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Abstract

Megacity regions mark a transformative phase of urbanisation, in which interconnected
cities undergo land-use and land-cover change (LUCC) that extends beyond administra-
tive boundaries. However, the drivers of cross-boundary LUCC remain insufficiently
examined, particularly before the top-down regional integration. The Guangdong-Hong
Kong-Macao Greater Bay Area (GBA) provides a clear empirical case, having experienced
cross-boundary LUCC prior to its formal designation as a megacity region in 2018. This
study builds a Landsat-derived LUCC and driver dataset for the GBA. Global and local
spatial autocorrelation (Moran’s I and LISA) are used to characterise spatial structure and
clustering, and geographically weighted regression identifies the socio-economic and envi-
ronmental determinants of built-up expansion over 1980-2018, spanning the pre-reform
decade and the post-1990 land-transfer era. Findings reveal that: (1) LUCC in the GBA
already exhibited a cross-border, spatially networked expansion pattern before formal
regional integration policies at the national level, with built-up area growth extending
beyond core cities into decentralised urban nodes. Two prominent cross-border cores and
one cross-administrative core emerged, suggesting that regional integration was co-led
by market forces and local governments before an institutional framework was estab-
lished. (2) Although the GBA showed a clear trend towards integrated development, urban
expansion was highly uneven. Such spatial disparities were mainly driven by varying
socioeconomic and natural factors, including gross domestic product, population growth,
real estate investment, water resource proximity, and infrastructure development. These
findings enhance understanding of megacity-region dynamics and offer insights from the
GBA for cross-border urbanisation and sustainable spatial governance.

Keywords: megacity region; land use; land cover; land use and cover change; remote
sensing; spatial structure formation; Guangdong-Hong Kong-Macao Greater Bay Area;
informal regionalism

1. Introduction

In recent years, as urbanisation accelerates, a new form of global urbanisation called
“megacity regions” has emerged, characterised by interconnected cities experiencing land
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use and cover change (LUCC) beyond traditional administrative boundaries [1,2]. De-
spite many countries acknowledging the competitive advantages of megacity regions in
the global urban system, these regions often face spatial governance challenges due to
institutional fragmentation [3]. Given that land serves as a fundamental carrier of human
activities and urban development, through formal integration policies coordinating re-
gional LUCC is regarded as an effective approach to governing the spatial structure of
megacity regions [4]. Building on this, existing studies have emphasised the pivotal role of
formal integration policies in shaping megacity region spatial structures by coordinating
regional LUCC [5,6]. Specifically, the formal integration policies would involve establishing
clear guidelines and procedures when integrating data and models related to LUCC into
decision-making processes, aiming to promote spatial structures of the megacity region
that are coordinated and integrated [1,2]. However, despite the growing recognition of
megacity regions as spaces of cross-boundary urbanisation, promoting land development
in border-adjacent areas is recognised as a core objective of metropolitan spatial integration,
and the driving forces of LUCC across administrative boundaries remain underexplored,
particularly before the implementation of top-down formal regional integration policies.
Measuring the evolutionary phase preceding formal integration is essential for accurately
understanding the bottom-up mechanisms and actual growth trajectories of megacity re-
gions, which help support more efficient resource allocation and enhance the effectiveness
of policy interventions [3].

The expansion of a built-up area (BUA) represents the most typical LUCC form in
megacity regions [1,2]. LUCC research aims to explore changes in the Earth’s surface
caused by natural processes and human activities. It is an important agenda item in the
2030 United Nations Sustainable Development Goals [7,8]. Since the rise of megacities
in the 1960s-1970s, LUCC studies have increasingly focused on urban areas, where the
rapid expansion of built-up land presents significant sustainability challenges [9]. LUCC
research provides a quantitative approach and comprehensive global datasets for tracing the
development of urban spatial evolution [10,11]. This approach is particularly advantageous
for analysing the spatial evolution and integration processes within megacity regions,
especially in contexts where formal regional integration frameworks are absent [4].

In China, formal regional integration policies are implemented in a top-down ap-
proach under the supervision of the central government [3]. The GBA, designated as a
megacity region in China, comprising eleven cities [nine mainland cities and two special
administrative regions (Hong Kong and Macau)], since 2018 has undergone rapid integra-
tion and development. State-led formal integration policies have achieved notable success
in promoting cross-border urbanisation and spatial integration in the Guangdong-Hong
Kong-Macao Greater Bay Area (GBA) by coordinating LUCC, thereby optimising regional
spatial structures and enhancing the coordination of urban functional divisions [6]. Today,
the GBA is recognised as the fourth-largest megacity region globally, following New York,
San Francisco, and Tokyo Bay Areas.

The success of spatial coordination of the Greater Bay Area (GBA) was not achieved
instantaneously. Prior to the centralised coordination and integration stage, the GBA under-
went a fragmentation phase of evolution driven predominantly by local governments and
market forces. During this period, municipal governments enjoyed substantial autonomy
in economic governance [12]. The fiscal decentralisation reforms of the 1990s incentivised
local authorities to adopt entrepreneurial strategies, accelerating land development and
attracting investment through competitive infrastructure expansion. Particularly note-
worthy was the land-mark land reform of 1990, which for the first time authorised local
governments in mainland China to transfer state-owned urban land through market mech-
anisms. This significantly boosted demand for urban built-up land, driving rapid built-up
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area expansion throughout the GBA [12]. However, this model also intensified spatial
and regulatory fragmentation, as municipal governments prioritised local interests over
regional coordination [10,12,13]. Furthermore, under the “one country, two systems” frame-
work, the GBA faced additional complexities due to cross-border governance challenges.
Given the dynamic adjustments to governance frameworks experienced during its spatial
formation, the GBA provides a critical empirical case study for researching how LUCC
affects the spatial structure of megacity regions in the absence of state-led integration policy.

Thus, this paper aims to provide a comprehensive understanding of the drivers of
LUCC across boundaries within megacity regions, prior to the implementation of formal
integration policies, by addressing two pivotal questions: (1) What are the spatial and
temporal characteristics of LUCC in the GBA during the pre-integration period from 1990 to
2018? (2) What are the driving factors behind LUCC in the GBA during this period, and
how did they influence these changes?

To answer these questions, this study concentrates on the expansion of a BUA, a
primary and most conspicuous form of LUCC in the GBA. This study initially applies Mo-
ran’s Index, based on multiple big data sources, to explore the spatial-temporal distribution
characteristics of LUCC in the GBA before the implementation of formal integration policies.
Subsequently, the Geographically Weighted Regression (GWR) model is used to identify key
factors driving BUA expansion and their influence in terms of extent and direction, which
varies across different areas in the GBA. This study provides a rare empirical perspective
on the formation of megacity regions’ spatial structures, which are shaped by LUCC in
the absence of state-led formal integration frameworks. It offers valuable insights not
only for understanding megacity regions globally but also imparts critical experience
from China’s Greater Bay Area for managing cross-border and cross-administrative urban
expansion worldwide.

2. Literature Review
2.1. Megacity Regions: Formal and Informal Pathways of Formation

Megacity regions have developed through two distinct pathways: formally planned
integration (top-down) and informal bottom-up processes. Both pathways exhibit dis-tinct
advantages and limitations in the structuring of spatial forms and governance mechanisms.
Bottom-up processes foster greater adaptability and encourage local initiatives, but they
can also lead to fragmentation in governance and result in uncoordinated spatial develop-
ment. Conversely, top-down models demonstrate strengths in coordinated planning and
infrastructure provision, but they may also show limited flexibility and responsiveness to
local conditions. Table 1 summarises and compares the different formation pathways of
megacity regions across various geographical and institutional contexts [1,2,14-18].

Table 1. Pathways of megacity regions’ formation.

Region Type of Formation Integration Policy LUCC Led by Key References
Northeast Corridor (US) Bpttom—up No mtegrated Private sector and commuters [14,15]
(informal) planning
. Bottom-up . . L
San Francisco Bay Area (US) (informal) Weak/formal designation Market forces, suburbanisation [16]
Top-down National .
Tokyo Bay Area (Japan) (formal) urban plans State-led land regulation [17]
GBA before 2019 (China) Hybrid (Informal to Formal) ~ Lacked unified plan pre-2019 Local governments and [1,2,18]

industrial developers

In many western contexts, megacity regions are the result of spontaneous suburban-
isation, economic complementarities, and commuting flows, which develop functional
linkages without unified policy frameworks [15]. This phenomenon was first observed
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by Gottmann [14] in the Northeastern United States, where he introduced the concept of
“megalopolis” to describe the emerging urban continuity. Building upon this, Harrison and
Hoyler [16] subsequently identified the San Francisco Bay Area as a typical example of a
bottom-up case and introduced the concept of the megaregion, which is primarily shaped
by local land development and suburban expansion. The spatial integration of these areas
is consistently reflected in a significant expansion of the BUA. Therefore, LUCC serves as
an important spatial indicator for observing emerging changes in regional spatial structure.
Despite the increasing functional and land integration ties, these bottom-up megaregions
frequently operate under fragmented governance structures and lack spatial coordination at
the institutional level [16]. In contrast, East Asian megacity regions, such as those in Japan,
have mainly adhered to top-down, state-led models of spatial integration. Such strategic
interventions are often realised through targeted land development practices—the Tokyo
Bay Area, for example, was shaped through national spatial strategies that included indus-
trial relocation, infrastructure expansion, and land-use controls [17]. These interventions
resulted in highly coordinated regional land-use structures under strong central oversight.

Building on this debate, we follow Harrison and Gu [3] in using the notion of informal
regionalism to capture bottom-up and decentralised forms of megaregional integration.
Informal regionalism refers to processes through which regional integration is advanced
primarily by dispersed state actors (such as municipal governments), market forces, and
cross-border infrastructure, before a formal, unified institutional framework is established.
In the GBA, informal regionalism has been expressed through the early formation of
cross-border production and service chains between Hong Kong/Macao and mainland
cities (for example, export-processing industries, tourism, and finance), as well as through
entrepreneurial local governments in the Pearl River Delta using land development and
infrastructure projects under the “one country, two systems” framework to promote cross-
boundary functional integration. In this paper, we operationalise informal regionalism
empirically by reading LUCC patterns—particularly the emergence of cross-boundary
BUA clusters revealed by global and local Moran’s I—as the material imprint of these
processes, and by using the spatial heterogeneity of GWR coefficients to locate where
and how different districts, through distinct combinations of socio-economic and natural
drivers, have contributed to bottom-up megaregional integration.

China presents a more multi-layered picture of state intervention, where the bound-
aries between formal and informal regionalisation become ambiguous. On one level,
successful stories of megacity regions, such as the Yangtze River Delta and the Jing-Jin-Ji
region, have been explicitly promoted through central government policies, with clear ad-
ministrative, fiscal, and infrastructural frameworks [1,2]. However, many of China’s spatial
transformations have stemmed from local government initiatives, where local authorities
act as spatial entrepreneurs, employing land development, cross-boundary infrastructure,
and policy instruments to promote functional regionalisation in the absence of central
coordination [19]. Hence, it becomes challenging to determine whether such megaregional
development mainly stems from a top-down strategic vision or from bottom-up local
responses that were subsequently recognised and institutionalised by the central state [3].
This complexity contrasts with the prevailing perspective in Western academic literature,
which frequently characterises China’s spatial planning-led LUCC as a highly centralised
and hierarchical process driven predominantly by state-led initiatives [17].

The GBA exemplifies a typical case of hybrid megaregional development, initially
propelled by entrepreneurial local governments and market mechanisms, and only later
brought under a formal state-led integration framework after 2018. Before China’s land
reform in the early 1990s, urban land in mainland cities was exclusively state-owned,
providing limited autonomy for local spatial initiatives [20]. With the implementation of
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China’s reform and opening-up policy, local governments also gained greater autonomy;,
and the land market became more liberalised, facilitating processes mainly driven by
local governments and market forces. Following the return of Hong Kong and Macao
and the implementation of the “one country, two systems” framework, cities in the Pearl
River Delta actively pursued industrial relocation, port development, and cross-boundary
infrastructure projects. These locally coordinated efforts significantly reshaped regional
land-use patterns, despite the absence of formal national integration policies during this
period [21]. The formal introduction of the Outline Development Plan for the GBA in 2019
established a unified integration framework, marking a new stage of centrally coordinated
spatial integration and regional land-use planning. Therefore, examining how the GBA has
developed its fundamental spatial structure through bottom-up pathways in the absence of
a state-led integration framework contributes to a deeper understanding of the evolutionary
mechanisms of megacity regions and offers important insights for future spatial governance
and planning at the national level.

2.2. Previous Studies
2.2.1. Land Use and Cover Change

LUCC studies how natural processes and human activities alter the Earth’s surface,
which has important implications for environmental management, urban planning, policy-
making, and sustainability [9,22]. Consequently, two fundamental research questions per-
taining to land-use change have been identified through the support of the joint IGBP-IHDP
within the LUCC project. These questions are the characteristics and drivers of LUCC.
Geist and McConnell [23] put forward that conversion and modification are the two forms
of LUCC. Conversion is a change from one land-use or cover category to another, such
as cropland to a built-up area. Additionally, modification refers to changes within the
same land-use or cover category (e.g., cover change in forest land). Human activities lead
to LUCC, thereby increasing the diversity of land use and cover types. Consequently, a
single land-cover category may fulfil multiple functions. For example, agricultural land
can consist of both cultivation areas and residential zones. Conversely, a singular land-use
system may encompass diverse land types, such as an urban setting integrating agricultural
zones, BUA, and forested regions within a city.

BUA expansion refers to the process by which natural or rural land is converted into
impervious surfaces, such as roads, buildings, and infrastructure, primarily driven by ur-
banisation and population growth. It is widely recognised as one of the most dominant and
observable forms of LUCC, particularly in megacity regions, where rapid urban develop-
ment is prevalent [24,25]. Therefore, analysing the spatial and temporal dynamics of BUA
expansion provides critical insights into urban growth spatial patterns, land development
intensity, and environmental pressures [22]. LUCC studies urban and regional units, as
well as BUA, at different spatial levels. At the global level, Zhou and Zhong [26] delineated
the spatial extent and conceptual dimensions of a BUA across a range of internationally
representative megacities. They reviewed the spatial and temporal characteristics of the
scale and structure of a BUA in international metropolises. At the country level, Ran [27]
studied the characteristics of BUA expansion among large and medium-sized cities in
China during the 1990s. They found that the most rapid expansion of a BUA in China
occurred in the eastern region, while the slowest expansion was in the central region, with
a significant decline in urban land per capita in the latter. At the regional level, Fang and
Yu [11] examined three significant BUA zones in China and identified the characteristics of
a BUA in large cities in China. While these studies provide valuable insights, the majority
focus on aggregate urban units or city-level trends. However, little attention has been
paid to how the expansion of a BUA reflects deeper regional integration logics in megac-
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ity regions, especially those experiencing institutional change or lacking formal spatial
coordination mechanisms.

2.2.2. Drivers of Built-Up Area Expansion

Numerous studies estimate the driving factors of LUCC. In terms of the driving
factors of LUCC, Geist and McConnell [23] examined LUCC outcomes stemming from the
interaction between environmental and social dimensions across various temporal and
spatial contexts. The study finds that LUCC can be affected by nature and socio-economic
factors. The effects of natural factors on the spatial patterns of land use/cover tend to persist
over extended periods. However, in the short term, natural characteristics such as geology,
hydrology, and soil properties evolve slowly and exert a relatively limited influence on
land-use/cover dynamics. In contrast, socio-economic factors result from human activities
related to LUCC and development processes, which directly alter these patterns. For
instance, population growth has a direct human impact that increases demand for land
resources. In addition, socio-economic drivers include political frameworks, economic
conditions, technological advantages, and industrial structures [22].

Among the various manifestations of LUCC, the expansion of a BUA in urban settings
is arguably the most notable. This type of land transformation is also influenced by natural
and socio-economic factors, whereas empirical studies typically highlight the latter because
of their higher variability and more significant short-term effects. Lloyd [28] finds that
the urban population and gross domestic product (GDP) are positively correlated with
the expansion of a BUA in 145 cities in China over the past 15 years. Wu and Li [19]
argue that urban planning is the most central driver of BUA expansion. The impact of
economic development on BUA expansion is a more substantial effect than the impact
of demographic change. From most of these studies, natural and socio-economic factors
are the primary drivers of the expansion of a BUA. However, Chen and Chang [29] argue
that natural and socio-economic factors impact the expansion of a BUA. Therefore, Chen
and Chang [29] selected demographic variation, economic growth, real-estate investment,
and industrial structure as socio-economic factors, while the area of water and density of
transport road networks could serve as indicators of natural factors. In rapidly urbanising
megacity regions, road and water networks often facilitate leapfrog development, enabling
construction to bypass ecological buffers and accelerating the conversion of peripheral
agricultural and forest land. Under global environmental change, this pattern heightens
exposure to climate hazards and accelerates biodiversity loss, thereby underscoring the
need for active protection measures such as ecological redlines, floodplain zoning, and
habitat-connectivity planning.

Although these insights are valuable, most current studies are limited to urban or
metropolitan areas, restricting our understanding of the main factors influencing the spatial
development and evolution of megacity regions. As BUA expansion continues, metropoli-
tan zones emerge around core cities, and the physical boundaries between neighbouring
urban areas begin to dissolve, gradually restructuring formerly independent cities into
functionally interdependent urban clusters. However, in many cases, administrative and
institutional arrangements remain fragmented, and formal policy integration often lags
behind actual patterns of urban growth. Following China’s 1990 urban land reform, these
dynamics became particularly pronounced in the GBA, which occupies only about 0.6% of
China’s land area but contributed 12.57% of national GDP in 2018; such high-intensity land
development has been accompanied by the loss of coastal wetlands and increasing frag-
mentation of agricultural and forest land. These trade-offs call for an ecosystem philosophy
of spatial development, in which ecosystems and their services are treated as fundamental
units of spatial planning and land allocation so that economic growth is pursued while
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maintaining ecological integrity. In such contexts of fragmented governance, examining the
drivers of BUA expansion offers critical insights into how regional spatial structures emerge
prior to formal integration. This study adopts the LUCC analysis method to quantitatively
examine the spatial structure of megacity regions in the GBA from 1990 to 2018—a period
spanning from China’s 1990 urban land reform, which introduced land-transfer policies, to
the GBA'’s formal recognition as a megacity region.

3. Data and Methods
3.1. Study Area

Figure 1 illustrates the study area, the Guangdong-Hong Kong-Macau Greater Bay
Area (GBA), located in southern coastal China (21°32'-24°26’ N, 111°20'-115°24’ E). The

GBA comprises 11 cities: Hong Kong, Macau, Guangzhou, Shenzhen, Zhuhai, Foshan,
Huizhou, Dongguan, Zhongshan, Jiangmen, and Zhaoqing.

Z
7]
]

j 0- L awes } \
}f‘?’j 8 <ﬂw ~

s N
e

Zhaoqing

1 Administrative Boundary
[ 1 GBA Boundary
) i [ Provincial Boundary

Figure 1. Eleven cities in the Guangdong-Hong Kong-Macau Greater Bay Area (by author).

According to China’s Bureau of Statistics, the region’s total area was estimated at
56,000 km?, and about 110 million people were in this region in 2018 (Table 2). It is one of
China’s most economically advanced and globally integrated regions, showcasing rapid
urbanisation. The area hosts diverse industries, including high-tech sectors, manufacturing,
international enterprises, financial services, and renowned educational institutions. While
occupying only 0.6% of China’s land area, the GBA contributed 12.57% of the nation’s GDP
in 2018, amounting to RMB 10.32 trillion (USD 1.64 trillion).
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Table 2. GBA eleven cities” GDP and population data from 1998 to 2018. (Source: National Bureau of
Statistics of China, Guangdong Statistical Yearbook, Hong Kong and Macao Statistical Yearbooks).

City/Year 1990 2000 2010 2018
Pop GDP Pop GDP Pop GDP Pop GDP
GBA 2395.21 2842.5 3030.79 13,446.49 3492.87 30,226.51 6797.7 100,326.9
Guangzhou 555.41 139.55 646.71 1260.31 750.53 187.85 1449.84 21,503.15
Shenzhen 51.50 41.65 99.16 842.79 181.93 5035.77 1190.84 22,490.06
Foshan 258.64 56.57 311.06 563.72 354.48 2383.18 765.67 9398.52
Huizhou 18.21 16.63 255.90 229.57 297.58 805.11 475.55 3830.58
Jiangmen 334.61 47.17 371.81 362.73 386.24 801.70 456.17 2690.25
Zhongshan 107.35 23.23 125.25 175.82 140.82 885.72 326.00 3430.31
Dongguan 123.01 30.02 143.65 296.45 165.65 2188.19 749.66 7582.09
Zhaoqing 309.11 22.22 355.97 163.66 396.48 435.95 408.46 2110.01
Zhuhai 42.59 11.11 63.24 182.69 89.60 640.53 176.54 2675.18
Hong Kong 552.46 2350 615.60 8931.25 681.30 11,106.25 733.66 21,456.75
Macau 42.32 104.30 42.44 437.5 48.26 756.25 65.31 3160.00

Note: All statistics data were obtained from local statistics yearbook. Pop unit: ten thousand; GDP unit: RMB
100 million; RMB 1 is about USD 0.16.

3.2. Data

The database collection used in this study consists of remote-sensing and statistical
data. Remote-sensing data include a remote-sensing study area, river and road data, and
land-use data. The statistical data contain socio-economic and natural data of the study
area. The remote=sensing data are from China Land Remote Sensing Monitoring Datasets
(CLRSMD) published by the China GIS Centre in 2020. The LUCC data acquisition is
based on Landsat TM digital imagery in CLRSMD and employs a digital human—computer
interactive remote-sensing fast-extraction method. Gong and Li [30] rigorously validated
the database, demonstrating overall classification accuracies exceeding 90%. Specifically,
the remote-sensing datasets of LUCC comprise annual TM imagery with a spatial resolution
of 30 m x 30 m, covering four time points: 1990, 2000, 2010, and 2018 (Appendix A).

Based on China’s land classification policy, the remote-sensing data were processed
and reclassified into six primary land-use types—agricultural land, forest land, grass land,
water, built-up area, and unused land—using ArcGIS 10.0 (Figure 2). The annual database
can provide timelier and more detailed LUCC information on the GBA (Table 3). LUCC
remote-sensing data show land-use data at the district and county level, including 11 cities
and 52 districts in the GBA.

Table 3. Land-use/cover data of the study area in 1990, 2000, 2010, and 2018 (Source: China Land
Remote Sensing Monitoring Datasets).

Land-Use Classification 1990 2000 2010 2018
Area/km? % Area/km? % Area/km? % Area/km? %
Grass 1272.3 2.3 1222.5 2.2 1099.6 2.0 1240.7 2.2
Agriculture 15,919.9 28.9 14,443.1 26.2 12,641.3 229 12,408.5 22.4
Forest 30,910.6 56.0 30,629.0 55.5 30,044.0 54.3 29,677.1 53.7
Construction 3132.5 5.7 4456.3 8.1 7371.1 13.3 8195.8 14.8
Water 3852.5 7.0 4369.9 79 4091.4 7.4 3770.5 6.8
Unused land 74.2 0.1 41.0 0.1 45.1 0.1 8.1 0.0
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Figure 2. GBA LUCC remote-sensing dataset of GBA in 1990, 2000, 2010, 2018.

The variable’s statistical data details are reported in Appendix B, including population,
financial income, GDD, total real-estate investment, industry structure, and road and water
area density. The statistics are drawn from China Statistical Yearbooks [31], China City
Statistical Yearbooks [32], Guangdong Statistical Yearbooks [33], and Hong Kong and
Macau Statistical Yearbooks [34,35]. The China Statistical Yearbook is a comprehensive
annual publication representing the economic and social development of the People’s
Republic of China, published annually by the National Bureau of Statistics of China. The
China Statistical Yearbook (2019) systematically records statistics on all aspects of China’s
economy and society over the period from 1990 to 2018, and most scholars use the Statistical
Yearbook for China’s society and economy research [31].

4. Methods
4.1. Moran’s Index Model

This study employs spatial autocorrelation analysis to investigate the spatial depen-
dence and heterogeneity of land-use patterns in the GBA. Specifically, global Moran’s I
indices are calculated for three major land-use types—BUA, forest land, and agricultural
land—across multiple periods to assess changes in overall spatial autocorrelation and re-
gional imbalance. In addition, local Moran’s I analysis is conducted for the BUA to identify
localised clusters that reflect uneven patterns of BUA scale within the megaregion. In the
selection of spatial units, city-level administrative units are widely used as spatial units
in megacity region research to capture inter-city spatial variation [15]. Thus, the spatial
units used in the Moran’s I analysis are the 11 administrative cities within the GBA. To
ensure comparability across administrative units of varying sizes, the spatial variables for
all three land-use types are standardised by dividing the land-use area by the total land
area of each city [36]. As each city in the GBA shares a common boundary with at least one
other city, a first-order Queen contiguity spatial weights matrix is constructed to define
inter-city spatial relationships. The matrix is row-standardised to ensure consistent spatial
influence across all units [36,37].
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The Moran’s index model, introduced by Pap [38], is widely used for global and
local spatial autocorrelation analyses. Spatial autocorrelation measures can be classified
into two categories: global and local. The global Moran’s I indicates whether spatial
clustering exists across a region, but does not specify the locations of these clusters. In
contrast, the local Moran’s I identifies where clustering occurs. Specifically, a Moran’s I
value greater than 0 reflects a positive spatial correlation, with higher values indicating
stronger correlations. In contrast, a value less than 0 indicates a negative spatial correlation,
signifying a greater spatial variation. A Moran’s I of 0 represents spatial randomness.
This index has been extensively applied in land-use and cover research to explore spatial
clustering characteristics [39].

4.1.1. Global Moran’s Index

The global Moran’s I measures spatial autocorrelation across an entire study area,
effectively capturing the spatial relationships of attribute values throughout the region [40].
It assesses whether the spatial distribution of a variable is correlated with neighbouring
values [41]. This measure is widely used in spatial statistical analyses, and the formula is
presented as follows:

I nyig Liq wij(xi — X) (x — ) Xl X wij(xi — X) (% — %)
i Ty @iy (% — %) S i K wiy

1)

In this formulation, the spatial weight between features i and j is represented by w;;.
The attribute values corresponding to locations i and j are denoted as x; and x;, respectively.
The mean attribute value is expressed as X, while n indicates the total count of features
within the dataset.

4.1.2. Local Moran’s Index

The local Moran’s I, developed as a Local Indicator of Spatial Association (LISA)
by Anselin [37], serves to measure spatial autocorrelation at a localised scale. This index
quantifies the extent of spatial clustering within individual regions by identifying significant
agglomeration patterns among neighbouring regions within similar values. The sum of
all local Moran’s I values is proportional to the global Moran’s I for the entire dataset.
LISA maps categorise spatial clusters into four types: High-High (HH), Low-Low (LL),
High-Low (HL), and Low-High (LH).

Local Moran’s I is formulated as follows, where each parameter has the same meaning
as in Equation (1):

b= (Xis_z i L (%) =) @)
F

4.2. Geographically Weighted Regression Model

Geographically Weighted Regression (GWR), as proposed by Fotheringham and Bruns-
don [42], represents a localised adaptation of ordinary least squares (OLSs) regression. In
contrast to traditional regression models, GWR effectively addresses spatial heterogeneity
by generating local regression results for each observation. This methodology enables the
identification of spatially varying relationships between dependent and independent vari-
ables. The outputs produced by GWR include local parameter estimates and corresponding
t-test values, thereby offering a comprehensive visualisation of spatial non-stationarity.
With the framework of LUCC analysis, GWR facilitates the understanding of how various
driving factors influence BUA expansion across different geographical locations.
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The formula of the GWR model is shown below:
p
Yj = Bo(uj,vj) + Z% Bi(uj,v)) Xij +¢; (©)
1=

In this formula, Y; represents the dependent variable for observation j, and X; denotes
the independent variable X at the location of observation j. The coordinates u and v specify
the spatial position of observation j. The term B (u jr v]-) refers to the intercept at the given
location, while f3; (u i Z)]') signifies the localised regression coefficient for the independent
variable X at observation j [43].

In this research, the expansion scale of built-up area (ESBUA) is identified as the
dependent variable (Y), based on prior studies (Table 1). This variable serves as a proxy for
urban LUCC, given that the rapid expansion of the built-up area has a significant impact on
the urban LUCC. According to the literature reviews, socio-economic and natural factors
are recognised as two primary driving forces in this study [44,45]. The population size,
average gross domestic product (AGDP), total real estate investment, percentage of tertiary
industry structure, and local financial income can be selected as proxies for socio-economic
factors within the GWR model [39]. In the context of natural driving forces, two mainly
independent variables are identified: the density of the road network (D_ROAD) and a
variable for the water area (A_WATER). While the road network density (D_ROAD) is
typically associated with human infrastructure, it is considered a natural driving force
in this study due to its direct impact on physical landscapes at the megacity regional
scale. In addition, D_ROAD serves as a form of external connectivity that acts as an initial
condition or natural endowment for the development of new towns and cities [46,47].
The water area (A_WATER), which encompasses lakes, seas, and rivers, is identified as a
natural driver because it represents a fundamental geographic constraint and an ecological
determinant. It significantly influences land use by shaping urban boundaries, flood risks,
and hydrological processes [48,49]. For data processing purposes, the monetary values of
AGDP and finance income are converted to RMB based on the exchange rate from 2018.
The “Distance Analysis” and “Zonal Statistics” tools in ArcGIS are employed to calculate
A_Water and the D_ROAD data. Both variables are expressed in kilometres.

The variable details of the GWR model are shown in Table 4. In the selection of spatial
units, to further analyse the driving factors of built-up area (BUA) expansion and their
spatial heterogeneity, all variables were measured at the district (county) scale within the
GBA and subsequently analysed using the GWR model. The GWR model can be used to
eliminate the influence of city size and measure the extent of BUA expansion in different
cities during the same period. In addition, this allowed for quantifying the impacts of socio-
economic and environmental factors on BUA expansion, as well as examining the spatial
heterogeneity of these relationships across the GBA [50]. To avoid the influence of differing
units of measurement, all variables were standardised prior to analysis. Prior to GWR
estimation, multicollinearity among explanatory variables was tested using the Variance
Inflation Factor (VIF). An adaptive bandwidth was selected based on the minimisation of
the corrected Akaike Information Criterion (AICc), and a bi-square kernel function was
employed to determine spatial weights [42]. To assess the performance of GWR, model
results were compared with those of a global ordinary least squares (OLSs) regression.
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Table 4. Description of Variables.

Variable Types Variable Variable Code Description Expectation Data Sources
Expansion scale of the built-up
. . area (ESBUA) from 1990 to .
Expansion of built-up area Y ESBUA 2018 (Km?) = [(BUA in / Gong, Li [30]
2018 — BUA in 1990)] (Km?)
Average Gross Domestic
X1 AGDP Product growth from 1990 to + China Statistical
2018 (RMB 100 million) Yearbooks [31],
X2 POP Population growth from 1990 to N China City Statistical
2018 (%) (10,000 people) Yearbooks [32],
Socio-economic factors Total real-estate investment Guangdong
X3 RE from 1990 to 2018 + Statistical Yearbooks
(RMB 100 million) [33], and Hong Kong
Local financial income in and Macau Statistical
X4 INCOME 2018 (RMB 100) * Yearbooks [34,35].
Percentage of the third industry
X5 13 structure in 2018 (%) *
Density of the road in
X6 D_ROAD -
Natural factors - 2018 (Km/Km?)
X7 A_Water Water area in 2018 (Km?) +

Note: Y: proxy of increasing built-up area; X1, X2, X3, X4, X5: proxy of socio-economic driving factors; X6, X7:
proxy of natural driving factors. “+” indicates an expected positive relationship; “—" indicates an expected
negative relationship; “/” indicates not applicable (no expectation specified).

5. Empirical Results

5.1. Spatial Characteristics of LUCC in the GBA
5.1.1. Built-Up Area Expansion in the GBA

Since urban expansion is the most direct and measurable manifestation of LUCC in
megaregion contexts, BUA expansion is adopted as the primary indicator of LUCC in this
study. The GBA region has undergone significant changes in urban BUA over the last
three decades (Figure 3). From 1990 to 2018, the area designated for urban development
increased by approximately 13-fold, as shown in Section 3.1. Guangzhou, Shenzhen,
Foshan, and Dongguan have experienced the most significant changes, with an average
range of 1256.49 km?. Conversely, Hong Kong and Macau have witnessed relatively minor
alterations in their urban landscapes, with increases of 118.53 and 6.98 km?, respectively.

2000 7 —=— Macau —=— Dongguan
—a— Foshan —a— Guangzhou
{ —=—Hong Kong —=— Huizhou
i —#— Jiangmen —=— Shenzhen
~ 1600 A —=—Zhaoqing —=— Zhongshan
= —=— Zhuhai
<
S 1200
ot
<
e
7 800 -
~N—
—(
o p—(
2
400 7
0 1
1990 2000 2010 2018
Year

Figure 3. The temporal changes of the built-up area of 11 cities in the GBA during 1990-2018.
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Figure 4 indicates the detailed spatial and temporal changes in the BUA within the

GBA from 1990 to 2018. The varying colours represent the expansion of the BUA across

different years, while the blank space denotes other types of land use, such as agricultural

land and forest land. From a spatial distribution perspective, the patterns of BUA expansion

in the GBA at various stages exhibit several important characteristics.

Zhaoqing

Cross-border
boundary area
Cross-
administrative
boundary areas
Construction Area

4
Miles 4 é:g'ddz"

R — [ .
0510 20 30 40 1990 2005 2018

Figure 4. GBA built-up area expansion.

1.

Between 1990 and 2018, the BUA in the GBA experienced significant expansion. This
transformation led to an extension of urban-centre boundaries, while simultaneously
reducing the areas designated for forest and agricultural land. Notably, Foshan, Dong-
guan, Zhongshan, and Shenzhen have exhibited the most significant BUA expansion.
In 1990, the original BUA was mainly concentrated in Hong Kong, Macau, the central
area of Foshan, the central area of Dongguan, and the western part of Guangzhou.
By 2018, BUA in the GBA had shifted to mainly concentrated in the central area
adjacent to the Pearl River Estuary. Notably, Zhaoqing, Jiangmen, Huizhou, and
Zhuhai continued to possess undeveloped land by 2018.

During 1990-2018, the informal integration period, infill development at the
Guangzhou-Foshan boundary led to the emergence of a cross-administrative
urban core.

In contrast, Zhuhai, Hong Kong, and Macao, which are multi-island cities, exhibit
BUA expansions that mainly occur in clusters, thus establishing a polycentric spatial
distribution pattern.

Shenzhen and Zhuhai are among the first cities to be developed in proximity to Hong
Kong and Macao, illustrating the significant influence of these regions on the LUCC
trajectory. During 1990-2018, LUCC in the Shenzhen-Hong Kong and Zhuhai-Macao
corridors gave rise to two prominent cross-border fundamental core structures.

5.1.2. Global Spatial Attributes of LUCC in the GBA

This study employs Moran’s I index to examine spatial and temporal relationships

in GBA land-use/cover data. The calculation of this index incorporates land-use/cover

datasets and statistical measures for different land categories across the 11 regional divisions
of the GBA from 1990 to 2018. The findings highlight the degree of spatial connections
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between land types and reveal the structural clustering characteristics within the GBA
region, as shown in Figure 5.
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Figure 5. Global Moran’s I of land use/cover of the GBA from 1990 to 2018.

From 1990 to 2018, Figure 5 indicates that the value of Moran’s I index ranges from
0.078 to 0.32, depending on land use/cover. This reflects the varying socio-economic and
environmental situations. Consequently, Moran’s I index values for land use/cover refer to
distinct traits and patterns associated with these categories. In terms of the land use/cover
of the research area, spatial autocorrelation is evident for Forest Land (FL), Agricultural
Land (AL), and BUA. Overall, while Moran’s I index for forest land exhibits a declining
trend over time, AL and BUA experienced a turning point around 2010.

From 1990 to 2010, Moran’s I index for AL showed a continuous decline, dropping
from approximately 0.25 to 0.08. This trend corresponds with a sharp decrease in agricul-
tural land proportion, which declined from 28.9% in 1990 to 22.9% in 2010. The spatial
fragmentation of AL increased during this period as large tracts of farmland were increas-
ingly converted into other land types, particularly construction land. This fragmentation
contributed to a weakening spatial clustering pattern and thus a lower Moran’s L. Interest-
ingly, after 2010, the Moran’s I index for AL rebounded, increasing to around 0.16 by 2018.
This occurred despite a continued decline in the proportion of agricultural land, which
further decreased to 22.4%. The observed rebound in spatial autocorrelation suggests that
the remaining agricultural parcels became more spatially concentrated—possibly due to
targeted preservation of core agricultural zones or consolidation of land use. Consistent
with prior studies, these patterns align with documented land-cover trajectories in the GBA,
including the stabilisation or consolidation of cultivated land under prime farmland protec-
tion, incremental woodland gain from ecological restoration, and constrained conversion of
agricultural parcels at the urban fringe [26]. For forest land (FL), Moran’s I index remained
relatively stable throughout the study period, hovering slightly above 0.2. This consistency
is reflected in the relatively stable land proportion as well: FL accounted for 56.0% in 1990,
55.5% in 2000, 54.3% in 2010, and 53.7% in 2018. Although minor changes occurred, they
were spatially uniform, resulting in a steady spatial clustering pattern.

In contrast, the BUA has experienced substantial growth, increasing from 5.7% of the
study area in 1990 to 14.8% by 2018. The fragmented spatial distribution of agricultural
and forested lands has reduced aggregation due to the conversion of a substantial portion
of these areas into a BUA, which holds higher economic value. The positive Moran’s
I index for the BUA from 1990 to 2018 indicates that a BUA within the GBA exhibits a
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pattern of positive spatial autocorrelation. This outcome is associated with the rapid urban
expansion associated with the construction activities across various cities and regions.
Between 1990 and 2010, however, the spatial correlation of land use and cover in the GBA
progressively declined as influenced by the surrounding urban growth. Following this
period, after 2010, Moran’s I index for the BUA began to rise again, signalling an increase
in BUA coverage within the GBA. This trend highlights the spatial duality that emerged
between 2010 and 2018. These findings align with the evolution of China’s real-estate sector
from 2008 to 2018, characterised by significant industry expansion.

5.1.3. Local Spatial Attributes of LUCC in GBA

LISA metrics are calculated for the BUA in 1990, 2000, 2010, and 2018. The corre-
sponding LISA distributions are visualised using a z-test with a 95% confidence level
(Figure 6). Local spatial relationships among variables within and adjacent to the region
can be classified into four types based on the LISA distribution map: high-high, high—low,
low-high, and low-low spatial clusters. The high-high category indicates that the area
and its neighbouring regions exhibit elevated attribute values. Conversely, the high-low
type suggests that the area has lower attribute values compared to its surroundings. In
contrast, the low-high and low-low types reflect opposite trends. The high-high and
low-low indices identify patterns of clustering and similarity, highlighting a strong positive
spatial connection among regions. Meanwhile, a significant negative spatial relationship
and significant heterogeneity emerge across low- to high-range regions.

Dongguan

Jiangmen

1990 2000

uuuuuuuuu

uuuuuuuuu

Legend

Not Significant

I tigh-High

High-Low

90 180 km 2018 Low-High
I I : ' : I - Low-Low

Figure 6. LISA cluster map of the built-up area of the GBA in 1990, 2000, 2010, 2018.

The LISA cluster results clearly illustrate that within the Greater Bay Area, significant
high-low spatial clusters were primarily concentrated in Shenzhen and Jiangmen before
2000; however, these high—low spatial correlation patterns gradually disappeared in sub-
sequent periods. Shenzhen’s development began relatively early, with its BUA reaching
349.2 km? by 1990. Between 1990 and 2000, a strong high-low spatial correlation was
observed between Shenzhen’s BUA and its neighbouring areas, with a significance level
of 99%. In the same period, Jiangmen experienced the third-largest expansion in the BUA
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among the 11 cities in the study area, surpassing 1000 km?. This increase was significantly
higher than in adjacent areas, resulting in a notably high—low spatial relationship with a
significance level of 99%.

In terms of BUA growth, Shenzhen ranked third between 1990 and 2000 and first
from 2000 to 2005, outperforming other cities in the region. This remarkable growth can
be attributed to China’s reform and opening-up policies, which propelled Shenzhen to
become a leading city in the GBA by 2010. Although Shenzhen currently ranks third in the
region, other cities, such as Dongguan, have witnessed steady economic development since
2010. This period saw substantial increases in BUA, but the previously observed high—low
spatial correlation patterns gradually disappeared.

Within the GBA, significantly low-low spatial clusters were primarily concentrated in
Zhuhai, Macao, and Hong Kong before 2000. After 2000, the low—low spatial correlation
involving Hong Kong gradually disappeared, leaving Zhuhai and Macao as persistent
low—low cluster areas. This pattern indicates that these cities and their adjacent areas
consistently exhibited a low scale of BUA, reflecting either inherently small urban sizes
or limited development during the early formation phase. Hong Kong's transition away
from the low-low clustering pattern after 2000 suggests significant BUA growth in Hong
Kong and increased integration with surrounding areas. In contrast, the persistent low—low
clusters in Zhuhai and Macao highlight ongoing constraints or a slower pace of urban
expansion. Macao’s enduring low-low clustering could be attributed to its inherently
small urban scale, while the limited BUA expansion in Zhuhai and its surrounding cities
underscores persistent regional spatial imbalances. These LISA results reveal the spatial
imbalance of built-up development within the GBA and reflect differentiated stages of
regional urbanisation.

5.2. Driving Factors of Built-Up Area Expansion

This study uses the GWR model to explore the driving factors of BUA expansion in the
GBA. The findings are compared with those obtained from traditional OLSs model results.
To ensure appropriate variable selections, the Variance Inflation Factor (VIF) analysis is
conducted to test for multicollinearity among variables. As presented in Table 5, all VIF
values for the statistical variable are below 7.5, indicating an absence of multicollinearity
across all variables. The VIF test standards are discussed in Section 3.2. Consequently, each
variable listed in Table 5 is subjected to regression analyses in the OLSs model and the
GWR model.

Table 5. VIF result of independent variables.

Variable VIF [c]
Average Gross Domestic Product 1.257514
Population 1.750853
Total real estate investment 1.978460
Local financial income 4.085066
Percentage of third industry structure 2.468958
Density of the road 4.105955

Water area 1.875751

5.2.1. OLSs Regression Results

The OLSs regression model identifies significant relationships between ESBUA and
its driving factors (Table 6). The model exhibits convincing explanatory power, with an
adjusted R? of 0.75, indicating that 75% of the variance in BUA expansion is captured by
the selected predictors. The overall model fit is statistically significant (F-test, p < 0.001).
Among the seven independent variables, population, total real estate investment, density
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of the road, and water area show statistically significant associations with the BUA at the
95% confidence level. However, average GDP, local financial income, and percentage of
tertiary industry structure are not significant (p > 0.05), suggesting limited explanatory
power in this model. The non-significant intercept (3 = 55.177, p = 0.230) further suggests
unobserved systematic bias.

Table 6. Summary results of the OLSs model.

ESBUA Model Coefficients—OLS

Variables Coefficients p-Value
Intercept 55.176536 0.230315
Average Gross Domestic Product 0.000917 0.232655
Population —0.000005 0.000056 ***
Total real estate investment 0.000170 0.000000 ***
local financial income 3.722434 0.493152
Percentage of third industry structure —0.956415 0.149769
Density of the road —9.696236 0.030080 **
Water area 0.325214 0.035104 **
Prob(>F) 0.000000 *
Adjusted R? 0.7500000

Note: * indicates the overall model is significant based on Prob(>F); ** = significant at 0.5% level *** = significant
at 0.1% level.

To further explore possible reasons behind this unexplained variance, a global Moran’s
I statistic was calculated based on a Queen contiguity spatial weight matrix to assess spa-
tial autocorrelation in BUA expansion from 1990 to 2018. The results (Moran’s I = 0.213,
z = 2.685, p = 0.007) confirm the presence of statistically significant positive spatial autocor-
relation across the 52 county-level units in the GBA (Table 7). Therefore, the remaining 25%
unexplained variability may be attributed to omitted spatial heterogeneity or non-linear inter-
actions beyond the scope of this linear model. Therefore, this study will attempt to incorporate
spatial heterogeneity into the model to better explain LUCC at the megacity region.

Table 7. ESBUA Moran’s 1.

Variable Moran’s 1 p-Value z
ESBUA (1990-2018) (km?) 0.213 0.007 2.685

5.2.2. GWR Regression Results

The GWR model demonstrates superior explanatory power compared to the OLSs
model, with an adjusted R? of 0.92, up from 0.75 in the OLSs model. The residual sum of
squares decreases from 9.50 to 5.50, and the AIC, serving as one of the effective information
criteria to select and compare the best model [42], declines from 590.83 to 580.53, indicating
GWR as a better model fit (Table 8). These results confirm that the GWR model effectively
captures spatial variations in ESBUA drivers.

Table 8. Summary results of the OLSs and GWR model.

OLS GWR
Prob(>F) 0.0000 * 0.0000 *
Adjusted R? 0.75 0.91
Residual sum of squares 9.50 5.50
AlCc 590.8338 580.5323

Note: * indicates the overall model is significant based on Prob(>F).
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Notably, some variables, such as GDP, which were not significant in the OLSs
model, become significant in the GWR model, suggesting spatially varying influences.
Infrastructure-related factors, including road density and water area, exhibit stronger sig-
nificance, highlighting the role of spatial dependency in urban expansion. These findings
reinforce the necessity of employing spatially adaptive models, such as GWR, to anal-
yse LUCC drivers at the megacity region level, ensuring a more precise and localised
understanding of urban growth processes (Table 9).

Table 9. Variables results of the OLSs and GWR model.

) p-Value ?
Variables OLS GWR

Intercept 0.2303 0.0000 ***

Average Gross Domestic Product 0.2326 0.0061 *
Population 0.0000 *** 0.0000 ***
Total real estate investment 0.0000 *** 0.0000 ***

local financial income 0.4546 0.4639

Percentage of third industry structure 0.0795 0.4967

Density of the road 0.0160 * 0.00 ***

Water area 0.0157 * 0.00 ***

Note: * = significant at the 1% level; *** = significant at 0.1% level; * Results of Monte Carlo test for spatial
non-stationarity [51].

5.2.3. Coefficients Analysis

The regression coefficients derived from the GWR model results (see Appendix C)
have been processed into coefficient distribution maps utilising the ArcGIS 10.0 tool.
Figure 7 shows the spatial distribution of the intercept and all coefficients of the GWR
model. The intercept term, or constant coefficients, establishes the fundamental level of
urban LUCC across the study area in the absence of other influencing factors [52]. The
intercept coefficient ($0) varies from —106.32 to 74, with a median of —18 instead of a
constant (55.17) obtained from the global regression analysis. The outcome reveals a notable
spatial variation in the constant coefficient, as illustrated in Figure 7a.

The coefficient estimates at a 95% significance level are presented to illustrate the spa-
tial variation of the GWR model, with p-value of variables less than 0.05. Figure 7 depicts
the spatial variation of coefficient estimations that may have influenced the increase in the
GBA’s BUA. A higher coefficient indicates that the effect of this variable is more significant
in certain regions of the map [52]. In other words, areas represented by darker shading
correspond to higher coefficient estimates.
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Figure 7. Spatial distribution of the coefficient estimates of each independent variable.

The results of the GWR model show that the average gross domestic product, popula-
tion, total real-estate investment, the density of the road, and water area are significantly
relevant to the BUA expansion at the 95% significance level. In addition, local financial
income and the percentage of the third industry structure are not obviously related to the
BUA expansion.

(1) Population and Economy

In terms of economy;, the coefficient (30) of GBA per capita GDP to BUA expansion is
0.026915-0.027469 (Figure 7b), which means that if the annual per capita GDP increases at
the rate of 1%, BUA expansion will increase by about 0.026915-0.027469%. The results of
the OLSs model indicate that the per capita GDP of GBA has no significant impact on its
growth, whereas the results of the GWR model reveal that per capita GDP has a statistically
significant impact on BUA expansion. Therefore, the result of the GWR model indicates
that economic growth promotes the expansion of the BUA. From the spatial dimension,
the results of the GWR model exhibit a similar spatial distribution to that of the GDP. This
study is more inclined to accept the results of the GWR model, given that some spatial
differences in the OLSs model are not fully controlled, and thus, the estimation is biased.

In terms of population, the result of the GWR model shows that the coefficient ($1)
of the population’s impact on BUA expansion ranges between 0.00147 and 0.0020. The
coefficient of the population indicates that for every 1.00% increase in per capita GDP,
the expansion scale of the BUA will increase by 0.00147% to 0.002% (Figure 7c). Overall,
the results of the GWR model are similar to those of OLSs, showing that the positive role
of the population impacts BUA expansion. However, there are significant differences in
the impact degree’s spatial distribution of population variables in the GWR Model from
the spatial dimension. The regression coefficients of the model are small in the southern
coastal core cities (Macao, Hong Kong, Shenzhen, Zhuhai, Zhaoqing, and Dongguan).
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That is, the impact of population growth on the BUA expansion is small. In the suburbs
(Zhaoging, Jiangmen, and Huizhou), population growth poses a more significant impact
on the increase of construction areas.

(2) Real-estate investment

In terms of real-estate investment, the coefficient (32) of the result of the GWR model
shows that the impact on the BUA expansion ranges from —0.00004 to 0.00032 (Figure 7d).
For every 1.00% increase in real estate investment, the scale of the BUA will increase by
—0.00004-0.0032%. From the perspective of spatial distribution, it can be seen that there
are spatial differences in the impact of real-estate investment on the BUA expansion. In
the central cities of Guangdong, Hong Kong, and Macao, it has a negative impact and a
positive impact on Suburban Cities (Zhaoqing, Jiangmen, and Foshan).

(3) Traffic construction

The coefficient (35) of the traffic construction in the GWR model shows that the impact
of traffic construction on BUA expansion ranges from —25 to —8.82 (Figure 7e), which
indicates that the road network density has a negative correlation with BUA expansion.
For every 1.00% increase in traffic network density, the scale of the BUA will be saved by
8.82-25%. From the spatial distribution, the impact intensity of the traffic construction
scale decreases from north to south. It shows that the city’s road network density has a
negative impact on the BUA growth. This negative relationship may reflect an increase in
land-use intensity, where areas with denser road networks tend to exhibit more efficient
and compact urban development, thereby reducing the need for outward expansion of
the BUA.

(4) Water Area

The water area is the most significant variable for the BUA expansion, and the coeffi-
cient (36) of the water area in the model shows that the impact of the BUA distributes from
—0.02 to 0.7 (Figure 7f), which indicates that the water area has a positive correlation with
BUA expansion. For every 1.00% increase in the scale of water area in the study area, the
scale of BUA will decrease by 0.02% to 0.7%. In terms of spatial distribution, the area with
a higher positive value of the water area is located in the south of the Guangdong-Hong
Kong-Macao Great Bay Area (GBA), especially in Shenzhen, Hong Kong, and Macao. This
finding suggests that urban expansion in the study area often occurs near water areas,
highlighting the marine resources and regional advantages of the GBA.

6. Discussion

There have been significant changes in land use and cover in the GBA from 1990 to 2018.
Guangzhou, Shenzhen, Foshan, and Dongguan experienced the most remarkable urban
expansion from 1990 to 2018, with average annual growth rates of 44.23 km?, 22.64 km?,
40.96 km?, and 35.37 km?, respectively. Meanwhile, Hong Kong and Macau experienced
the slightest change in the same framework, with an average annual expansion of 3.44 and
0.21 km?, respectively. Notably, LUCC in the GBA exhibited a distinctive cross-border,
spatially networked expansion pattern even before the formal regional integration policies
were introduced, extending BUA growth beyond core cities into decentralised urban
nodes. Specifically, two prominent cross-border urban cores and one cross-administrative
core emerged: one connecting Shenzhen and Hong Kong, and another linking Zhuhai
and Macau. Moreover, an extensive cross-administrative connection developed between
Guangzhou and Foshan.

The emergence of these three cores can be better understood by tracing their historical
and institutional foundations. The Shenzhen-Hong Kong core reflects the long-standing
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integration between export-processing manufacturing in Shenzhen and finance, logistics,
and producer services in Hong Kong, reinforced by intensive cross-border commuting and
successive waves of land development along major transport corridors such as highways,
ports and, more recently, metro lines [53]. The Zhuhai-Macao core has been driven by
Macao’s tourism and gaming industries, the strategic development of the western bank of
the Pearl River estuary, and port and infrastructure projects that facilitate the cross-border
movement of visitors and workers [18]. The Guangzhou—-Foshan core builds on decades
of manufacturing specialisation in both cities, the gradual blurring of administrative
boundaries, and the construction of an integrated transport network (metro lines and
intercity rail) that has encouraged contiguous urban expansion [20,36]. Together, these
processes have left a clear imprint on LUCC patterns in the form of cross-boundary BUA
clusters, which are further reflected in the spatial configuration of the GWR coefficients.

On the other hand, although there is a clear trend towards integrated development, our
study indicates that GBA urban expansion exhibits significant spatial imbalance issues. The
local Moran'’s index result reveals the existence of a high-low agglomeration phenomenon
in land use and cover within the GBA. It is evident that the challenges related to urban
spatial expansion in the GBA mainly stem from an uncoordinated scale of urban space and
the uneven spatial development among urban clusters. For example, certain adjacent cities
such as Zhuhai and Zhongshan exhibited limited spatially interconnected urban expansion
despite their geographical proximity. Meanwhile, peripheral cities such as Jiangmen and
Zhaoqing exhibited minimal to no spatial integration with other GBA cities, reflecting
broader regional disparities and fragmented urban networks.

In addition, historically, western countries occupied Hong Kong and Macau, which
led to an advanced technology, economy and well-established land market in these regions
prior to the 1990s. However, for mainland cities, China’s critical land reform was initiated in
1990, which first allowed market-based urban land transfers in mainland cities. Economic
growth and population increase generated a demand for additional land, while substantial
investments in real estate and infrastructure facilitated the expansion of urban construction.
However, following 1990, natural resource limitations significantly curtailed further growth
of BUA in both Hong Kong and Macau. Macau'’s geographical constraints, which are
surrounded by water with a total area of less than 40 square kilometres, leave minimal
room for expansion. In contrast, Hong Kong'’s hilly terrain allows only 15% of the overall
area to be developed as flat land. Furthermore, approximately 85% of its territory is
unsuited for either urban construction or agricultural purposes. Additionally, stringent
polices regulating land use/cover exacerbate this issue [54]. Consequently, Hong Kong
experiences the lowest average growth rate of BUA.

The analysis is terminated in 2018, a year that both witnessed the GBA’s formal en-
dorsement and marked a structural policy breakpoint. In that year, the Ministry of Natural
Resources introduced the national territorial-space control regime and the “three control
lines” (ecological conservation redline, permanent basic farmland, and the urban develop-
ment boundary), substantially tightening market- and locally led expansion and conver-
sion of construction land. Accordingly, 1990-2018 can be delineated as a “market/land-
concession—driven phase,” with the post-2018 period entering a “policy-constrained phase,”
while the possibility of transitional bias and lagged effects is acknowledged. More broadly,
this breakpoint signals a shift in the megacity-region context from a singular emphasis on
urban growth to a triple-constraint paradigm—balancing growth, ecological sustainability,
and food security.

The results of this research indicate that socio-economic factors, such as population,
GDP, and real-estate investment, as well as natural factors, including road density and
water area, have significant impacts on the growth of the BUA in various regions in the GBA
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over the period from 1990 to 2018. The signs of their coefficients are generally consistent
with our expectations, which align with the findings of other related studies. At a broader
regional scale, however, pronounced spatial heterogeneity emerges due to differences in
development stage, path-dependent historical trajectories, and environmental regulation
and planning regimes.

Numerous studies highlight the importance of population and GDP in urban expan-
sion [26]. Population growth and economic development are the internal drivers of urban
development. The positive influence of population on BUA expansion is attributed to the
heightened demand for urban land resulting from an increase in urban population. The
analysis of the spatial distribution of GWR model coefficients reveals that both population
and economic factors positively contribute to changes in the BUA. However, the degree
of impact varies across different regions. Specifically, central cities in Guangdong, such
as Hong Kong and Macao, experience a lesser impact compared to suburban areas. This
discrepancy arises because Hong Kong and Macao are at different stages of urbanisation
relative to mainland cities [55]. According to the three-stage theory of urbanisation devel-
opment [11], a large number of infrastructure and supporting service facilities are required
due to economic growth and population increases, particularly within the secondary and
tertiary industries during the early phases of urbanisation. Consequently, this need pro-
motes an increase in per capita BUA. Hong Kong and Macao have transitioned into later
stages of urbanisation earlier than other cities within the GBA, which have undergone
initial through medium-term stages since 1990. This is characterised by accelerated devel-
opmental phases in their respective processes of urbanisation. As a result, these nine cities
maintain a higher rate of expansion regarding BUA compared to Hong Kong and Macao.

According to previous studies, land management and pricing have a significant
impact on the expansion of urban land for construction in developing countries such
as China [56]. This is mainly attributed to the substantial real-estate investment that
contributes to an increase in BUA, such as the corresponding infrastructure [12,27,43].
However, this study finds that spatial differences regarding the influence of real estate
investment on changes in BUA within the GBA. In cities in the early stages of urban
development, characterised by low urbanisation rates and relatively low land prices, real
estate investment has a significantly increasing effect on the growth of the BUA. For
instance, in 2018, the average land price was RMB 7000 per square meter in Zhaoqing, RMB
9000 in Jiangmen, and RMB 13,000 in Foshan. Conversely, the areas with high urbanisation
rates and elevated land prices have experienced restrained expansion of per capita BUA
due to rising costs related to both increased property values and real-estate investments.
These include Hong Kong at RMB 140,000 per square meter, Shenzhen at RMB 60,000,
Macao at RMB 80,000, and Guangzhou at RMB 40,000. This phenomenon aligns with
the principle of diminishing returns on land use. From a developer’s perspective, higher
land costs diminish profit margins for real estate developments, preferring higher density
development strategies instead of investing in large areas of land. Consequently, this
indicates that real-estate market development within the GBA is unevenly distributed,
with more significant investments and faster expansions occurring in regions where both
urbanisation levels and land prices are comparatively lower.

Both water area and transport factors significantly affect the changes in BUA, partic-
ularly regarding natural factors. Previous studies have found that marine rivers provide
abundant natural resources for urban development, thereby promoting BUA expansion.
However, these bodies of water may also pose a flood risk that negatively affects such
expansions. The result of the GWR model reveals that the impact on the BUA varies
between —0.02 and 0.7. Although there is spatial variation in the correlation between
watershed area and BUA within the GBA, most coastal cities show a positive correlation.
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This finding is consistent with the study by Hui and Li [2], which highlights how the
advantageous location of the Bay Area and its economic relationship with maritime envi-
ronments promote land expansion in coastal regions. Given the limited availability of land
for outward growth, Shenzhen’s proximity to the sea has led to an urban spatial expansion
characterised by a tendency to spread towards marine areas. In addition, reclamation has
emerged as a significant method for acquiring land in Hong Kong and Macao, where sea
areas constitute 31.80% and 78.07% of total expansion areas in well-developed regions,
respectively. These figures show considerably higher than those observed in other cities
seeking to supply additional BUA, which creates a conflict between urban development
and marine conservation.

The findings of this study demonstrate that the impacts of transport factors on the
changes of the BUA across different areas are significant [57]. The signs of their coeffi-
cients are generally consistent with the expectations based on the related literature. While
previous studies show that transportation development is a key driving force for spatial
urban expansion, which plays a directional role in shaping spatial urban forms [18,58], the
results of this study challenge this assumption in the context of highly urbanised regions.
This implies that by 2018, the Greater Bay Area’s fundamental core road network had
already been established. Under these conditions, further increases in road density tend to
support intensification and redevelopment (higher density, vertical expansion, land-use
conversion) rather than horizontal expansion. This finding is consistent with historical
patterns. This means in highly urbanised areas, a denser road network is generally as-
sociated with improved transport efficiency, better accessibility, and more intensive land
use, reducing the demand for additional BUA. Therefore, for the Greater Bay Area megac-
ity regions, intra-regional infrastructure connectivity should be encouraged, particularly
along transportation corridors and at the peripheries of cities. At the same time, stronger
central government coordination is needed to address inefficiencies arising from intercity
competition and bargaining over infrastructure projects [18]. This is particularly relevant for
large-scale transportation initiatives that extend beyond administrative boundaries, such as
the Hong Kong-Zhuhai-Macao Bridge and the Shenzhen—Zhuhai Corridor, where conflicting
local interests often lead to delays, cost overruns, and fragmented regional development.

Overall, from a broader regional perspective, the findings of the GWR coefficient
reveal that spatial variations exist in the expansion of floor area across different regions
within the Greater Bay Area, driven by distinct factors. This can be explained by differences
in development stages, land prices, and local policy frameworks. From 1990 to 2018, core
cities such as Guangzhou, Shenzhen, Hong Kong, and Macao entered a phase of mature
or late-stage urbanisation, characterised by exceptionally high land prices and stringent
planning controls. Within these cities, new population inflows and investment were more
readily absorbed through redevelopment and vertical intensification, imposing structural
constraints on further outward expansion of building floor area (BFA). By contrast, pe-
ripheral and suburban cities such as Jiangmen, Zhaoqing, and Huizhou retain substantial
undeveloped land reserves and comparatively lower land prices. In these areas, population
growth and property investment more directly translate into extensive BUA expansion.
This contrast helps explain why property investment exhibits negative coefficients in some
high-cost core cities yet positive coefficients in low-cost peripheral cities, and why identical
drivers exert differing impacts on BUA expansion across distinct regions of the Greater
Bay Area.

Beyond their implications for spatial structure, the observed LUCC patterns raise
important sustainability concerns. The expansion of BUA has fragmented agricultural
and forest land across the GBA, with potential consequences for regional food security,
biodiversity conservation, and carbon storage. These pressures are compounded along
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the coast, where land reclamation in cities such as Hong Kong, Macao, and Shenzhen
has converted coastal wetlands and mudflats, increasing exposure to flooding and storm
surges under conditions of sea-level rise and more frequent extreme weather events. Ad-
dressing these risks requires stronger forms of cross-jurisdictional spatial governance. In
practical terms, this implies coordinated basic farmland protection and the designation
of inter-city ecological corridors, stricter regulation of and ecological compensation for
coastal reclamation, and the integration of LUCC indicators into the performance evalua-
tion of GBA regional integration. Embedding such spatial-governance measures into the
formal planning framework would help align regional economic ambitions with long-term
ecological resilience.

7. Conclusions

This study examines LUCC in the Guangdong-Hong Kong-Macao Greater Bay Area
(GBA) from 1990 to 2018, uncovering the spatial integration patterns preceding state-led
formal institutional frameworks. The findings highlight two key aspects. First, even before
the formal establishment of the GBA as a national strategic framework in 2018, the BUA in
the region already exhibited cross-border spatial expansion, transcending administrative
boundaries. Two prominent cross-border joint cores have formed (Shenzhen and Hong
Kong; Zhuhai and Macau), along with one cross-administrative core (Guangzhou and
Foshan). This was primarily driven by market forces and local government initiatives,
rather than top-down policy directives. At the same time, the expansion of the BUA
was not confined to core cities like Guangzhou and Shenzhen but also extended into
decentralised urban nodes along transportation corridors, fostering a polycentric spatial
network. This pattern was particularly evident in cities such as Dongguan, Foshan, and
Zhuhai, where urbanisation spread across municipal borders, indicating an emerging
functional integration of the megacity region even before policy formalisation. Second,
despite the emergence of a cross-border urban network, the absence of a formal integration
framework led to spatial imbalances and uncoordinated development patterns. Urban
construction expansion varied considerably across cities, with rapid growth in mainland
cities contrasting starkly with limited expansion in Hong Kong and Macao due to land
constraints and governance differences. Moreover, uneven development intensified the
fragmentation of agricultural and forest lands, alongside growing environmental pressures
from coastal land reclamation. The impact of key driving factors—such as GDP growth,
population increase, real estate investment, proximity to water, and road infrastructure
development—varied significantly across different parts of the region, further exacerbating
these spatial disparities.

The findings of this study have significant implications for regional planning and
policymaking at both the national and regional levels. First, in the GBA case study, the
observed BUA expansion in the GBA already exhibited a cross-border, spatially networked
expansion pattern before formal regional integration policies. Thus, the definition and
planning of megacity regions should recognise and leverage existing patterns of spatial and
economic integration as indicated by LUCC, rather than solely relying on administrative
boundaries. Second, these findings suggest that future land-use planning in the GBA
requires coordinated cross-border spatial strategies, emphasising ecological protection,
housing and industrial policies, and infrastructure and real estate investment. Ecological
strategies should establish joint ecological corridors, protect green belts, and coordinate
coastal land-use controls to mitigate fragmentation and reclamation pressures, safeguarding
environmental sustainability. Housing and industrial land policies must optimise regional
land-use efficiency, promoting cross-city housing initiatives and transport-oriented devel-
opment to balance population density and alleviate socio-economic inequalities. Finally,
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infrastructure and real-estate investments demand a unified regional approach, harmon-
ising spatial planning and land policies across jurisdictions to prevent speculative and
fragmented development, thereby facilitating interconnected and sustainable regional
growth. Overall, the findings motivate an actionable governance checklist: systematic
planning of cross-jurisdiction ecological corridors, rigid protection of permanent basic
farmland, tighter entry standards and ecological compensation for coastal reclamation, and
embedding key LUCC indicators in the GBA integration performance evaluation. These
measures support more balanced spatial development under the triple constraint of growth,
ecological sustainability, and food security.

This study presents several limitations. The remote sensing data utilised, obtained
from the National GIS Centre, reveal discrepancies across different years due to the ex-
tended duration of the study period. Additionally, the study deliberately considered
2018—the formal designation year of the GBA—as a critical temporal threshold to isolate
the effects of market-driven and local governmental forces from national strategic inter-
ventions. However, constraints related to data availability and consistency limited this
research period to only 1990-2018. Future research would greatly benefit from extending
the analysis beyond 2018 to explicitly incorporate and evaluate the impacts of national
strategic planning and regional integration policies enacted thereafter. In terms of spa-
tial land development strategies, while this study investigates the driving forces behind
land-use changes, it has limitations for explaining continuous and dynamic LUCC driving
factors across different periods. This limitation highlights the necessity for future research
to explore these temporal dynamics in greater detail. Building on both the findings of this
research and the existing literature, three key directions are proposed for future studies
into LUCC in the GBA. First, the further exploration of agglomeration economies’ influence
on urban growth is necessary, particularly concerning the relationship between economic
clustering and spatial development within the GBA. Second, conducting a cost-benefit
analysis of land-use planning could facilitate an evaluation of land-use efficiency in this
region. Third, the evaluation of the human-land linkage efficiency is essential for a better
understanding of how population growth interacts with land expansion in the GBA.

Author Contributions: Conceptualisation, X.T. and C.Z.L.; methodology, X.T. and L.J.; software, X.T.;
validation, X.T., RW. and L.J.; formal analysis, X.T. and R.W.; investigation, X.T.; resources, ] X. and
J.V.L.; data curation, X.T.; writing—original draft preparation, X.T.; writing—review and editing, ] X.,
R.W, J.VL. and L]J.; visualisation, X.T.; supervision, ]J.X. and C.Z.L.; project administration, R.W.;
funding acquisition, J.X. and C.Z.L. All authors have read and agreed to the published version of
the manuscript.

Funding: This research was supported by the National Natural Science Foundation of China
(NSEC) (Grant No. 52078302); the Guangdong Basic and Applied Basic Research Foundation
(Grant No. 2024B1515020009); the Department of Education of Guangdong Province (Grant
No. 20247ZDZX1012); the Shenzhen Science and Technology Innovation Commission (Grant
No. JCY]J20220818102211024); the China Scholarship Council; and the PhD International Mobility
Award from The Chinese University of Hong Kong.

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The original contributions presented in the study are included in the
article; further inquiries can be directed to the corresponding author.

Conflicts of Interest: The authors declare no conflicts of interest.

https://doi.org/10.3390/su18010470


https://doi.org/10.3390/su18010470

Sustainability 2026, 18, 470 26 of 34
Appendix A
Table Al. Land-use/cover data of each city in 1990 (Source: Author).
City 1990 (Area/km?)
Grass Agriculture Forest Build Water Unused
Guangzhou  107.8 2849.5 3183.0 615.3 433.8 49
Shenzhen 52.8 388.0 980.1 335.0 126.0 14.5
Zhuhai 9.4 667.7 521.3 80.1 211.3 17.4
Foshan 12.6 1602.7 908.7 345.0 923.3 3.3
Jiangmen 318.9 3092.0 4812.2 461.7 640.7 4.6
Zhaoqing 245.5 2640.1 11,288.1 245.7 478.8 0.0
Huizhou 268.9 2960.3 7327.5 399.1 322.4 3.7
Dongguan 90.8 856.5 858.6 356.1 279.6 1.9
Zhongshan 49 797.2 407.9 117.7 392.0 0.2
Hongkong 160.7 65.0 616.6 167.6 39.6 19.8
Macao 0.0 0.9 6.6 9.3 5.0 3.7
Table A2. Land-use/cover data of each city in 2000 (Source: Author).
2000 (Area/km?)

City Grass Agriculture Forest Build Water Unused
Guangzhou  107.3 2585.5 3151.5 820.8 524.2 49
Shenzhen 32.5 300.9 871.7 587.1 104.2 0.0

Zhuhai 7.0 586.8 498.4 215.8 190.8 8.5
Foshan 12.5 1221.0 904.3 554.9 1099.7 3.3
Jiangmen 306.6 2854.9 4823.7 534.1 806.1 4.6
Zhaoging 2459 2562.7 11,284.2 283.4 522.1 0.0
Huizhou 265.6 2938.6 7320.5 420.3 335.3 1.5
Dongguan 83.0 680.4 755.4 634.1 288.8 1.9
Zhongshan 45 651.0 396.4 213.6 454.3 0.2
Hongkong 157.8 60.5 616.5 181.3 39.5 139
Macao 0.0 0.8 6.6 11.1 5.0 21
Table A3. Land-use/cover data of each city in 2010 (Source: Author).
2010 (Area/km?)
City - -
Grass Agriculture Forest Build Water Unused
Guangzhou  95.8 2134.0 3059.5 1357.2 553.8 9.7
Shenzhen 222 165.3 760.5 908.2 69.1 14
Zhuhai 6.7 296.5 480.3 320.4 418.7 20.5
Foshan 8.8 1317.2 860.9 1085.2 522.1 1.5
Jiangmen 2744 2741.0 4775.2 694.4 847.0 39
Zhaoqing 238.3 2350.7 11,272.4 386.3 650.3 0.3
Huizhou 240.9 2722.8 7270.4 697.9 355.2 29
Dongguan 57.9 323.4 584.0 1190.8 291.9 0.5
Zhongshan 3.3 545.9 356.8 490.9 339.5 1.7
Hongkong 150.0 443 616.3 221.8 42.2 0.7
Macao 1.2 0.0 77 18.0 1.5 2.1
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Table A4. Land-use/cover data of each city in 2018 (Source: Author).
2018 (Area/km?)
City -
Grass Agriculture Forest Build Water Unused
Guangzhou 96.9 2079.2 3038.7 1470.0 523.1 2.1
Shenzhen 16.6 1194 747.3 982.6 63.8 0.2
Zhuhai 15.2 402.4 474.6 402.0 251.5 15
Foshan 9.3 1249.3 842.4 1183.6 509.6 15
Jiangmen 311.4 2717.6 4691.2 798.3 816.8 0.8
Zhaoging 303.0 2305.6 11,162.3 507.2 619.0 0.3
Huizhou 258.1 2637.7 7193.1 836.4 363.6 1.5
Dongguan 74.2 303.1 554.7 1244.0 272.0 0.1
Zhongshan 5.1 550.1 350.2 525.2 307.5 0.1
Hongkong 149.9 44.0 614.8 225.8 42.1 0.1
Macao 1.2 0.0 7.7 20.6 1.5 0.0
Appendix B
Table A5. Variable statistic data in the GWR model (Source: Author).
. - Average Gross Total Real-Estate . . . Percentage of Third Density of the Road
ID_City ID_Districts Domestic Product Investment Population Local Financial Income Industry Structure (%) (km/km?) Water (km?2)
Macau 1 54.0641 8,205,520 675,400 24 96.123466 18.59892982 1.52347
Dongguan 2 9.8939 7,367,857 6,671,660 6.961 51.051457 3.110506073 272.041984
3 15.8207 4,580,317 632,714 8.5471 59.303399 6.424836714 11.6702
4 19.9182 1,306,494 248,112 6.3721 22.804844 1.001224412 46.5932
Foshan 5 9.8694 6,283,155 1,635,711 7.7422 43.376032 3.494233664 123.886
6 18.5703 2,694,853 396,162 6.6467 25.677484 2.10706799 207.502
7 11.8963 5,330,279 1,496,385 8.5008 42.446442 3.598818339 119.909

https://doi.org/10.3390/su18010470


https://doi.org/10.3390/su18010470

Sustainability 2026, 18, 470 28 of 34

Table A5. Cont.

ID_City ID_Districts Dﬁr‘::t:t%: Ii :)(::ISSC " Totle;lvlz::llnszttate Population Local Financial Income If;icsi:;ils%;ﬁ:ftzr}:ign) Denszlt(yn?liilg )Road Water (km?)
8 74239 1,909,690 1,353,103 11.4836 81.293928 4.482480061 56.4584
9 6.4641 1,003,901 423,148 9.7819 50.721160 0.956406938 31.2089
10 11.8923 2,159,830 760,604 8.7486 63.880700 3.535748936 95.086496
11 11.2103 1,622,431 674,278 11.1563 84.856775 8.86501493 13.231
12 12.5305 3,619,981 1,192,356 9.335 44913521 2.643845997 69.981296
Guangzhou 13 31.4288 3,190,702 809,460 11.0644 40.424971 3.115858231 23.11
14 12.7432 2,109,332 349,887 9.6448 77.726016 7.842591409 6.06268
15 19.7523 2,543,749 501,345 9.9439 37.662638 1.693742415 159.975008
16 26.7604 2,713,582 1,277,937 12.7325 92.953280 8.03132929 4.42162
17 28.0156 275,136 897,891 10.9165 98.184048 16.22569641 3.08964
18 9.3025 5,870,989 725,398 9.7587 58.133703 1.247403448 60.4422
19 6.0714 1,019,288 634,941 6.7756 41.815808 0.545555125 113.126
20 8.6100 2,981,618 952,176 8.0456 50.596274 1.024747431 133.29
Huizhou 21 6.6717 1,471,256 574,745 7.3058 55.744505 0.497065686 71.2586
22 14.8609 3,844,590 566,878 7.6828 28.134434 1.21141054 20.3776
23 5.5476 522,665 174,596 7.1179 50.623362 0.317225001 25.5106
24 3.9218 594,527 202,318 6.0984 59.749021 0.600507148 76.363904
25 6.9751 694,047 277,870 6.4793 41.986338 0.966710256 43.7146
26 7.0985 763,450 150,821 6.8014 34.938610 4.155105758 28.7744
Jiangmen 27 5.2429 449,954 417,749 6.6415 41.520449 0.799513348 84.0606
28 8.8727 1,191,921 420,503 7.5975 60.650186 3.864034533 42.8877
29 4.5394 726,892 531,906 6.5053 30.078324 0.681773769 337.836
30 7.7659 1,330,197 470,181 7.4514 36.705374 1.260784123 203.194
31 11.2761 3,806,755 2,252,703 8.0044 48.999328 6.443715813 25.175
32 25.1542 2,659,563 2,015,689 13.1381 94.022514 13.83182931 3.15684
33 15.0694 1,287,625 182,063 7.7276 35.883010 4.011256925 4.10329
34 18.6509 5,691,425 1,660,329 11.32723589 31.654492 3.582631893 12.4034
Shenzhen 35 14.6609 3,992,874 1,228,667 7.9495 40.084514 4.669296663 2.45936
36 21.8054 1,242,977 849,472 12.8932 96.319040 7.838635809 5.30963
37 34.3936 5,795,466 1,475,727 13.8218 59.214346 10.5205929 5.03208
38 16.0507 1,410,703 309,864 8.3389 35.626310 2.586781677 4.50806
39 25.5265 407,767 137,006 11.3414 85.969586 4.9242857 1.68607
Hongkong 40 31.5698 88,205,520 3,979,000 18.7248 92.132457 8.06232544 42.1082
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Table A5. Cont.
. e e Average Gross Total Real-Estate . . . Percentage of Third Density of the Road 2
ID_City ID_Districts Domestic Product Investment Population Local Financial Income Industry Structure (%) (km/km?) Water (km?)
41 4.1039 53,632 195,518 6.6696 48.012217 0.178690486 51.8438
42 6.3852 567,495 102,917 6.2453 37.663177 0.450598137 132.281
43 10.2430 755,260 259,791 7.9464 73.750206 2.355277637 21.3513
Zhaodin 44 3.9373 26,946 208,030 5.799 39.470573 0.15446998 79.3812
ams 45 5.4378 566,058 482,022 7.2448 40.297467 0.402944046 147.328
46 3.5929 171,116 246,008 6.2759 43.278004 0.201220677 15.1665
47 2.8757 267,314 394,751 6.3572 48.725101 0.286484185 34.2852
48 9.7076 1,070,592 363,972 6.748118887 42.420067 0.429413127 137.374
Zhongshan 49 11.0585 6,972,228 2,129,894 7.403 49.298958 2.702047519 307.456
50 8.1679 1,149,466 180,452 7.7497 35.453466 1.998500965 119.377
Zhuhai 51 21.3982 1,076,158 222,521 8.0326 25.764832 2.185287208 101.621
52 17.9270 5,645,296 756,743 8.994 59.529312 4.55550738 30.5232
Appendix C
Table A6. The regression results of the GWR model (Source: Author).
ID_City ID_Districts Observed Cond LocalR? Predicted Intercept
Macau 1 20.592699 5.286830 0.896456 —53.769541 37.983487
Dongguan 2 1243.959961 5.557242 0.946876 1203.401254 55.855030
3 120.751999 5.676211 0.895047 76.434921 37.263981
4 97.751602 5.367596 0.867641 80.433119 30.315930
Foshan 5 495.372986 5.694610 0.892249 325.026751 34.639685
6 139.906998 5.635170 0.880644 153.815450 20.664056
7 329.816010 5.619532 0.905360 294.472041 42.107992
8 242.294998 5.686652 0.919960 243.254683 39.291964
9 90.168800 5.434583 0.946548 110.421401 36.229768
10 213.906006 5.658453 0.925245 172.692931 45.265634
11 64.144302 5.697467 0.919912 61.890357 42.947186
12 225.791000 5.665084 0.908647 236.679470 30.729155
Guangzhou 13 158.223999 5.629816 0.934896 143.399971 45.100669
14 54.591599 5.716017 0.910901 14.769374 40.379679
15 101.695999 5.566012 0.927327 186.343473 45.883178
16 93.932701 5.685736 0.924465 162.172016 43.095890
17 27.261600 5.712697 0.916009 23.838235 41.117560
18 198.033005 5.578977 0.949517 161.582453 47.135755
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Table Aé6. Cont.

ID_City ID_Districts Observed Cond LocalR? Predicted Intercept
19 186.145004 6.025300 0.955397 204.978651 60.253205

20 226.033997 6.134507 0.950025 248.354208 74.869196

Huizhou 21 129.740997 6.288265 0.924542 176.899313 92.592665
22 247.380005 5.980389 0.945454 140.869675 79.016769

23 47.109001 5.860120 0.958125 79.223829 42.329382

24 97.019096 4.750765 0.863373 85.760869 38.423161

25 100.449997 5.319083 0.873886 91.717826 37.927297

26 39.960201 5.398390 0.895098 37.892018 42.799039

Jiangmen 27 119.345001 4.906290 0.864752 130.863792 40.026833
28 101.955002 5.448811 0.892042 90.257656 41.922615

29 186.692001 4.840259 0.860486 209.204426 49.758731

30 152.893997 5.226514 0.883420 181.119910 44.126737

31 244.518997 5.455105 0.938119 317.380582 53.150051

32 50.596802 5.406413 0.935351 157.479618 58.560280

33 87.496002 5.494013 0.942888 25.741159 56.910898

34 255.815002 5.691851 0.940591 252.502614 73.247007

Shenzhen 35 122.344002 5.478143 0.941541 166.077833 60.215675
36 29.051300 5.470384 0.937763 70.373937 63.817412

37 105.283997 5.393970 0.934063 118.367707 54.021197

38 70.001297 5.752563 0.942046 73.115346 74.677835

39 17.449699 5.588850 0.939046 7.490492 69.858151

Hongkong 40 225.824005 5.353256 0.926532 235.509174 59.266996
41 45.428600 6.141561 0.923214 42.722509 4.400842

42 43.733398 5.392580 0.871810 69.843398 11.962266

43 52.389000 5.278993 0.871963 51.197913 11.988287

Zhaoging 44 36.764599 7.513590 0.929248 43.079745 2.094082
45 103.787003 5.268618 0.871811 140.973189 12.374601

46 38.008598 5.686279 0.925745 41.666106 —2.928398

47 68.540497 6.843967 0.934481 69.472349 —4.129022

48 118.582001 5.311009 0.879334 120.993456 4.875403

Zhongshan 49 525.215027 5.444828 0.910999 489.764592 41.958740
50 81.589401 5.250404 0.887507 102.106645 42.636569

Zhuhai 51 161.414993 5.188905 0.873892 100.290830 44.832094
52 159.009995 5.303631 0.902377 107.270396 38.249503
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Table A7. The regression coefficients of the GWR model (Source: Author).
ID_City ID_Districts C1_AGDP C2_POP C3_RE C4_Income C5_13 C6 D_Road C7 A_Water Residual StdError StdResid
Macau 1 0.004003 0.000151 —0.00000393 5.4125 —0.8564 —8.7406 0.5791 74.3622 23.1516 3.2120
Dongguan 2 0.003992 0.000158 —0.00000402 2.7623 —0.7571 —14.0451 0.6100 40.5587 16.9090 2.3986
3 0.004022 0.000176 —0.00000299 0.9239 —0.8052 —9.8636 0.4095 44.3171 50.9480 0.8698
4 0.004037 0.000191 —0.00000061 0.6537 —0.9033 —9.4000 0.2767 17.3185 49.2549 0.3516
Foshan 5 0.004023 0.000177 —0.00000250 0.6930 —0.8060 —9.7302 0.4030 170.3462 50.0697 3.4022
6 0.004029 0.000181 0.00000087 0.0553 —0.8272 —8.9653 0.3754 —13.9085 39.4225 —0.3528
7 0.004017 0.000171 0.00000380 1.6200 —0.7961 —10.1481 0.4467 35.3440 51.9507 0.6803
8 0.004013 0.000170 —0.00000324 0.5544 —0.7348 —10.4490 0.4862 —0.9597 51.4114 —0.0187
9 0.004000 0.000165 —0.00000321 0.0319 —0.6809 —10.6788 0.5720 —20.2526 45.4043 —0.4461
10 0.004009 0.000165 —0.00000398 1.6142 —0.7513 —11.0400 0.5190 41.2131 52.3807 0.7868
11 0.004012 0.000168 —0.00000374 1.1287 —0.7506 —10.7053 0.4920 2.2539 50.9153 0.0443
12 0.004017 0.000173 —0.00000179 0.1111 —0.7464 —9.7042 0.4547 —10.8885 50.7112 —0.2147
Guangzhou 13 0.004006 0.000165 0.00000387 1.0102 —0.7189 —11.3492 0.5388 14.8240 50.3835 0.2942
14 0.004016 0.000171 0.00000344 0.9497 —0.7660 —10.3290 0.4617 39.8222 50.9512 0.7816
15 0.004005 0.000161 0.00000408 2.5891 —0.7673 —11.2110 0.5570 —84.6475 48.9793 —1.7282
16 0.004010 0.000167 —0.00000372 0.9773 —0.7373 —10.8451 0.5044 —68.2393 50.4208 —1.3534
17 0.004014 0.000170 —0.00000352 0.9077 —0.7532 —10.4927 0.4773 3.4234 33.5265 0.1021
18 0.003996 0.000162 —0.00000397 1.0181 —0.7045 —12.3386 0.5860 36.4506 49.6029 0.7348
19 0.004044 0.000166 —0.00000407 1.9671 —0.7989 —16.7759 0.4629 —18.8336 44.3945 —0.4242
20 0.004045 0.000170 —0.00000411 3.2290 —0.8825 —20.1186 0.3353 —22.3202 40.7924 —0.5472
Huizhou 21 0.004045 0.000182 —0.00000424 5.0451 —1.0865 —25.1226 —0.0101 —47.1583 42.0045 —1.1227
22 0.004042 0.000164 —0.00000398 4.5475 —0.9043 —20.0327 0.4271 106.5103 47.1326 2.2598
23 0.004077 0.000165 —0.00000380 0.6151 —0.7347 —13.0220 0.5591 —32.1148 41.5798 —0.7724
24 0.004051 0.000203 —0.00000025 1.2285 —0.9900 —9.0621 0.1566 11.2582 43.5564 0.2585
25 0.004032 0.000186 —0.00000273 1.3253 —0.8883 —9.4542 0.2984 8.7322 49.0095 0.1782
26 0.004019 0.000171 —0.00000405 2.5204 —0.8374 —9.4864 0.4126 2.0682 50.8721 0.0407
Jiangmen 27 0.004041 0.000197 —0.00000230 1.5831 —0.9562 —9.1237 —0.0013 —11.5188 48.3418 —0.2383
28 0.004022 0.000174 —0.00000382 1.9647 —0.8382 —9.6343 —0.0201 11.6973 51.7728 0.2259
29 0.004034 0.000187 0.00000421 3.3246 —0.9613 —8.1985 —0.0125 —22.5124 23.0150 —0.9782
30 0.004023 0.000174 0.00000411 2.8738 —0.8728 —8.9985 0.3550 —28.2259 48.0663 —0.5872
31 0.003993 0.000155 0.00000395 3.8154 —0.7878 —13.3020 0.6363 —72.8616 49.6988 —1.4661
32 0.003986 0.000151 —0.00000382 4.9680 —0.8332 —14.3357 0.6679 —106.8828 42.3493 —2.5238
33 0.003990 0.000156 —0.00000395 3.6243 —0.7850 —14.2127 0.6302 61.7548 50.7946 1.2158
34 0.003977 0.000155 —0.00000382 5.2892 —0.8865 —17.7418 0.5917 3.3124 46.9215 0.0706
Shenzhen 35 0.003987 0.000154 —0.00000389 4.2620 -0.8117 —14.8943 0.6417 —43.7338 50.4356 —0.8671
36 0.003983 0.000152 —0.00000380 5.1046 —0.8485 —15.4698 0.6573 —41.3226 51.0684 —0.8092
37 0.003990 0.000152 —0.00000386 4.6391 —0.8160 —13.4153 0.6615 —13.0837 49.8230 —0.2626
38 0.003976 0.000157 —0.00000385 5.1343 —0.8889 —18.2357 0.5630 —3.1140 49.0607 —0.0635
39 0.003979 0.000153 —0.00000380 5.3346 —0.8743 —16.8240 0.6293 9.9592 50.2426 0.1982
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Table A7. Cont.
ID_City ID_Districts C1_AGDP C2_POP C3_RE C4_Income C5_13 C6 D_Road C7 A_Water Residual StdError StdResid
Hongkong 40 0.003958 0.000147 —0.00000370 6.0704 —0.8738 —14.0754 0.7046 —9.6852 3.4559 —2.8025
41 0.004066 0.000158 —0.00002845 —1.3464 —0.9703 —9.8565 0.1483 2.7061 44.2747 0.0611
42 0.004040 0.000187 —0.00000566 —0.1886 —0.8998 —8.7548 0.2978 —26.1100 47.9965 —0.5440
43 0.004045 0.000189 —0.00000760 —0.2790 —0.9333 —8.9611 0.2527 1.1911 48.0835 0.0248
Zhaodin 44 0.004078 0.000151 —0.00003228 —1.8038 —0.9224 —9.6078 0.1296 —6.3151 38.7651 —0.1629
ang 45 0.004046 0.000190 0.00000768 —0.2807 —0.9368 —9.0011 —0.0201 —37.1862 46.9568 —0.7919
46 0.004049 0.000157 0.00002502 —0.5976 —0.9306 —8.9865 —0.0200 —3.6575 40.7713 —0.0897
47 0.004061 0.000157 0.00002667 —0.5689 —0.9552 —8.9574 —0.1045 —0.9319 37.2810 —0.0250
48 0.004038 0.000181 0.00000788 —0.3380 —0.8789 —8.3576 0.3295 —2.4115 48.5576 —0.0497
Zhongshan 49 0.004010 0.000161 —0.00000411 3.3080 —0.8088 —9.8708 0.5198 35.4504 37.6895 0.9406
50 0.003967 0.000163 —0.00000419 4.1354 —0.8637 —8.5741 0.4361 —20.5172 49.8890 —0.4113
Zhuhai 51 0.003970 0.000160 —0.00000420 5.0172 —0.8923 —8.0132 0.4121 61.1242 48.8761 1.2506
52 0.004010 0.000151 —0.00000392 5.2563 —0.8467 —9.1387 0.5979 51.7396 50.2377 1.0299
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