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Overlapping structures, often overlooked, are crucial in shaping comprehensive urban development and broader
megaregional strategies. To address the gap, this study conducts the overlapping communities analysis in the
Pearl River Delta (PRD), a megaregion in South China, using big geospatial data from 2018. A novel Overlapping
Community Detection based on Density Peaks (OCDDP) is employed to generate multiple communities with
diverse functions for different nodes in the commuting network of 60 sub-city divisions. We identify eight
overlapping communities in PRD characterized by two categories of communities predominantly centered
around Shenzhen and Guangzhou, revealing a bicentric spatial structure. Notably, central sub-cities are char-
acterized by a low-overlap attribute, while peripheral sub-cities manifest a high-overlap tendency. Furthermore,
the study investigates the driving forces behind these communities through ridge regression to analyze the
impacts of various spatial flows, including policies, investment amount and times, branch funding and number,
travel cost, and travel distance, co-patenting, and search index. This part found that four Shenzhen-centric
communities are primarily driven by travel cost, co-patenting, branch funding, and number, while the four
Guangzhou-centric communities are influenced by co-patenting, investment amount, and times. This study
emphasizes differentiated functional linkages and the need for precise policy positioning and resource allocation,
paving the way for a coordinated and holistic approach to megaregional development.

1. Introduction

Cities, which encompass various scales, are the outcome of multiple
interactions among diverse components. This understanding has been
effectively elucidated through the lens of complexity science, empha-
sizing the interwoven dynamics among system components, rather than
focusing solely on individual properties (Palla et al., 2005). Complex
systems are characterized by the nonlinear interactions and adaptive
behavior of constituent elements (Bassolas et al., 2019; Caldarelli et al.,
2023), demonstrating the nested and overlapping structure of the
communities (Palla et al., 2005). Thus, it is crucial to consider the
intricate dynamics of cities shaped by the multifaceted interactions
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among their diverse components.

Complex urban systems achieve a shift from geographically multi-
scale to functionally multilevel characteristics as demographic, social,
and economic linkages become more nested in cities (Bai et al., 2017;
Tang et al., 2021). This perspective implies that each community does
not serve a single function in isolation but shares multiple functions with
others (Ahn, Bagrow, & Lehmann, 2010). Although cities often fulfill
multiple global roles, such as cultural centers, economic hubs, or
transportation nodes, urban studies frequently approach these functions
in isolation, with limited exploration of their multilevel overlapping
dynamics.

The shift towards recognizing overlapping communities in urban
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studies emerges from the growing complexity of city systems, which are
no longer characterized by singular, homogeneous characteristics but
rather by a rich mosaic of overlapping identities and functions (Zhang
et al., 2020). This nuanced perspective offers a fresh lens to examine
urban systems, moving beyond traditional compartmentalized analyses
to reveal the intricate, multilayered interdependencies that underpin
urban evolution and functionality (Peixoto, 2021). By pinpointing in-
tersections where diverse social, economic, and infrastructural functions
overlap, this approach uncovers subtle nuances of urban connectivity
and cohesion, often overlooked by conventional non-overlapping
models. Such insights not only enhance our understanding of the
spatial and functional organization within individual cities but also shed
light on broader megaregional structures. It highlights how cities within
a megaregion are interconnected through layers of shared community
functions, thus offering a more comprehensive view of urban dynamics
(Palla et al., 2005). Through this lens, we gain insights into the fluidity
and dynamism of urban spaces, providing a deeper understanding of
how cities evolve and adapt in response to changing demographic and
economic landscapes, and allowing for a fuller appreciation of the
complex spectrum of interactions that shape megaregional structures.

Recent studies have regarded overlapping communities as a way to
better comprehend the layered structure’s multilayer nature in the fields
of economics, sociology, and biology (de la Torre, Kalda, Kitt, &
Engelbrecht, 2018; Pavesi et al., 2018; Zhou & de Vries, 2022). Finding
groups of nodes in a network that perform similar tasks improves the
representation of urban systems as a whole (Palla et al., 2005; L. Zhou,
Zhang, Fang, Sun, & Lin, 2020; Zhou, Zhou, De Vries, Liu, & Sun, 2024).
However, there is still a lack of research on the exploration of over-
lapped functions and the failure to uncover multilevel nested structures
in urban studies. One way to better grasp the complex urban spatial
structure and the hierarchical structures of mixed-use planning is to
examine how various functions interact and how different functions
might be combined. For this reason, it is essential to take a complex
systems viewpoint and include overlapping community detection in
studies of urban spatial organization (Peel, Larremore, & Clauset, 2017;
Peixoto, 2021).

Another issue is in understanding the causes of overlapped struc-
tures. Many studies still remain on the exploratory analysis of urban
structure, which spans various historical and contemporary perspec-
tives. This comprehensive overview of spatial structure analysis in urban
studies traces its evolution from clustering socioeconomic attributes to
exploring flow- or network-based urban functions, examining historical
approaches, spatial dependence perspectives, functional area delinea-
tion, and network-based methodologies (Li et al., 2022; Zheng et al.,
2022; Cainelli et al., 2022). Despite these approaches, there remains a
gap in understanding complex, interwoven urban structures and the
driving forces behind their formation due to limited data availability
and methodological challenges.

To fill these research gaps, we explored the multilevel spatial
structure and its driving forces in the Pearl River Delta (PRD) of southern
China, by adopting a novel overlapping community detection based on
density peaks (OCDDP) and Ridge Regression, with the aim of providing
valuable insights for effective megaregional integration strategies. We
first tracked 1,718,068 flows from or to other sub-cities of PRD from a
large anonymous mobile phone signaling (MPS) data set from 16 April to
1 May 2018. These data sets were distributed in 3600 pairs to construct
the sub-city network and detect distinct types of overlapping commu-
nities. We utilized a series of novel multi-source spatial big data,
including flows of branch flows, investment patterns, innovation net-
works, information exchange, policy interventions, and traffic patterns,
to explore the causal effects of the formation of each overlapping com-
munity. We attempted to explore the following three research questions:
(1) What are the underlying patterns and characteristics of overlapping
communities? (2) What are the key driving forces behind the formation
of overlapping communities, and how do these communities impact
megaregional integration strategies? (3) How and to what extent do
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various factors contribute to the formation and stability of overlapping
communities?

The rest of the paper is structured as follows. Section 2 reviews a new
analytical perspective on overlapping structures as well as the driving
forces of varying spatial structures. Section 3 describes the research
area, dataset, and methods. Section 4 presents the empirical findings.
Section 5 discusses and section 6 concludes.

2. Literature review

2.1. Redefining spatial structures in urban planning: Embracing the
overlapping community paradigm

In urban planning discourse, complex network theory has emerged
as an instrumental tool in interpreting spatial structures, with the
availability and accessibility of abundant flow data. Numerous studies
have harnessed multi-source spatial big datasets encompassing trans-
port, human mobility, information trajectories, and capital movements
to explore the spatial structure. For example, Bationo et al. (2023)
applied private capital flow data to delineate connections between
various production sectors, culminating in the formation of a national
community structure. Similarly, Yu, Li, Yang, and Zhang (2020) utilized
mobile data to unearth the commuting structure, thereby highlighting
pronounced employment-housing linkages across urban districts.

Yet, a notable cognition among these investigations is their con-
centration on single-layer structures in diverse functional urban spaces
(Yin, Soliman, Yin, & Wang, 2017). Their objective often revolves
around demystifying the city’s networked system in cyberspace via
precise spatial mapping. Such approaches inherently presuppose that
each node in the network is a unique member of a single community.
Such a reductionist perspective may inadvertently truncate the analysis,
potentially omitting the multifaceted interrelations within the network
and neglecting embedded layers (Yu et al., 2020; Palla et al., 2005;
Peixoto, 2021).

Contrary to this prevailing methodological approach, empirical ob-
servations suggest that many networks comprise highly overlapping
cohesive clusters or communities, with nodes that are intricately inter-
twined (Palla et al., 2005). Such nested structures resonate with various
socio-cultural dimensions (Peixoto, 2021). This refreshed viewpoint on
the spatial structure has garnered significant attention in various fields,
including economics (de la Torre et al., 2018; Onnela, Chakraborti,
Kaski, Kertész, & Kanto, 2003), biology (Pavesi et al., 2018; Spirin &
Mirny, 2003), and sociology (Elyasi, Meybodi, Rezvanian, & Haeri,
2016; Lei, Zhou, & Shi, 2019).

The relevance and implications of community overlaps in network
theory are profound. A network’s complexity across different disciplines
can be vividly portrayed by nodes spanning multiple communities. For
example, an extremely intricate network built through characteristics of
family, schoolmates, and hobbies can be illustrated. Protein can be
associated with complexes or functions, and in this way, protein
belonging to divergent communities establishes large and complicated
networks. It is evident that these overlapping communities exhibit a
functionally multi-level network structure than their non-overlapping
counterparts, which facilitates the investigation of complex network’s
nested patterns (Ahn et al.,, 2010). In light of this, the exploration of
overlapping communities emerges as a pivotal refinement to conven-
tional methodologies, aiming to capture the nuanced interplay of mul-
tiple identities and roles within urban networks. This perspective
underscores the critical need for an overlapped framework in under-
standing the intricacies of urban and megaregional structures, as it en-
ables a more nuanced depiction of inter-community connections and the
multifunctional nature of urban spaces (Lei et al., 2019; Palla et al.,
2005).

While the mentioned studies have acknowledged the value and sig-
nificance of overlapping structures in discerning interwoven commu-
nities, there remains a notable research gap in the field of geography and
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urban planning. This lacuna in our understanding of diverse commu-
nities’ characteristics and needs limits our ability to delve into over-
lapping communities, which are pivotal in shedding light on urban
boundaries, functions, and resource distribution (Bai et al., 2017;
Bationo et al., 2023; Palla et al., 2005). Moreover, advancements in
networked communication and transportation technologies have paved
the way for optimizing urban facets such as population, land use, capital
deployment, technological integration, and information dissemination.
These innovations have fostered the emergence of sophisticated syner-
gistic networks between cities and introduced more efficient resource
allocation methods (Fang & Zhao, 2018; Priemus & Hall, 2004). The
integration of an overlapping communities’ perspective in urban plan-
ning and geography thus addresses a critical gap, offering a sophisti-
cated lens through which to examine the dynamic interconnections and
layered functionalities within and across urban regions. This approach is
particularly relevant in the context of megaregional analysis, where
understanding the depth and breadth of inter-city relationships is crucial
for devising nuanced strategies for spatial organization and regional
cohesion. Given these developments, there’s an emergent and compel-
ling demand to pivot towards network-centric analyses of overlapping
structures, combined with finer-grained big data, to enhance our grasp
of complex urban phenomena and inform effective planning initiatives.

2.2. Varying analytical perspectives on the driving force of spatial
structure

The detection of spatial structure has progressed from identifying
clusters of socio-economic attributes to probing the functional in-
teractions within urban networks (Derudder & Taylor, 2018; Ross,
2012). To effectively understand spatial structures, it is crucial to
examine a variety of structures across different flow data sets and
analyze the key drivers behind them. This paper thoroughly reviews the
factors and methodologies used to identify the determinants of spatial
structures, leveraging empirical studies that offer a range of valuable
insights.

Early studies on spatial structure often portrayed it as a mosaic,
employing factor analysis and cluster analysis to delineate the spatial
distribution of various attributes. These studies aimed to classify social
areas by similarities in attributes, adopting two primary approaches for
explaining the formation of these areas (Shevky, 1972; Feng Jian, 2018;
Zhang et al., 2020). One approach involves estimating simple linear
correlations among variables using methods like density functions, logit
models, or higher-order factor analysis (Anas, 1990; Davies & Musson,
1978; Parr, 1985). The second approach is chronological, involving the
overlay of maps from multiple periods to study the continuity and
evolution of urban spatial patterns (Fulong & Yeh, 1999; Parr, 1979;
Riitters et al., 1995). These studies typically incorporated census pop-
ulation, residential density, and business investment as the variables.
While they focused primarily on regional homogeneity and heteroge-
neity, only traditional maps were used for the research.

A second perspective focuses on spatial dependence, examining the
relationships between a focal unit and its neighbors to detect spatial
structure through the aggregation and dispersion of spatial attributes
(Getis & Ord, 2010; McMillen, 2001). Unlike the first perspective, this
view prioritizes distance as a key variable, investigating spatial factors
in relation to geographic distance using models like distance decay
exponential models, gravity models, and distance proximity matrices
(Griffith & Jones, 1980; Sohn, 2005). In order to understand how con-
nections are formed within a specific distance, researchers also analyze
the density gradients of populations and employments within each
spatial unit (Getis & Ord, 2010; McMillen, 2001). This perspective goes
beyond mere statistical analysis and incorporates spatial mathematical
models that are related to geography and urban planning.

Furthermore, when considering spatial structures based on flows or
networks, a third perspective aims to identify and define functional
areas characterized by interdependent socio-economic links (Farmer &
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Fotheringham, 2011; Zhang et al., 2020). These functional areas can be
regarded as spatial structures with strong commuting connections,
linked to fundamental concepts such as central places, urban hierarchy,
and commodity flows (Balland & Boschma, 2021; Casado-Diaz, 2000).
This comprehensive approach seeks to elucidate the driving forces
behind spatial structures, typically using data on commuting,
employment-housing balance, regional demographics, land use, and
goods flows (Hu, Yang, Yang, Tu, & Zhu, 2020; Lee, 2007; Xu et al.,
2020).

In contrast to these approaches, recent studies have increasingly
employed network-based methods to examine urban networks or spatial
structures, utilizing advanced techniques in network visualization and
mapping (Zhang et al., 2020; Zhang & Thill, 2019). These analyses vary
in scale, ranging from small-scale urban studies to large-scale national or
international. Small-scale analysis mainly studies within a city, which
often employs centrality indices and binary metrics to reveal the for-
mation of urban structures (Zhang & Thill, 2019; Zhao, Derudder, &
Huang, 2017). Medium-scale analysis delves into spatio-temporal net-
works within megaregions, uncovering spatial structures shaped by
converging events and activities (Zhang & Thill, 2017; Zhou, Yue, Li, &
Wang, 2016). Large-scale analysis, spanning national or international
scope, constructs city-pair or industry-pair matrices to analyze the city
connectivity and decipher the driving forces behind these networks
(Derudder et al., 2013; Z. Wang, Fu, Liu, & Liao, 2023).

Despite progress in comprehending network relationships in urban
contexts, insights into the drivers of network structure are still scarce,
primarily due to the scarcity of multi-source data and established
research methods. Our study addresses this gap by employing ridge
regression, a robust statistical tool known for its effectiveness in
handling multicollinearity issues. This method, combined with the use
of rare and valuable multi-source flow data, enables a more precise
understanding of the dynamics within urban network systems. This
comprehensive approach directly informs the creation of targeted, data-
driven strategies for megaregional development.

3. Methodology
3.1. Research area

This research is centered on the Pearl River Delta (PRD), a prominent
mega-city region in southern China, adjacent to the special adminis-
trative regions of Hong Kong and Macau (Fig. 1). As outlined in the 2019
Outline of the Development Plan of Guangdong, Hong Kong, and Macao
Greater Bay Area, this area is envisaged to transform into an integrated
Greater Bay Area. The PRD encompasses a total of 60 sub-cities, with
nine of these - Guangzhou, Shenzhen, Zhuhai, Foshan, Dongguan,
Zhongshan, Zhaoqing, Huizhou, and Jiangmen - functioning as the pri-
mary prefecture-level administrative units.’

The cities within the PRD have significantly contributed to industrial
development and talent attraction through enhanced connectivity and
substantial improvements in transportation and infrastructure networks.
This dynamic development has established the PRD as a globally
recognized urban megaregion, distinguished by its complex and inter-
woven network of cities and sub-cities (Zhang et al., 2020). This intri-
cate urban fabric exemplifies a successful model of regional integration,
setting a precedent for urban development and planning.

1 Significantly, Dongguan and Zhongshan stand out as two unique cities that do not utilize the
traditional district and county divisions. For conducting analyses on the sub-city level, we reference the
subdivisions outlined in each city’s Master Plan. Specifically, Dongguan is divided into six sub-city
clusters: Urban Core, East, Songshan Lake, Southeast, Binhai, and New Town. In contrast, Zhong-

shan is organized into five sub-city clusters: Northeast, East, South, Northwest, and Urban Core.
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Fig. 1. Geographical Overview of 9 Cities and 60 Sub-Cities within the PRD Megaregion, China.

3.2. Data collection

This research employs mobile phone signaling (MPS) data to detect
the overlapped structures within urban areas. The dataset includes in-
formation on cell phone users’ estimated residential and workplace lo-
cations in the Pearl River Delta (PRD) from April 16th to May 1st, 2018,
derived from mobile phone trajectories. Residential locations were
inferred from the longest stops between 9 PM and 8 AM, while work-
places were identified from stops between 7 AM and 7 PM. The study
focuses on users exhibiting regular movement between these points to
map out a commuting network, operating under the assumption that
such consistent patterns are indicative of commuting behavior. The
analysis encompassed over 12 million commuters, primarily within
major PRD cities. While 85.31% of commuting takes place within the
same districts, this research underscores the significance of 1,718,068
inter-city flows distributed across 3600 city pairs, which are instru-
mental in deciphering the complexities of regional connectivity. Fig. 2
displays these flows on a 500*500 m grid, constructing a detailed
commuting network that reveals interconnections between sub-cities.
Unlike traditional methods, such as field surveys or geo-tagged social
media data, using big data on mobile phone trajectories allows for a
more detailed network analysis that transcends the boundaries of cities
or counties. Each record in this dataset includes anonymized user de-
tails, residence and workplace locations, and residence time, with its
richness and breadth being pivotal for a comprehensive examination of
spatial interrelationships and community dynamics within the PRD.

The study delineates a comprehensive network of the Pearl River
Delta’s (PRD) urban landscape by employing a multi-dimensional
dataset to analyze the driving forces behind the formation of over-
lapping communities. This dataset encapsulates various element flows
that signify the economic, innovative, informational, policy, and traffic
interconnections among the sub-cities within the PRD, as illustrated in
Table 1 and Fig. 3. Table 1 encapsulates the key data variables and
metrics utilized to analyze the inter-city connectivity and the multifac-
eted interactions that underlie the formation of overlapping commu-
nities within the region. Fig. 3 depicts the spatial distribution of various
flows within the Pearl River Delta.

Branch number flows (BRnum) represent the count of enterprise
branches between two city pairs, signifying the magnitude of business

expansion and economic interdependency. Branch funding flows
(BRfund) indicate the transfer of funds due to the movement of goods
between headquarters, reflecting the financial transactions that facili-
tate economic activities across the region. These variables elucidate the
economic linkages between city pairs, underscoring the pivotal role such
connections play in facilitating individual mobility. As individuals
navigate between various firm branches, they engage in a quest for in-
formation, market opportunities, collaborative ventures, and intra-
organizational communication (Argote & Ingram, 2000). In light of
this, BRnum and BRfund are incorporated within our analysis to delin-
eate the influence exerted by enterprise branches on the movement
patterns observed.

Investment times flows (IVnum) and investment amount flows
(IVcapital) are indicative of the frequency and volume of investments
made between headquarters, serving as a barometer for the region’s
capital investment climate. Innovation flows (patent) quantify instances
of innovation cooperation, as evidenced by co-patenting activity (Wang
et al., 2020), which serves as a direct indicator of the cities’ collabora-
tive research and technological development. Financial activities and
knowledge cooperations rely heavily on private and face-to-face
communication, which are instrumental in the exchange of tacit
knowledge and complex information (Bhimani & Langfield-Smith, 2007;
Gehrig, 1998; Tchamyou, 2019). Thus, these two variables come with
high intensity flows of individuals, which would impact the identifica-
tion of overlapping communities.

Information flows (search), captured through the pairwise frequency
of sub-cities searched on web pages (Zhong et al., 2019), reflect the
digital connectivity and the prominence of the cities in the information
space (Zhen et al., 2019). Policy flows (policy), deduced from the fre-
quency of sub-cities’ mentions in policy documents, offer insights into
the extent of policy influence on regional integration and development.
These variables not only capture the digital and legislative connections
between sub-cities but also hint at their potential impact on the move-
ment patterns of individuals. The interplay between digital visibility,
policy engagement, and physical mobility underscores the complex
dynamics at play in shaping urban and regional landscapes in the in-
formation age (Lim, 2014; Milbourne et al., 2014; van der Waerden
et al., 2019).

Traffic flow data for the Pearl River Delta was calculated using the
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Table 1
Overview of Key Data Variables and Metrics for PRD.
Data Type Variable Acquisition Data Source Total
Name Time Pairwise
links/
funding
amount
Branch BRnum Jan 1 to Dec National 80,519
number 31, 2019 Enterprise Credit
Info. Publicity
System in China
Branch BRfund Jan 1 to Dec National 43.9 billion
funding 31, 2019 Enterprise Credit yuan
Info. Publicity
System in China
Investment IVnum Jan 1 to Dec National 144,520
times 31, 2019 Enterprise Credit
Info. Publicity
System in China
Investment IVcapital Jan 1 to Dec National 2724.7
amount 31, 2019 Enterprise Credit billion yuan
Info. Publicity
System in China
Innovation patent March 1 to 31, Co-patenting data 120,000
2021 (Wang et al.,
2020)
Information search March 1 to Google Web pages 54,000
March 31,
2021
Policy policy Jan1,2019to  Policy documents 16,953
Dec 31, 2021 from government
websites
Traffic cost TRcost March 1 to Baidu Maps API 2.69 million
March 31, yuan
2021
Traffic TRdis March 1 to Baidu Maps API 270,000
distance March 31,
2021

Baidu Maps API. This tool provided estimates for travel time and cost
between sub-city pairs, reflecting the accessibility and economic aspects
of transportation (Zhang et al., 2020). Data was collected for different
times of the day to capture peak and off-peak variations, specifically at 9

am, 12 pm, 3 pm, 6 pm, and 10 pm, over the month of March 2021. To
improve data visualization, travel costs were inverted, with zero costs
set to one, thus standardizing the dataset for analysis. This process
resulted in 270,000 data points representing the region’s traffic flow.
Traffic flow data, representing the intricacies of transportation linkages
between sub-cities, plays a pivotal role in shaping human mobility.
Accordingly, this crucial variable has been incorporated into our model.

Together, these data points represent the interconnectedness of the
sub-cities, forming an immense and intricate network that facilitates the
emergence of cohesive and overlapping communities. These data types
serve as a foundation for the textual elaboration that follows, discussing
how each flow type contributes to the functional synergy of the PRD and
thereby influences the spatial structure and community dynamics of the
region.

3.3. Methodology: overlapping community detection based on density
peaks (OCDDP)

This study identifies the overlapping structure of the PRD using a
directed commuting network, with 60 nodes indicating sub-city di-
visions (e.g., districts or counties) and 3600 links representing sub-city
pairs. The commuting numbers in each sub-city are not specifically
adjusted for the Modifiable Areal Unit Problem (MAUP), given our
primary aim to understand intrinsic commuting flows rather than
compare commuting volumes across different spatial scales. We also
consider the context-specific nature of commuting patterns in the Pearl
River Delta, where the scale of sub-cities is consistent with the functional
and administrative realities of the region, aiming to reflect the region’s
specific urban overlapping structure. Besides, we adopt a research
design that sidesteps hierarchical assumptions in favor of an equitable
view of each community. This design is shaped by the complex nature of
urban systems, where rigid hierarchical structures are often inadequate
to capture the nuanced interplay of interconnections.

The chosen method, Overlapping Community Detection Based on
Density Peaks (OCDDP) from the complex networks field, effectively
captures the region’s nuanced interconnections, recognizing the unique
and sometimes non-linear ties among sub-cities (Bai et al., 2017). This
method provides an unbiased analysis of the PRD’s urban network,
revealing not only the number of communities to which each sub-city
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Fig. 3. Spatial distribution of flows based on multi-source dataset. (Note: 85% of the flows are shown).

belongs but also identifying their core nodes,” thus highlighting the
distinct role of each without the imposition of artificial structural con-
straints. Overlapping nodes are typically located at the boundaries be-
tween two communities, connecting with nodes from both communities,
which leads to relatively high local density in certain instances. Through
this analysis, we gain valuable insights into the intricate patterns and
interconnections present within overlapping structure of the PRD.

In this model, each sub-city represents a node i = 1,2, ...N where N
denotes the number of divisions. The communities of each node are
calculated as follow:

sabg =ay
1 @
sab = sab"™" + EZsabgffl)(a >0)
pery
t o sabj; 1—t)enesabl”
st ) 2 2

j = a +
" mean(sab®) ’%sab,‘,i?sab;?

2 OCDDP proves to be a valuable algorithm for detecting overlapping communities in networks,
particularly in the case of real social networks, where it surpasses all other methods in comparison with

the top existing method SLPA and SpeakEasy.

N
B source
I Target A
(i) Traffic Distance [N E—
|
— 1 7£.]
dij = StTij (3)

0, i=j

where, a;; represents the linkage strength between node i and j, d; is the
distance between point i and j, sab; indicates the absolute strength of
linkage between them is denoted, str; denotes the strength of linkage
between node i and j, t represents weights of absolute and relative
strength of linkage.

To distinguish the cores of each community, the OCDDP uses regu-
larization to separate the two communities when calculating the dis-
tance 8;, the calculation is as follows:

p = Y X(dy - ) @
j
lifx<O0
X(x) = { 0 otherwise ®)

maxd; if p; = maxpy

& = (6)

min dy otherwise
J:Pj>pi

2
ol (2))
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where, p; is the local density of each point i, and d, is the cutoff distance.
The threshold d, is selected from the list of §. In this algorithm d, locates
around 80% of the ascending § list in which all § s are smaller than 1/¢.

3.4. Driving force analysis:Ridge regression

In our study, we employed ridge regression to analyze the de-
terminants of spatial structure. Ridge regression, an augmented form of
linear regression, is adept at addressing issues of multicollinearity and
limited sample sizes, making it particularly suitable for our analytical
context (Hoerl & Kennard, 2000). This methodological approach en-
hances the traditional linear regression by integrating a regularization
term, also known as the L2 penalty term, into the residual sum of squares
equation. This inclusion yields a refined ridge regression estimator. The
L2 penalty term systematically adjusts the magnitude of all coefficients,
effectively tempering the influence of each predictor and mitigating the
risk of overfitting—a common concern when variables are interdepen-
dent and the dataset for model training is constrained (Dorugade, 2014;
Hoerl & Kennard, 1970; McDonald, 2009). By ensuring a more balanced
consideration of predictors and reducing the likelihood of overfitting,
ridge regression emerges as the optimal analytical model for assessing
the impact of various potential driving forces in our investigation of
spatial dynamics.

In this model, community structure (Y) is a binary dependent vari-
able. When sub city i belongs to community c, its value isset as Y; = 1;
otherwise, Y; = 0. Then we constructed 9 independent variables to
represent the potential driving forces underlying the formation of
overlapping community structure, as we illustrated in Fig. 3. To match
with the dependent variable in the community-sub-city level, we mea-
sure each independent variable with the strength of the link between the
core city ¢ of community ¢ and each sub-city i. Subsequently, the
following ridge regression model is estimated:

Y. = oo + Bypatent,; + p,IVcapital ; + B, IVnum,; + p, BRfund,; + p, BRnum,;
+ By search,; + B, policy,; + B, TRcost,; + B, TRdis,; + ¢
®

Where ¢ is a community, r is the core city of community ¢, and i
represents sub cities. Y is a dummy variable about whether one sub-city i
belongs to one specific community c. patent,; is the number of co-
patenting between sub-cities i and the core city r in community c.
IVcapital; is the total amount of investment capital while IVnum,; is the
total number of investment projects between sub-cities i and core city r
in community c. BRnum,; is the total number branches and BRfund,; re-
fers to the total amount of funds transfered through branches between
sub-cities i and core city r in community c. search;; is the times that sub
city i and core city r in community ¢ are searched together on a web
page. policy,; represents times that sub-city i and core city r in commu-
nity ¢ are mentioned to be collaborative pair in the outline of the na-
tional economic and social development plan for each sub-city i. TRcost,;
indicates travel cost while TRdis,; is travel distance between sub-city i
and core city r in community c. Table 2 provides descriptive statistics for

Table 2
Descriptive Statistics for independent varaibles.
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various independent variables, displaying both original and normalized
data for comparability, with normalized values ensuring consistent
result interpretation across all variables

4. Results

4.1. Characteristics of overlapping communities in different megaregion
cities

Table 3 articulates the overlapping characteristics within the
regional commuting network of PRD, structured around 60 sub-cities
across 9 cities and delineated into 8 distinct yet intersecting commu-
nities via the OCDDP algorithm. 8 detected overlapping communities
elucidate the intricate commuting networks and the central sub-cities’
crucial roles in shaping the PRD’s complex spatial configuration. The
tabulation underscores the multifaceted nature of sub-cities: 40 of them
are identified as being part of more than one community, exhibiting
their functional versatility within the region. Specifically, 13 sub-cities
are shared between two communities, 15 among three, and 12 are
interlinked across four communities, indicating a complex web of shared
functions and responsibilities.

The cores of each community within the regional commuting
network are 8 sub-cities of Nanshan, Baoan, Futian, and Longhua in
Shenzhen, along with Tianhe, Haizhu, Baiyun, and Yuexiu in Guangz-
hou. These 8 sub-cities (marked with a red asterisk in Table 3) represent
the cores of the 8 overlapping structures, exclusively associated with a
single community each, reflecting their specialized urban roles within
the broader PRD region. Additionally, there are 14 other sub-cities that
are similarly identified with only a single community structure. This
configuration suggests a concentrated development within these sub-
cities, signifying a strong, specialized influence that integrates the
diverse sub-cities of the PRD into a cohesive urban entity.

Conversely, sub-cities associated with higher overlap in community
structures typically exhibit more distributed resources and functions.
This is evident in the 12 sub-cities that concurrently belong to up to four
community structures, including Doumen District in Zhuhai, Longmen
District in Huizhou, Liwan, Nansha, and Conghua Districts in Guangz-
hou, Shunde District in Foshan, Deqing, Duanzhou, and Sihui Districts in
Zhaoqing, and Enping, Kaiping, and Taishan Districts in Jiangmen.
These high-overlap sub-cities, often situated on the periphery of the
PRD, fulfill diverse roles within the megaregion’s network, enhancing
the interconnectivity of the non-central areas.

Fig. 4 depicts eight visual layouts illustrating the grouping features
and overlapping structures. The concentration of colors within certain
districts indicates the intensity and clustering of network connections,
thereby revealing the central hubs (highlighted with darker colors) and
the extent of their influence within each community. Structures a to
d focus on sub-cities predominantly located in the southeastern coastal
area of the PRD, while Structures e to h encompass sub-cities primarily
in the northwestern inland part of the region. This bifurcation illustrates
the existence of two primary urban clusters centered around the major
cities of Guangzhou and Shenzhen.

Variables N Original Data Normalized Data
mean sd min max mean sd min max
patent,; 432 43.3 279 0 4.39E+03 1.79e-09 0.992 —0.466 7.360
IVcapital,; 432 9.38E+05 5.88E+-06 0 9.92E+07 5.27e-10 0.992 —0.485 7.481
IVnum,; 432 196 1.05E+403 0 1.97E+04 5.09e-10 0.992 -0.713 7.313
BRfund,; 432 7.97E+03 1.41E+405 0 3.01E+06 —2.66e-09 0.992 —0.441 7.551
BRnumy; 432 92.2 238 0 2.14E+03 -0 0.992 —0.626 5.897
searchy; 432 3.08E+07 2.18E+07 6.14E+05 1.00E+08 —1.51e-09 0.992 —1.381 5.023
policy,; 432 1.86 1.16 0 6 —6.59%¢-10 0.992 —1.556 3.578
TRcostyi 432 62.4 41.6 0 202 —7.54e-11 0.992 —1.961 3.074
TRdisy; 432 1.20E+05 6.44E+04 9.61E+03 3.75E+05 —8.44e-10 0.992 —1.857 3.397
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Table 3
Overlapping communities and core sub- cities in the PRD’s commuting network.
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Communities a b c d e f g h

Communities a b c d e f g h

Shenzhen (SZ)
Nanshan
Baoan
Futian
Longgang
Luohu
Longhua
Dapeng * *
Pingshan * *
Yantian
Guangming * * *

Zhuhai (ZH)

Xiangzhou
Jinwan * * *
Doumen * * * *
Dongguan (DG)
Urban Core
East *
Songshan Lake
Southeast
Binhai * * *
New Town
Huizhou (HZ)
Boluo
Huicheng * * *
Huidong
Huiyang * *
Longmen * * * *

Foshan (FS)

Chancheng *
Gaoming * *
Nanhai *
Sanshui

Shunde * * * *

Guangzhou (GZ)
Tianhe
Huangpu
Haizhu

Baiyun

Huadu

Yuexiu
Zengcheng * * *
Panyu
Liwan
Nansha * * % %
Conghua

Zhongshan (ZS)

Northeast * %
East * w
South "
Northwest *

Urban Core * * %
Zhaoqing (ZQ)

Dinghu

Fengkai % * «
Gaoyao

Guangning

Huaiji * %

Deging % % % *
Duanzhou * % *
Sihui * * *
Jiangmen (JM)

Jianghai

Xinhui *

Heshan € *
Pengjiang
Enping
Kaiping % * * «
Taishan * «

Note: i = a, b, ...h where i denotes the id of each community structure. The core sub-city of each community is highlighted in the red text.

Structures a to d encapsulate the southeastern coastal cluster of the
PRD, where 25 sub-cities demonstrate intricate resource distribution
and connectivity patterns. The figures from Structure a to Structure
d reveal an increasing trend in the number of sub-cities, particularly
within the sub-cities associated with Shenzhen(SZ), Dongguan(DG), and
Huizhou(HZ). Their proximity fosters a dense network of interlocking
industries and transportation routes, facilitating robust inter-city
commuting links. Specifically, Structure a is depicted as the most
compact community, with only four coastal sub-cities. Moving to
Structure b, there is an expansion into the inland with the inclusion of
Dinghu District from Zhaoqing(ZQ), suggesting a break from the tradi-
tional coastal-centric development. Structure c further broadens the
coastal community, incorporating a wider range of surrounding regions
and indicating a more expansive coastal influence. However, Structure
d highlights a significant coastal agglomeration effect, with a stronger
emphasis on the coastal city of Zhuhai(ZH) and a reduced connection to
southeastern regional relations and inland communities.

Conversely, Structures e to h depict the northwest’s inland cluster
with 35 sub-cities, where the degree of overlap intensifies, suggesting a
more uniform resource distribution. The increasing presence of sub-
cities from Guangzhou(GZ), Foshan(FS), Zhaoqing(SQ), Jiangmen
(JM), and Zhuhai(ZH) in these community structures speaks to the
geographical contiguity and shared regional identity of these areas.
Specifically, Structure e is focused on the western peripheral sub-cities
contributing to cultural, industrial, and transportation networks, while
Structure f extends these connections into non-peripheral regions of
Zhongshan(ZS) and Huizhou(HZ). Following this, Structure g and h
illustrate expansive urban networks, with Structure g capturing a col-
lective of the aforementioned five cities, and Structure h encompassing
nearly all sub-cities in the PRD’s northwest.

Notedly, the Zhuhai sub-city is included in the community structures
(a)-(d) centered around Shenzhen, despite the lack of geographical
contiguity. This is primarily attributed to the Overlapping Community
Detection by Disjoint Paths (OCDDP) algorithm, which prioritizes high-
density commuting links over geographic proximity to define commu-
nity structures within the Pearl River Delta. Although the external
commuting volumes from Zhuhai to the core sub-cities of both Shenzhen
and Guangzhou are generally low, the commuting data still reveals a
relatively stronger link between Zhuhai and Shenzhen compared to
other potential pairings. This connection is significantly influenced by
developed shipping, railway, and road systems, which enhance the
functional connectivity despite the geographical distance. Our analysis
demonstrates that, especially for relatively isolated cities like Zhuhai,
specific infrastructural developments can foster strong commuting flows
and suggest that economic and social interactions are more indicative of
community structure than mere geographic proximity.

4.2. Driving forces of overlapping communities

We conduct ridge regression to analyze the impacts of potential
factors on the formation of each type of overlapping community. All
variables are normalized in order to make the results of these nine
divergent driving factors comparable. The results for eight communities
are displayed in Table 4. We can see that the determinants behind each
overlapping community are different, with only several key factors
being significant. These key factors are the main forces underlying the
formation of each community, which represent the external and internal
associations and interactions between the sub-cities.

For Structure a in Fig. 4, the results for investment amount and
search index are positively significant, indicating that the development
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Structure (c) Structure (d)

Structure (e) Structure (f)

Structure (g) ' Structure (h) == o

Fig. 4. Megaregional overlapping communities and the central sub-city (highlighted by darker colors) for each in the commuting network of the PRD.
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Table 4
The correlation coefficient (estimate) result of bivariate logistic regression analysis to measure the driving forces of the eight community structures in the PRD.
Variables a b c d e f g h
patent,; 0.049 —0.033 0.105* —0.061 —0.035 0.047 0.055 0.044
(1.332) (—0.861) (1.901) (-1.267) (-0.735) (0.664) (—0.508) (0.816)
IVcapital; 0.066** —0.024 —0.078 —0.487 0.098** 0.037 0.157 —0.008
(2.079) (—0.513) (—1.328) (—0.413) (2.03) (0.327) (0.936) (-0.172)
IVnum,; 0.041 -0.163 0.204"** 0.668 —0.053 —0.147 —0.170 —0.048
(0.782) (-1.14) (4.286) (0.472) (—0.689) (—0.661) (—0.880) (—0.746)
BRfund,; —0.034 0.023 —0.047 —0.121 —0.093 —0.053 —0. 007 —0.035
(-1.370) (0.473) (-1.129) (-1.376) (—1.481) (—0.963) (—0.120) (—0.890)
BRnum,; 0.036 0. 104 —0.039 —0.130 —0.081 0.086 —0.009 0.019
(0.726) (0.743) (—0.730) (—0.417) (—0.754) (0.558) (—0.072) (0.279)
search,; 0.093*** 0. 239%** 0.109** 0.180%** 0.036 0.300%** 0. 275%** 0.011
(3.222) (5.841) (2.179) (3.263) (0.485) (5.647) (4.590) (0.238)
policy,; —0.017 0.120* 0.045 0.291%** 0.241%** 0.026 0.127 0.385%**
(—0.437) (1.772) (0.696) (4.352) (4.101) (0.367) (1.523) (9.371)
TRcost,; 0.010 —0.050 —0.024 —0.006 —0.036 —0.223 —0.105 0.109
(0.197) (—0.485) (—0.265) (—0.042) (—0.233) (—1.024) (—0.584) 1.539
TRdis,; 0.059 0.046 0.033 0.097 —0.032 0.327 0.069 —0.173**
(1.113) (0.529) (0.386) (0.781) (—0.201) (1.508) (0.386) (—2.466)
Constant 0.051%** 0.169*** 0.203*** 0.271%%* 0.203*** 0.339%** 0.475%** 0.508***
(2.776) (4.775) (4.507) (6.106) (4.685) (6.768) (8.335) (13.124)
Observations 59 59 59 59 59 59 59 59
R-Squared 0.630 0.5615 0.5274 0.5110 0.430 0.451 0.363 0.709

Note: i = a, b, ...h where i denotes the id of each community structure.
Robust t-statistics in parentheses.

" p < 0.001.

" p<0.01.

" p < 0.05.

of this smallest community is mainly drived by capital flow and ex-
change of information between sub-cities and the core city of this
community, Longhua. However, the practical significance of these two
variables on the formation of community a is relatively smaller than
other communities, with 0.066 for investment amount and 0.093 for the
search index. As for Structure b, the main driving force is the search
index, representing that information exchange impacts the development
of this community. Besides, the coefficient of policy is significant at a
10% statistical level, showing that apart from information exchange, the
policy also contributes to this process. For Structure c, the coefficients
for investment number and search index are positively significant at a
5% statistical level, and the coefficient for patent cooperation is signif-
icant at a 10% statistical level. Thus, we can see that although with
similar spatial distribution, Structure b, and Structure c are formed
under the influence of different factors. Even though both are driven by
information exchange, the development of Structure b is more policy-
oriented while Structure c¢ is more investment and innovation-
oriented. As for Structure d, with Futian as the core city, this commu-
nity is mainly forced by search index and policy, both positively sig-
nificant at 1% statistical level.

In the above four communities, sub-cities like the Nanshan, Baoan,
Futian, Longgang, Luohu, and Longhua Districts in Shenzhen(SZ) are
mainly identified in one or two overlapping communities at the same
time and mostly as the community centers, indicating that they each
play a unity and prominent functional role in the PRD. On the contrary,
Zhuhai(ZH), Dongguan(DG), and Huizhou(HZ) have sub-cities that are
simultaneously identified in three or four overlapping communities,
such as the Doumen District in Zhuhai(ZH), the Binhai, and New Town
in Dongguan(DG), and the Huicheng, Huidong, Huiyang and Longmen
Districts in Huizhou(HZ), indicating that these sub-cities take on mul-
tiple roles of policy, innovative cooperation, and industry at the same
time.

The formation of Structure e are positively related to the investment
amount and policy, indicating that capital flow among enterprises be-
tween sub-cities and the core city, Yuexiu, and the policy guide issued by
government are the key forces underlying this community. Moreover,
the coefficient of search index for Structure f and Structure g are both
positively significant, and the results indicate that information exchange

is the only factor that influence the development of these two commu-
nities. Finally, for Structure h, the development of the community is
positively related with policy and negatively related to travel distance.
Thus, the policy guide between Baiyun and sub-cities facilitate the for-
mation of Structure h while the travel distance impede this process.

In the latter four communities, the major sub-cities are detected in
more than two communities, especially the districts or counties in
Zhongshan, Zhaoqging, and Jiangmen, showing that they perform mul-
tiple city functions such as information, industry, and investment in the
PRD. However, there are also some sub-cities, like the Tianhe, Huangpu,
Haizhu, Baiyun, Huadu, and Yuexiu Districts in Guangzhou, only
detected in one community, which means that they assume a main
function of crucial importance in the whole megaregion.

In sum, we can see from the results that the search index plays a
significant role in the development of most communities, indicating the
importance of information exchange, especially in the world of today.
The significance of information exchange exceeds the limitation of space
and explains the existence of a cross-regional community. Compared
with the inland sub-cities in the latter four communities, the influence of
information change is more significant for the eastern coastal sub-cities
in the first four communities. Moreover, apart from the search index,
investment between headquarters and government policy impacts the
formation of several communities in this study, showing the power of
the market and government. Market power is displayed more with
coastal sub-cities in the first four communities, while government power
is more essential for inland sub-cities in the latter four communities. The
effect of transportation is only significant for community h, the largest
community that includes nearly all the sub-cities in the northwest of the
PRD. Thus, the transportation system still works as crucial channels
connecting sub-cities, especially those in periphery regions, to the core
cities. Besides, the effect of innovation is only significant for community
c at a 10% statistical level, which is different from our expectation. This
phenomenon indicates that innovation cooperation still hasn’t played a
full role in the development of communities.

5. Policy implication and discussion
The study’s findings carry significant implications for regional
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cooperation division and rational resource allocation in the PRD and the
Greater Bay Area. The multi-level community structures in PRD high-
lights how various drivers present spatial characteristics through the
growth sub-cities. It is evident that resource allocation in the PRD re-
mains highly unequal, necessitating further adjustments in terms of in-
dustrial, transportation, and residential balance among communities.
The regression results indicate that coastal cities exhibit stronger in-
vestment and information connections, whereas inland cities have closer
policy and transportation linkages, which partly aligns with Zhao et al.
(2017). Coastal cities are more adept at forming intangible capital and
informational cluster effects, whereas inland cities rely more on gov-
ernment policy and traditional transportation. These observations
highlight the importance of strengthening connections between inland
and coastal cities in future policy planning. Such efforts would facilitate
the flow and integration of various elements across the region, ulti-
mately promoting a more balanced and equitable distribution of
resources.

The development of multiple urban clusters has been an essential
planning strategy for regional development. Based on geographic loca-
tion and urban connections, the Pearl River Delta Regional Spatial Plan
(2016-2020) divided the PRD into three major clusters: “Guangzhou-
Foshan-Zhaoqing,” “Shenzhen-Dongguan-Huizhou,” and “Zhuhai-
Zhongshan-Jiangmen.” However, in this study, the community structure
analysis reveals that the PRD is currently divided into only two major
segments, leaving cities in the last cluster integrated into the first two.
Zhuhai is more closely connected to the Shenzhen metropolitan area,
while Zhongshan and Jiangmen are more strongly linked to the
Guangzhou metropolitan area. These findings align with previous
studies on the networks and spatial structures of the PRD (Zhang et al.,
2020; Zhang, Fang, Zhou, & Zhu, 2020; Zhao et al., 2017). This indicates
that a polycentric structure hasn’t been achieved yet, and industrial
linkages and resource allocation are still influenced by the dominant
central cities.

Additionally, the identification of high-overlap sub-cities highlights
the problem of resource allocation imbalance existing in peripheral re-
gions, which are mainly situated in the non-central cities of the PRD,
such as Zhaoqing, Jiangmen, and Huizhou (He, Cao, & Zhou, 2021).
Among these cities, certain transportation infrastructure facilitates
cross-regional connections. For instance, in Structure b, a distant sub-
city, Dinghu District, is connected with coastal sub-cities through its
high-speed railway station, “Zhaoqing East Station,” which is linked to
the Shenzhen intercity railway. Moreover, Dinghu District has been
actively developing an innovative and entrepreneurial industrial base,
and subsequently fostering connections with the southern sub-cities in
the PRD. However, the overall accessibility in these peripheral cities
remains inadequate compared to other cities. To address this issue,
enhancing commuter networks to connect the periphery cities with the
core cities is crucial. Furthermore, Dongguan and Huizhou cities, which
are adjacent to Shenzhen, need to develop a regional-level trans-
portation system that connects longer distances. This approach will help
break the over-reliance on central cities and foster the growth of new
first-tier cities in the PRD. Moreover, collaboration with head enter-
prises and innovative capital will play a vital role in this endeavor,
accelerating the development of a more balanced and sustainable urban
network in the region.

Furthermore, it is important to highlight that the majority of sub-
cities overlap in similar communities. For example, all districts and
counties in Zhongshan are identified in Structures g and h, and all dis-
tricts and counties in Zhaoqing overlap in structures g and h, except for
Dinghu District, which belongs to the Shenzhen-centric community.
These cities that are primarily composed of high-overlap sub-cities
require special attention from the government, as they currently lack a
strong pillar industry and innovative capital. The emphasis should be on
not only establishing industrial connection and layout structures but
also achieving continuous turnover and development in technology-
related industries. Moreover, policies in these sub-cities should focus
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on attracting technology and high-tech talents. By fostering a favorable
environment for technology-driven industries, these cities can effec-
tively position themselves for sustainable growth and development in
the ever-evolving economic landscape.

Indeed, the multilevel community structure in the PRD necessitates
the implementation of related policies for coordinated cooperation. This
study also underscores the significance of flow networks in driving the
formation of the spatial structure. Thus, it is crucial for government to
focus on facilitating the establishment of external linkages between sub-
cities in the megaregion (Zhang et al., 2020). For instance, the branching
of headquarters enterprises fosters economic ties and industrial activ-
ities between different urban communities, which influences the plan-
ning of high-tech industrial parks and the layout of innovative
industries. Patent cooperation, on the other hand, facilitates the flows of
innovative knowledge between communities, and subsequently en-
courages the integration of innovative industries, research institutes,
and universities to form larger innovative communities. As such, the
spatial structure and planning policies of mega-regions should identify
differentiated functional linkages to achieve more accurate policy
positioning and resource allocation.

6. Conclusion

This study introduces an innovative understanding of analyzing
community structures: an overlapped perspective of how sub-cities
within megaregions interact and contribute to overall spatial patterns.
This insight shifts the focus from traditional, singular community ana-
lyses to a more integrated approach, acknowledging the multifaceted
nature of megaregion cities and their influence on regional develop-
ment. First, it identified eight distinct community structures driven by
various factors, underscoring the significance and effectiveness of the
multi-source data and the novel OCCDP method for finer-grained,
complex, and comprehensive network analysis. Second, it provides
empirical evidence on the megaregional complex dynamics and resource
distribution, where coastal cities exhibit stronger investment and
informational networks, and inland cities rely more on policy and
transportation linkages. This calls for strategic policy interventions to
facilitate balanced growth and integration between inland and coastal
areas. Third, the polycentric development strategies for existing regional
planning are driven by the gravitational pull of central cities like
Guangzhou(GZ) and Shenzhen(SZ) and their influence on surrounding
sub-cities, highlighting the challenges in resource allocation and infra-
structure development of peripheral sub-cities. It advocates for
enhancing transportation infrastructure and fostering innovation in
these regions to facilitate cross-regional connections and reduce de-
pendency on central cities.

This study makes significant contributions to analyzing the mega-
regional spatial development from three key aspects. Firstly, we intro-
duce the concept of overlapping communities as a novel perspective to
comprehend the spatial structure of megaregions. By utilizing mobile
phone signaling data, we unveil the complexity and multi-functionality
of sub-cities and further explore the mechanisms behind the multi-
functional nature of these cities. Next, unlike previous studies relying on
field surveys or geotagged data points, we leverage multi-source big
flow data, encompassing human mobility, capital flow, patent flow,
information flow, and traffic flow, to conduct a comprehensive analysis
of the structure and driving forces of overlapping communities. This
approach enables a detailed network analysis that transcends adminis-
trative boundaries and resolutions, providing a more comprehensive
understanding of spatial relationships. Lastly, this study pioneers the use
of the OCDDP method to explore the overlapping community structure
at the megaregion scale. This method performs excellently in effectively
identifying community cores and peripheral areas. Consequently, the
analytical perspective of overlapping communities and utilization of
multi-source data warrants further exploration in urban structure
studies.
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While this study provides valuable insights into urban structure,
there are still certain limitations, and further improvements can be made
in the following aspects. Firstly, the study is constrained by the avail-
ability of flow data and does not focus on the connection between Hong
Kong, Macau, and the PRD. As the Guangdong-Hong Kong-Macao
Greater Bay Area continues to develop, understanding the roles of urban
communities in Hong Kong and Macau within the entire Greater Bay
Area is essential. Secondly, considering the precision of flow data in time
and space, this study only examines external connections in sub-cities.
Future research could target certain types of flow data with higher ac-
curacy and explore smaller-scale units for a more detailed spatial anal-
ysis. Finally, conducting comparative studies on the structure of
overlapping communities in global megaregions would be valuable.
Comparing the differences and variations in network and spatial struc-
tures of megaregions across various World Class Bay Areas could provide
broader insights and enrich our understanding of urban development on
a global scale.
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