbs/exurbs is becoming affordable (as the decline in
housing market participants) for these households whilst these areas are accessible
to their workplaces like farms, factories, and distribution centers. As we shall dis-
cuss later, increasing preferences for local/rural living may also explain this spatial
expansion of the exurbs.

Apart from the emerging suburbs, the major suburban landscape around Tokyo’s
cores and corridors has been aging and empty-nesting (i.e. GD-2 and D-2). Such
an absolutely and relatively aging suburban landscape consists of a complex fabric
of population-growing and population-declining areas. As the HSD composition of
these growing and shrinking suburbs is consistent with each other, it is reasonably
concluded that the population dynamics of the (aging) suburbia are likely driven
by the intra-suburban migration (i.e., suburban residents have immigrated to other
suburban areas). This analysis is consistent with the analysis by Nakano (2019) that
about 70% of the relocations of suburban settlers between 1995 and 2015 were made
within Tokyo’s suburbia (pp. 26–27). Some European authors are interested in re-
urbanization by the senior who seeks the functional socio-technical infrastructures
of the inner city (Haase et al. 2010, p. 454; Wolff 2018, p. 26). Yet, our analysis
suggests that intra-suburban migrations of the seniors will be one of the important
regional socio-demographic dynamism of aging and declining Tokyo.

In contrast to the aging and empty-nesting old suburbs, we have observed that
some old suburbs (i.e., G-1) have gained the share of multi-generation households
together with the share of conventional jobs (such as factory workers, truck drivers,
and farmers). Considering the fact that the total share of multi-generation households
is continuously decreasing in Japan, this observation is particularly illuminated.

One potential explanation of this trend is that the multi-generation family is
strategically revalued by young people and families raising children as well as
national and municipal governments. In 2006, the government of Japan stated that
by utilizing existing housing stock, the government assists multi-generation living
in order to support families raising children (MLIT 2006, p. 5). Also, after the
financial crisis in 2008, there has been an increasing trend of ‘U-turn’ (going back
to hometown) movement across the 20–39-year-old urban dwellers who want to
prioritize ‘community-tie,’ ‘a better environment for children,’ and ‘to change the
job to those related closely to the local community (Furusato-kaiki-shine Center
2016; Hamaguchi 2016).

The progressing deconstruction of conventional multi-generation families and rel-
evant ethics and values (Lesthaeghe 2011, 2020) is often emphasized as the primary
theoretical explanation of socio-demographic changes in the city region, especially
those relevant to re-urbanization (Buzar et al. 2005; Ogden and Schnoebelen 2005,
p. 265; Kabisch and Haase 2011, p. 237). However, our observation suggests that,
at least in the case of Tokyo, analyzing the spatiotemporal socio-demography of the
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aging and declining megacities likely requires more diverse theoretical perspectives
that can account for households’ lifestyle strategies, family values, and political and
public discourses constructing the image of particular localities.

These complex landscapes of (re)urbanization and (post)suburbanization (as well
as exurbanization) are embedded within the largely shrinking hinterland of Tokyo.
The overall socio-demographic composition of these hinterlands (i.e., the dominance
by primary workers, conventional large families, and senior people) is opposite to
that of growing cores and corridors. This observation implies that Tokyo’s strong re-
urbanization trend can be underpinned by the selective out-migration of young and
talented people, within a structural shift to creative economies, from Tokyo’s (and
Japan’s) hinterlands to post-industrialized cores/corridors of Tokyo to seek better
educational or career opportunities.

Supporting this argument, the Science Council of Japan (2017) points out that
the strong (re)urbanization of Tokyo has been driven by the outmigration of the
15–24-year-old young people (not only in the hinterlands of Tokyo but also in entire
Japan) who seek better job opportunities that are largely agglomerated in Tokyo.
In addition, MLIT (2020) reports that 20–29-year-old young people account for
+50% of the migration flows to Tokyo. MLIT (2020) points out that after 2009
the migration flows of females constantly exceeded those of males, which could be
explained by an increasing number of female college enrollment rates (pp. 31–32).
Such relational demographic dynamics are in line with what an international body
of literature on urban shrinkage observes and theorizes (Kroll and Kabisch 2012;
Martinez-Fernandez et al. 2012a; Elzerman and Bontje 2015; Nelle 2016; Makkai
et al. 2017).

Overall, the geographically expanding (re)urbanization and socio-demographi-
cally diversifying suburbanization observed in the world-largest megacity Tokyo
agree with the European observations that these two urban processes are synchro-
nized within a complex city-regional fabric (Kabisch and Haase 2011; Salvati and
Carlucci 2016; Hierse et al. 2017; Rérat 2019).

Our analyses suggest that these synchronized (sub)urban processes are not rela-
tionally separated from each other. Rather, we can assume here cascade-like mi-
gration flows from the (re)urbanizing cores/corridors to the de-suburbanizing core/
corridor periphery and from there to the emerging suburbs/exurbs (the black arrows
in Fig. 12). This is similar to what Hierse et al. (2017) observed in Berlin. They
argue that this cascade-like migration flow could be driven by the relocation decision
of particular socio-demographic groups (e.g., relatively lower- and middle-income
families) to seek more affordable and spacious housing to leave the intensifying
inner-city housing market (Hierse et al. 2017, p. 197).

In other words, this synchronicity is likely coupled through the dynamism of
urban housing markets that is driven by political-economic tension between those
who drive re-urbanization and those who move outwards. The expanding and gen-
trifying cores and corridors, the employment segregation of the suburbanizing areas
(i.e., the creative-service and non-creative-service suburbs), and emerging suburbs/
exurbs for non-creative-service households in the population-declining areas hint at
the applicability of this hypothesis to Tokyo. Yet, due to the explorative nature of
this study, we leave detailed political-economic analyses of the dynamics between
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megacity-regional housing markets and spatiotemporal socio-demography to future
studies.

In addition to such cascade-like migrations driven potentially by the political
economy on housing markets, our observations also point to intra-region population
dynamics that engender the geographic variation of declining and growing localities
within the aging suburbs as well as (re)urbanizing cores and corridors (the black
dotted arrows in Fig. 12). This intra-regional fluidity of the demographic flows can
be seen as a unique feature of megacities where many medium towns and large cities
are socio-functionally interconnected.

Our observations suggest that such variation does not emerge from macro (re-
gional) characteristics (such as proximity to the regional transit infrastructures and
regional socio-demographic composition). Rather, it can be determined by a mix of
micro (local) contingencies. Thus, future studies need to explore not only quanti-
tative aspects of local contingencies (e.g. the condition of local property markets
and socio-technological infrastructures), but also qualitative aspects of local contin-
gencies such as municipal regulations and institutions, “lifestyles and values which
promote urbanity, (new) images and representation of cities, or political and media
discourse” (Rérat 2019, p. 372).

At a regional scale, one promising approach to such an analytical need is to
quantify qualitative information—by applying emerging Natural Language Process-
ing technologies (e.g., word2vec, see Mikolov et al. 2013)—from different sets
of online materials such as blogs, online review services, Facebook, and Twitter
(Rahimi et al. 2018; Vargas-Calderón and Camargo 2019; Qi and Shabrina 2023)
and adding it, as non-spatial features, to unsupervised-ML clustering analyses.

Finally, we have pointed to a wider flow of population from Tokyo’s population-
declining hinterlands as well as other shrinking areas in Japan to the growing cores
and corridors of Tokyo (the black dashed arrows in Fig. 12). Although the presented
analysis cannot directly capture this flow, the largely shrinking Tokyo’s hinterlands
whose HSD characteristics are a ‘mirror’ of those in Tokyo’s cores and corridors
suggest the relational demographic dynamics between the regions. As the popu-
lation of the hinterlands is projected to continuously decline and age (PRIMAFF
2019), we will need to follow-up studies to explore how the weakening or loss
of ‘population reservoir’ will affect the observed megacity-regional spatiotemporal
demography, that is, (re)urbanization, (post)suburbanization, exurbanization, intra-
region migrations, and potential cascade-like migration flows.

7 Conclusions

Asian megacities of the 21st century will witness their growth and decline. For the
formation of effective spatial governance of mature Asian megacities, it is needed
to update the existing knowledge on the evolution of cities. The presented study
has contributed directly to this knowledge update by empirically exploring the spa-
tiotemporal sociodemography of the Tokyo Capital Region at a high spatial reso-
lution using unsupervised-ML clustering method that is not yet well acknowledged
and applied in the field of urban studies. This study demonstrated in detail how
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the GMM clustering method can enable us to effectively explore a large volume of
micro-scale job-household data without imposing any pre-defined spatial aggrega-
tions for statistical analysis. Thus, this study has also methodologically contributed
to a wider audience who are interested in the emerging application of unsupervised-
ML methods to explore the spatiotemporal complexity of cities.

To guide the study, we posed two research questions: (1) How did the spatiotem-
poral sociodemography of the megacity Tokyo change between 2000 and 2015? (2)
What are the similarities and differences between the spatiotemporal sociodemogra-
phy of the megacity Tokyo and that observed in the Euro-American medium-large
cities?

For the first question, the GMM clustering analysis revealed that the Tokyo
megacity region has experienced the synchronization of (re)urbanization and
(post)suburbanization during the 15-year period. More specifically, the popula-
tion of the urban cores of Tokyo grew, which appears to be driven by junior singles,
junior couples, and relatively younger junior families who likely work for creative
and service industries. Especially, the increasing share of junior married couples
and families with young children in Tokyo’s inner city suggests that the inner-city
spaces have gradually transformed into a place for families.

In contrast to the re-urbanizing cores, some accessible farmlands around the cores/
corridors transformed into new suburbs for diverse socio-demographic groups such
as junior singles, couples, and families working in the creative-service industries as
well as non-creative-service couples and families. The growth of the non-creative-
service group in particular geographically extended towards even less-accessible,
population-declining suburban/exurban areas. Apart from these new suburbs, the
major old suburbs of Tokyo have been aging and empty-nesting, yet some of them
gained the share of multi-generation households together with the share of conven-
tional jobs.

For the second question, these observations agreed with what the existing stud-
ies observed in Euro-American medium-large cities. Yet, Tokyo’s re-urbanization
happened not only in its urban cores but also in its suburban cores/corridors. Such
multiple and simultaneous re-urbanizations appear to be unique to Tokyo whose
urban structure consists of various suburban cores and corridors that are function-
ally connected by a mature transit network. The spatial pressure of the multiple
re-urbanizations seems to de-suburbanize their adjacent suburban spaces, namely,
altering family-oriented suburbs to inner-city-like spaces for creative-service sin-
gles. Together with the socio-demographic diversity in the new/old suburbs, such
transformation of Tokyo’s suburban cores, corridors, and even adjacent suburban
spaces into inner-city-like spaces illustrates the progress of post-suburbanization is
not unique to Euro-American cities.

By relating the empirical findings to the existing theories of re-urbanization and
(post-)suburbanization, the study tried to explain the synchronized sub/urban growth
of Tokyo. Namely, we argued that this synchronized regional process is underpinned
by core-to-exurb cascade-like migration flows, which are driven by the dynamism
of political-economic tension within urban housing markets between those who
drive re-urbanization (i.e., high-income households, especially dual-earner family
households) and those who move outwards (e.g., the singles, the workers on the
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non-creative-service job). Yet, this explanation remains theoretical level due to the
explorative nature of this study. Hence, the study recommends future studies to
perform in-depth political-economic analyses of the dynamics between megacity-
regional housing markets and spatiotemporal socio-demography.

When it comes to the small-area scale, the GMM clustering of the job-house-
hold data has illustrated that this synchronized sub/urban growth in Tokyo was not
spatially homogenous. Rather, intra-core and intra-suburb migrations seem to create
nuanced disparities across the localities in terms of population growth and decline.
Why some localities prosper while others decline, or why core/suburban residents
move to other cores/suburbs, seems to be determined by a mix of micro (local)
contingencies. However, this explorative study is unable to give clear answers to
these questions. Thus, to explain why such disparities in population growth/decline
happen, this study recommends future studies to explore both quantitative (e.g.,
the condition of local property markets and socio-technological infrastructures) and
qualitative (e.g., regulations, institutions, lifestyle preference, family values, dis-
courses and image of particular localities) aspects of local contingencies. In ad-
dition, this observation suggests that urban scholars and policymakers not only of
Tokyo, but also of Asian megacities where national (and likely megacity-regional)
population decline is projected will need to consider how to form a functional in-
ter-local collaborative governance, or metropolitics (Ohashi and Phelps 2020), to
balance prospering and declining localities.

Finally, this synchronized sub/urban growth seems to be underpinned by constant
migration flows, especially of young people, from ‘population reservoir’ hinterlands
where shrinkage is prevalent. Hence, we do not have any idea whether synchronized
(re)urbanization and (post)suburbanization could be sustained once the hinterlands
of Tokyo (and Japan) became unable to supply the young population. In this sense,
even Tokyo, the frontrunner of Asian megacities, still needs some time to face its
real old age. Yet, we can imagine that such timing will be the true beginning of the
post-growth, or the decline and fall, of megacities.
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8 Appendix

Megacity Name
(Yellow: Asian 

megacity)
by 2035 pop size

Megacity Population 
in 2035 (Millions) by 
World Urbanization 
Prospects The 2018 

Revision

Megacity-hosting 
Country Name

Peak National 
Population

Peak 
Year

Pop in 
2100

% Change
(Peak year vs. 

Pop 2100)

Pop decline 
by +10%?
(Yes = 1)

Peak National 
Population

Peak 
Year Pop in 2100

% Change
(Peak year vs. 

Pop 2100)

Pop decline 
by +10%?
(Yes = 1)

Delhi 43.35 India 1605.60 2048 1093.15 -31.9 1 1709.40 2060 1565.90 -8.4 0
Tokyo Capital Region 36.01 Japan 128.36 2017 59.72 -53.5 1 127.98 2015 77.62 -39.3 1
Shanghai 34.34 China 1431.91 2024 731.89 -48.9 1 1424.90 2030 827.80 -41.9 1
Dhaka 31.23 Bangladesh 173.49 2039 81.30 -53.1 1 203.58 2050 167.87 -17.5 1
Al-Qahirah (Cairo) 28.50 Egypt 199.06 2100 199.06 0.0 0 159.27 2075 157.65 -1.0 0
Mumbai (Bombay) 27.34 India 1605.60 2048 1093.15 -31.9 1 1709.40 2060 1565.90 -8.4 0

Kinshasa 26.68 Democratic Republic 
of the Congo 246.35 2100 246.35 0.0 0 216.41 2100 216.41 0.0 0

Ciudad de México 
(Mexico City) 25.41 Mexico 170.71 2062 145.97 -14.5 1 163.50 2060 144.24 -11.8 1

Beijing 25.37 China 1431.91 2024 731.89 -48.9 1 1424.90 2030 827.80 -41.9 1
São Paulo 24.49 Brazil 235.49 2043 164.75 -30.0 1 236.33 2050 201.09 -14.9 1
Lagos 24.42 Nigeria 790.73 2100 790.73 0.0 0 593.49 2100 593.49 0.0 0
Karachi 23.13 Pakistan 314.08 2062 248.39 -20.9 1 349.10 2100 349.10 0.0 0

New York-Newark 20.82 United States of 
America 363.75 2062 335.81 -7.7 0 487.67 2100 487.67 0.0 0

Chongqing 20.53 China 1431.91 2024 731.89 -48.9 1 1424.90 2030 827.80 -41.9 1
Kolkata (Calcutta) 19.56 India 1605.60 2048 1093.15 -31.9 1 1709.40 2060 1565.90 -8.4 0
Lahore 19.12 Pakistan 314.08 2062 248.39 -20.9 1 349.10 2100 349.10 0.0 0
Manila 18.65 Philippines 173.28 2085 169.46 -2.2 0 156.41 2075 151.94 -2.9 0
Kinki M.M.A. (Osaka) 18.35 Japan 128.36 2017 59.72 -53.5 1 127.98 2015 77.62 -39.3 1
Bangalore 18.07 India 1605.60 2048 1093.15 -31.9 1 1709.40 2060 1565.90 -8.4 0
Istanbul 17.99 Turkey 112.51 2068 101.64 -9.7 0 96.95 2060 87.63 -9.6 0
Buenos Aires 17.13 Argentina 54.59 2062 48.27 -11.6 1 57.63 2075 56.33 -2.3 0

Guangzhou, Guangdong 16.74 China 1431.91 2024 731.89 -48.9 1 1424.90 2030 827.80 -41.9 1

Tianjin 16.45 China 1431.91 2024 731.89 -48.9 1 1424.90 2030 827.80 -41.9 1
Chennai (Madras) 15.38 India 1605.60 2048 1093.15 -31.9 1 1709.40 2060 1565.90 -8.4 0
Shenzhen 15.19 China 1431.91 2024 731.89 -48.9 1 1424.90 2030 827.80 -41.9 1
Rio de Janeiro 14.81 Brazil 235.49 2043 164.75 -30.0 1 236.33 2050 201.09 -14.9 1
Luanda 14.50 Angola 84.68 2095 84.34 -0.4 0 76.88 2100 76.88 0.0 0
Hyderabad 14.15 India 1605.60 2048 1093.15 -31.9 1 1709.40 2060 1565.90 -8.4 0
Los Angeles-Long 
Beach-Santa Ana 13.78 United States of 

America 363.75 2062 335.81 -7.7 0 487.67 2100 487.67 0.0 0

Jakarta 13.69 Indonesia 300.51 2047 228.69 -23.9 1 308.37 2050 264.22 -14.3 1

Dar es Salaam 13.38 United Republic of 
Tanzania 185.96 2100 185.96 0.0 0 171.10 2100 171.10 0.0 0

Lima 12.97 Peru 53.92 2079 51.81 -3.9 0 40.10 2060 35.14 -12.4 1
Moskva (Moscow) 12.82 Russian Federation 146.19 2017 106.45 -27.2 1 143.91 2015 133.74 -7.1 0
Bogotá 12.75 Colombia 61.49 2052 46.55 -24.3 1 57.23 2060 50.29 -12.1 1
Krung Thep (Bangkok) 12.68 Thailand 71.97 2028 34.66 -51.8 1 70.59 2030 51.68 -26.8 1
Thành Pho Ho Chí Minh 
(Ho Chi Minh City) 12.24 Viet Nam 107.25 2044 72.85 -32.1 1 106.33 2050 80.52 -24.3 1

Paris 12.06 France 70.64 2046 67.15 -4.9 0 87.15 2100 87.15 0.0 0
Nanjing, Jiangsu 11.51 China 1431.91 2024 731.89 -48.9 1 1424.90 2030 827.80 -41.9 1
Ahmadabad 11.29 India 1605.60 2048 1093.15 -31.9 1 1709.40 2060 1565.90 -8.4 0
Chengdu 11.21 China 1431.91 2024 731.89 -48.9 1 1424.90 2030 827.80 -41.9 1
Surat 10.81 India 1605.60 2048 1093.15 -31.9 1 1709.40 2060 1565.90 -8.4 0
Baghdad 10.75 Iraq 108.19 2097 108.12 -0.1 0 93.64 2100 93.64 0.0 0

Tehran 10.66 Iran (Islamic Republic 
of) 95.32 2049 70.00 -26.6 1 100.75 2060 87.63 -13.0 1

London 10.56 United Kingdom 74.87 2063 71.45 -4.6 0 86.08 2100 86.08 0.0 0
Kuala Lumpur 10.47 Malaysia 44.19 2070 41.33 -6.5 0 48.17 2100 48.17 0.0 0
Xi'an, Shaanxi 10.43 China 1431.91 2024 731.89 -48.9 1 1424.90 2030 827.80 -41.9 1
Seoul 10.29 Republic of Korea 54.29 2031 26.78 -50.7 1 51.78 2030 32.52 -37.2 1
Wuhan 10.04 China 1431.91 2024 731.89 -48.9 1 1424.90 2030 827.80 -41.9 1

(*) Bangladesh, China, India, Indonesia, Japan, Malaysia, Pakistan, Philippines, the Republic of Korea, Thailand, and Vietnam

IHME (Vollset et al. 2020) reference scenario IIASA (Lutz et al. 2018) Medium scenario

Region No. of % Share of 
Total 48 No. of % Share of 

Total 23 No. of % Share of 
Total 34

Asia 29 60% 17 74% 27 79%
non-Asia (non-Euro-America) 16 33% 6 26% 7 21%
non-Asia (Euro-America) 3 6% 0 0% 0 0%
Total 48 100% 23 100% 34 100%

Regional summary

Megacity total
No. megacities in at least 10 

% national pop decline 
(IIASA)

No. megacities in at least 10 
% national pop decline 

(IHME)

Fig. 13 There will be 29 Asian megacities (yellow) out of 48 megacities in the world by 2035. Out of
these 29 Asian megacities, 17–27 of them will be situated in Asian countries whose national population
is projected to lose by at least 10% up to more than 50%. Across megacities in the (future) population-
shrinking countries, 74–79% of them are Asian megacities. Hence, a quick decline in the national pop-
ulation will be the most salient, albeit not unique, socio-demographic context of Asian megacities in the
coming decades. (Source: own elaboration based on (UN 2018b; Lutz and Goujon et al. 2018; Vollset et al.
2020))
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Fig. 14 Map displaying the small and surrogate areas showing the TOP 6 cluster-transition categories
(yellow, N= 23,226). The areas outside of the TOP 6 and invalid clustering results (grey) and not-habitable
areas (red) were excluded. The selected areas cover about 76.5% of all valid-clustering areas (record base).
(Source: own elaboration)
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