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Abstract: In the context of COVID-19, the efforts undertaken for epidemic control have imposed
limitations on the multifaceted development of China. This manuscript utilizes Baidu migration
data from 2019 to 2023 to classify the current developmental status of urban agglomerations (UAs)
in China. The explication of network structure is achieved through the computation of metrics that
capture network structural connectivity and hierarchical attributes. Additionally, an inquiry into
the spatio-temporal differentiation of the UAs’ network structure is carried out, encompassing three
phases: before COVID-19, the normalization stage of COVID-19, and after COVID-19. Furthermore,
Quantitative Analysis of Patterns (QAP) is employed to assess the impact of diverse influencing fac-
tors. The analysis yields several key findings: (D The impact of COVID-19 on the network structure of
China’s UAs manifests in two discernible stages—initial impact disruption and subsequent recovery
and reconstruction. ) The exploration of pertinent influencing factors during the primary stage of
UA development is impeded. 3 The growth stage and the UAs with a high level of development
exhibit have a closely intertwined relationship, fostering a more rational hierarchical structure and
demonstrating an enhanced capacity for swift recovery. @ It is discerned that economic develop-
ment level, medical facility standards, transportation infrastructure capacity, spatial proximity, and
innovation accessibility exert a discernible influence on the network structure of UAs. Importantly,
the extent of impact varies across different periods and types of UAs.

Keywords: big data; network structure; COVID-19; urban agglomerations (UAs); social network
analysis

1. Introduction

Urban agglomerations (UAs) are important carriers of economic accumulation, indus-
trialization, and urbanization. These spatial entities are characterized by complex networks
and connections that collectively define the structural network of UAs [1,2]. Previous
studies have demonstrated that UAs possess strong spatial interdependencies and intricate
interconnections among constituent cities, displaying network structures akin to those
observed in complex networks [2—4]. The evolution of these network structures reflects the
underlying economic and social development trajectories within these agglomerations [5].
Therefore, investigating the characteristics of UA network structures is of paramount
importance. It enhances our understanding of inter-city relationships and development dy-
namics, providing insights into the cooperation mechanisms and resource synergies within
UAs [6]. Such understanding is crucial for promoting the integrated regional development
of urban agglomerations [7].

The 19 distinct UAs in China each display unique developmental characteristics influ-
enced by geographical, demographic, industrial, economic, and other factors [8,9]. These
agglomerations encompass well-established international hubs like the Yangtze River Delta
(YRD), Beijing-Tianjin-Hebei (BTH), and the Pearl River Delta (PRD), alongside others in
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the early stages of development, characterized by substantial disparities in their develop-
mental statuses and potentials. Consequently, the analysis of Chinese UAs necessitates the
consideration of the spatial network attributes of each UA. Therefore, the study of China’s
UAs needs to take into account the characteristics of the spatial network within these
regions and summarize the development laws of the network structures across different
types of UAs through a comprehensive generalization and analysis.

Various countries and regions worldwide face the consequences of various public health
disasters, including SARS, Ebola, influenza A, avian influenza, and COVID-19 [10-12]. Con-
sequently, scholarly investigations into urban networks under epidemic-type public health
disasters predominantly center on city and inter-city networks during these periods [13].
Researchers construct models to elucidate the evolution patterns and characteristics of
these networks, comparing structural features before and after public health disasters to
substantiate their substantial impact on city aspects such as population, economy, and
society, which consequently influence network structures [14-16]. Modeling the network
structure of UAs during public health disasters elucidates their evolutionary laws and
characteristics. Comparative analyses of network structure characteristics substantiate
the significant impact on city aspects, subsequently influencing city network structures.
Previous research on urban networks was limited by the short duration of epidemics,
challenges in data collection, and issues with precision, relying primarily on traditional
panel data or big data methodologies to examine structural characteristics and evolutionary
patterns. The COVID-19 pandemic of 2020, however, presented a unique scenario in terms
of duration and impact compared to previous public health crises. Its prolonged presence
and severe consequences significantly altered the network structures of urban agglomera-
tions (UAs) all over the world. In response to the pandemic, most countries engaged in
stringent epidemic control measures and entered a phase of prolonged epidemic normal-
ization, which, in China, concluded officially on 8 January 2023. This shift prompted by
the epidemic led scholars to investigate the evolution of the network structures of China’s
UAs under the influence of the pandemic. These studies uncovered varying impacts of the
epidemic on different UA networks. Through qualitative analysis, factors such as urban
economy, industry, population, infrastructure, and transportation were identified as critical
in influencing the evolution of network structures in urban agglomerations during public
health crises of an epidemic nature. Despite these advancements, certain limitations persist
in analyzing the network structure of Chinese UAs during public disaster events. Presently,
studies predominantly focus on scrutinizing the characteristics and influencing factors of
individual UAs, with limited attention given to the classification and comparative analysis
of multiple UAs. Furthermore, the temporal scope of research primarily centralizes before
or during the normalization stage of COVID-19, with scant exploration of the post-epidemic
phase [17-19]. Moreover, investigations into the factors influencing the network structure
of UAs lean heavily towards qualitative research, lacking sufficient quantitative analyses
of these influencing factors. Consequently, there is significant merit in categorizing the
present developmental status of UAs in China and exploring the impact of public health
disaster events on their network structure before, during, or after the COVID-19 stages [20].
This comprehensive approach is crucial for aiding UAs in managing subsequent similar dis-
asters and fostering integrated development. Additionally, such research will be invaluable
for government authorities and planners in optimizing resource allocation across various
UAs around the world, facilitating targeted strategies to maximize benefits from cross-city
cooperation [21,22]. The outcomes of this study can provide a scientific basis for informed
resource allocation and decision-making processes [23].

Presently, scholars primarily investigate the characteristics of UA network structures
using complex network theory [24,25]. Additionally, scholars employ network structure
measurement methods, including the gravitational model and social network analysis, to
scrutinize the characteristics of UA network structures [19,26]. A key focus is the quan-
tification of the hierarchical structure of city networks, which involves calculating city
node indicators, including in-degree, out-degree, centrality, and intermediary centrality



Appl. Sci. 2024, 14, 4368

30f19

through centrality analysis [7,27]. This method delineates the influence characteristics of
node cities within UAs and the hierarchical features of the network structure. Linkage
strength indicators between cities within the UA network are computed using social net-
work analysis to reflect linkage characteristics, providing insights into the development and
evolution patterns of UAs [28,29]. Given the regional scale of UAs, data acquisition poses
challenges. Scholars simplify and integrate traditional network structure research methods,
selecting scientifically sound indicators to characterize UA networks, thereby enhancing
the applicability of social network analysis [30,31]. Characteristics of network structures,
including connectivity, vulnerability, linkage, and hierarchy, are primarily measured, with
UA network structures characterized by indicators of network connectivity and hierarchy
due to the fixed nodes constituting the UA network. This study adopts a UA perspective,
necessitating a comparison of network structure characteristics among different types of
UAs during various epidemic periods and variations in influencing factors. By focusing
on the connectivity and hierarchy, employing three representative indicators—degree of
centrality, strength of network connections, and network density—through social network
analysis, this approach ensures data accuracy, simplifies calculations, and effectively unveils
the network structure characteristics of the UAs [32].

Moreover, the network structure of UAs represents a complex system subject to vari-
ous influencing factors. Scholars have adopted a comprehensive approach drawing from
traditional location theory, new economic geography, and relevant theories in evolutionary
economic geography. This approach involves considering geospatial, population, economic,
cultural, transportation, infrastructure, and industrial aspects [33,34]. Researchers have
selected pertinent indicators and analyzed the driving forces and influencing mechanisms
of UA challenges through qualitative analysis [35,36], spatial econometric modeling [37],
negative binomial regression, QAP correlation analysis, and similar methodologies. In
the context of complex network analysis applied to UA network structure research, the
variables involved are relational data, which may exhibit multicollinearity, making it chal-
lenging to ascertain whether the disturbance term conforms to a normal distribution. The
QAP analysis method, a non-parametric matrix processing approach, alleviates the need
for considering variable independence and effectively addresses multicollinearity [38,39].
Consequently, QAP analysis is widely employed to examine the factors influencing the
network structure of UAs [40,41].

In recent years, the use of urban data has provided a practical basis for understanding
the dynamics of UAs [37,42,43]. Previous scholarly investigations into the network struc-
ture of UAs primarily relied on the analysis and exploration of traditional static datasets
encompassing economic, transportation, and population facets, with a focus on sources
such as highway passenger flow data, highway network data, and census data [2,3,44].
However, these datasets posed challenges due to their substantial volume, limited precision,
and the capability to only reflect network characteristics over extended periods. In recent
years, major Internet companies like Baidu, Tencent, and microblogging platforms have
introduced location service data with real-time updates, offering a novel approach through
location-based big data for characterizing UA network structures [45,46]. Concurrently,
population migration big data, with their ample sample size and the inclusion of migration
scale and direction data, is better suited for characterizing the scale and flow direction
of inter-city network connections to a considerable extent. Consequently, Baidu migra-
tion data have been increasingly used by researchers to construct population migration
networks, thereby enhancing the analysis of inter-city network structures [21,47].

In light of these considerations, this study investigates the impact of the COVID-19
pandemic on population flow networks in 19 urban agglomerations (UAs) across China,
utilizing Baidu migration big data and complex network analysis techniques. The research
delves into a classification-based examination of China’s UA networks under the COVID-19
context, taking into account both the entire temporal span and a long-term perspective.
Furthermore, it investigates the stability characteristics of diverse types of UA networks in
China at distinct phases of COVID-19, elucidating their evolutionary patterns. Additionally,
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this study employs QAP correlation analysis to identify the factors influencing the network
structure of these nineteen UAs. These factors include economic development levels,
medical and transportation facilities, spatial proximity, and innovation and openness.
Comparative analyses are conducted to discern the impact of these factors on UA network
structure stability, both before and after COVID-19. The objective is to provide insights into
how these factors may influence UA network stability in future scenarios. This research
aims to offer valuable references for UA planning, positioning, resource allocation, and
policy formulation in the face of future public health emergencies.

2. Materials and Methods
2.1. Study Area

The UAs of China represent the principal focus of new urbanization efforts and serve
as the strategic core for economic development. These UAs encompass 29.1% of China’s
total land area, comprise 75.2% of the nation’s population, and contribute 80.1% of its
overall economic output [8]. Notably, the sizes of China’s UAs vary, exhibiting differences
in terms of the number of cities encompassed within each UA and their geographical
extent. China’s eastern coastal region predominantly hosts these UAs, with noticeably
lower density in the western region, particularly in the northwest. This distribution to
some extent underscores the geographic imbalances in China’s UA landscape.

The study area comprises the 19 UAs of China proposed in the “Outline of the 14th
Five-Year Plan (2021-2025) for National Economic and Social Development and Vision 2035
of the People’s Republic of China” (Figure 1). These are made up of three UAs with high
levels of development, nine UAs in the growth stage of development, and seven UAs in
the primary stage of development, encompassing a total of 235 cities across China as the
primary research subjects [48].

High level of development
(D) Yangtze River Delta urban agglomeration
(2) Beijing-Tianjin—Hebei urban agglomeration
(3) Pearl River Delta urban agglomeration

Growth stage of development

(#) Chengdu—Chongging urban agglomeration
(5) Middle of Yangtze River urban agglomeration
(6) Central Plains urban agglomeration

(7) Guanzhong urban agglomeration

Beibu Gulf urban agglomeration

(9) West Coast urban agglomeration

Shandong Peninsula urban agglomeration
(1)) Central-southern Liaoning urban
agglomeration

(2 Harbin—Changchun urban agglomeration

Primary stage of development

(1) Central Guizhou urban agglomeration
Central Yunnan urban agglomeration
(@) Ningxia urban agglomeration

km Hubao—-Egyu urban agglomeration

High level of development sy o @) Jinzhong urban agglomeration
Lanxi urban agglomeration

N

A

0 237.5475 950
L m—

Growth stage of development

s 5 o A & Northern slope of Tianshan urban
:l Primary stage of development A . — agglomeration

Figure 1. Distribution and types of UAs in China.
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2.2. Data Sources and Processing
(1) Baidu Migration Big Data

This study utilized Baidu migration data. The migration data are gathered at the
administrative unit level, offering a high temporal resolution, with data points collected
on a daily basis “https://qianxi.baidu.com (accessed on 17 December 2023)”. Baidu’s
Location-Based Services (LBS) open platform provides positioning services to a diverse
user base, spanning various age groups and demographics [46]. Consequently, it provides a
more accurate depiction of individuals’ daily travel trajectories, making it particularly well
suited for analyzing population mobility. To derive the migration scale, a linear mapping
function is applied to the scale index [45]. The flows between cities are then computed
based on inflow and outflow ratios, thereby reflecting the strength of inter-city connections
and forming the network structure of the UAs.

Driven by the repercussions of COVID-19 on the network structure of the UAs, this
study took a comprehensive approach by considering the temporal aspects of COVID-19,
particularly focusing on key time nodes. The time series is divided into three distinct peri-
ods: before COVID-19, spanning from 1 December 2019 to 23 January 2020 (when Wuhan
imposed citywide lockdown measures); the normalization stage of COVID-19, extending
from 24 January 2020, to 7 January 2023; and after COVID-19, commencing from 8 January
2023 (following the State Council’s approval to lift precautionary measures for Category A
infectious diseases related to COVID-19) to 1 June 2023. To minimize the influence of factors
such as the Spring Festival and major holidays on population migration patterns, each of
these three time periods is constructed using data from 30 selected weekdays, providing
an average statistical representation. This data selection process encompassed the Baidu
migration data for a total of 235 prefecture-level cities within the nineteen UAs, ultimately
resulting in the network structures for each UA in China.

(2) Urban basic data

In this paper, the basic panel data (GDP, physicians per 10,000 employees, urban
highway mileage, and number of university education levels per 10,000 people) of each
city in the UAs are derived from the statistical yearbooks of each province in China and are
integrated with prefecture-level cities as the unit and standardized to be dimensionless by
means of polar deviation normalization. Urban geographic data (geographic distance of
cities, number of cross-provincial links) are measured based on the standard geographic
coordinate system W(GS1984.

2.3. Methodology

This study primarily employs the method of social network analysis to examine the
acquired data and formulate the network structure of the UAs. A model for the city network
structure is established, allowing for the modeling of network connections between UAs,
calculation of pertinent parameters, and visualization of the spatial network construction
outcomes. This visualization aids in illustrating the distinctive characteristics of UA spatial
network structures. Additionally, two key metrics, network connectivity and network
hierarchy, are employed to quantitatively portray the characterization of China’s UA
network structure. Furthermore, we conduct QAP analysis to examine alterations in the
magnitude of influence exerted by factors on the evolution of the network structure of
Chinese UAs under the impact of COVID-19.

2.3.1. Social Network Analysis (SNA)

(1) Calculation of the strength of network connectedness

Network connectedness refers to the degree or closeness of interconnection between
nodes within the network, reflecting the linkage strength between cities in the UA net-
work structure. In this paper, the preliminarily acquired Baidu migration big data are
calculated and processed by Equations (1)—(3), and the data of in-migration intensity and
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out-migration intensity between cities are summed up to obtain the network connectedness
of the UAs.

Dah,in = dah,in*Fu (1)
Dab,out = dub,out * Iy (2)
Qub = Dab,in + Dab,out (3)

where D, ;,, is the migration intensity of city a to city b on the same day, and d,, ;,, is the
percentage of the migration intensity from city a to city b on the same day. D, o,; is the
migration intensity of city b to city a on the same day, and d,;, 5, is the percentage of the
migration intensity from city b to city a on the same day. F; is the index of the scale of city
a’s migration on the same day, and Q,, is the strength of the network connectedness of
the UA.

(2) Calculation of network density

Network density refers to the degree of connection between the nodes in a network,
reflecting the degree of closeness of the node cities in the UA network, and is usually
used to characterize the connectedness of the network structure. Network density is
generally characterized by the ratio of the number of line elements actually constituting the
connection to the number of theoretically existing line elements in the network structure.
The calculation formulas are simplified and expressed in Equation (4).

P, =2L/[n(n—1)] 4)

where P, is the density of the network of UA a, L is the number of links that are actually
connected in the network, and # is the number of nodes in the network.

(38) Calculation of node centrality

Centrality serves as a fundamental statistical metric within the domain of complex
networks, offering insights into the hierarchical aspects of network structure. This metric
encompasses point-out degree, point-in degree, and centrality, each of which plays a distinct
role. The point-out degree gauges the number and extent of nodes connecting to other
nodes, signifying a node’s capacity to propagate information throughout the network.
Conversely, the point-in degree reflects the number and magnitude of nodes linked to the
node in question, signifying its attractiveness to neighboring nodes within the network.
The point centrality degree, which is the summation of the point-out and point-in degrees,
encapsulates the influence wielded by each node within the network. This centrality metric
characterizes the position and role of cities within the UA network, where higher node
centrality corresponds to greater importance and a more elevated status within the network
structure. The calculation formulas are Equations (5)—(7):

IB(a) = iDah,in (11 # b) 5)
b=1

OB(‘Z) = iDab,out (‘1 7& b) (6)
b=1

B, = IB(a)+ OB(a) )

where IB(a) represents the point-in degree of city a; OB(a) represents the point-out degree
of city a; and B, represents the point-centeredness of city a.
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(4) Calculation of network connectivity

Network connectivity characterizes the degree of connectivity of a network by selecting
the number of existing connections in the network, the strength of network connections,
and the density of the network. The higher the network connectivity, the more stable the
network structure of the UAs is. The calculation formula is Equation (8).

S:ZQQ*PH*M ®)
max(M)

where S denotes the connectivity of the UA network, Q, denotes the strength of city

connections within the UAs, P, denotes the density of the UA network, M denotes the

number of redundant connections in the network, and max(M) denotes the maximum

number of possible redundant connections in the network.

(5) Calculation of network hierarchy

Network hierarchy classifies cities by selecting node centrality and network connect-
edness, analyses the cities of different hierarchical levels, and selects node hierarchy and
linkage hierarchy to describe the hierarchy of the UA network structure. The calculation
formula is Equation (9).

l_ZaZbBﬂ_Bb|:| + {1_2m2k|Qa_Qb|
fo1_ 2(N—1) i 2(M 1) o

where 8 denotes the hierarchy of the network structure, B and Q denote the degree of
centrality and the strength of network connectedness, N denotes the number of nodes
in the network, and M denotes the number of links in the network; the closer § is to
0 indicates smaller differences in the connections among nodes within the network and
that the hierarchy is less obvious, and the closer it is to 1 indicates that the phenomenon of
UAs in the network exists and that the hierarchy of the network is more obvious.

2.3.2. Methodology for Analyzing Impact Factors

The variables involved in complex network analysis are all relational data, and there
may be multicollinearity among the variables, which makes it difficult to determine whether
the interference term obeys the normal distribution. QAP (Quadratic Assignment Proce-
dure) is a non-parametric matrix processing method which does not need to consider the
independence of variables, and at the same time, it can better deal with the problem of
“multicollinearity” and can better fit the form of network spatial structure. Therefore, it is
widely used in the analysis of network structure influencing factors. The QAP model is
constructed as shown in Equation (10).

R=f(ry,...,m) (10)

where R represents the stability correlation matrix of China’s UA network structure, and
r1,...,tn represent the matrix of each influencing factor.

2.3.3. Research Framework Graph

The logic of this research is shown in Figure 2.



Appl. Sci. 2024, 14, 4368 8 of 19
I_________________'I|_________I
| Baidu Migration Big Data | | Types of UAs in China |
| , * | |

Structuring the network of 19 UAs before and after the Hieh level of devel UA

| COVID-19 | I igh level of development UAs |
| s e ~ |
Network structure Calculate the indicators of the structural Growth stage of development UAs |

| construction of 19 characteristics of the network | |
| UAs before and after . Network Network . |
the COVID-19 Centrality Connectedness Density | | Primary stage of development UAs |
e ey | Rpp————
.~ — = —— —— — = ———— ——— —— "_ R s e w—— —

Calculation of indicators of the network structure of 19 UAs

|
|
v v |
|
|
|

Network Connectivity Network Hierarchy

Measuring the , :
Characteristics of UAs LJ
Network Structures

Characteristics of UAs network structures

v

| Comparison of the analysis of Statistical Yearbook Data |
factors affecting the network 3 |
| structure of 19 UAs before and 3 |
| after the COVID-19 Matrix of UAs network structure UAs Basic Data Matrix
! T |
| ¥ |
| Analysis of influencing factors
| . D |
| Influencing Factors |
Level of economic Level of medical Level of transportation Level of spatial Level of openness to |
| development facilities facilities proximity innovation |
| 2 ~/

Analysis of factors influencing the network structure of the COVID-19 in 19 UAs

| = ———— e _
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Figure 2. Research logic diagram.

3. Results
3.1. Spatial Correlation Network of UAs in the Context of COVID-19

This paper integrated the acquired Baidu migration big data; calculated the UA
network connection strength, network density, and the urban centrality of each node;
adopted the natural split breakpoint method to divide the acquired 27,493 pairs of OD
(Origin-Destination) data of the UAs; and then established the OD network matrix of the
nineteen UAs by means of the social network analysis method, and the spatial correlation
network diagrams in three time periods are drawn by ArcGIS 10.8 software (Figure 3).

UAs in China are predominantly concentrated in Southeast China, with fewer instances
in the northwest. These variations reflect significant disparities in classification and network
structures among the UAs. Before COVID-19, the UAs with a high level of development
display a more advanced stage of development with tight network connections and higher
network density. The central cities exert significant attraction and influence, leading to
predominantly first-class and second-class connections within the UAs. This results in a
network structure characterized by a remarkable hierarchy and polycentric attributes, with
the central cities radiating from a prominent center, thereby forming a closely interlinked
network with surrounding cities. Certain cities exhibited pronounced centrality, influencing
neighboring cities to establish closely connected network structures. In contrast, the
UAs in the growth stage of development demonstrate slightly lower network densities
during their mature development stage. The network links between central cities were
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primarily second-level linkage flows, with fewer first-level linkage flows, resulting in
relatively weaker overall network connections. Conversely, the UAs in the primary stage of
development are still in their nascent stages of development. City connections are primarily
based on third-level and fourth-level linkage flows, yielding lower network density and
linkage intensity, signifying that these UAs are still in their developmental stages and have
not yet established a stable network structure.

(b).The normalization
stage of COVID-19

N

0 237.5475 95?<
—

Legend

Network connectedness

Fourth-level linkage flows
Third-level linkage flows
Second-level linkage flows
= First-level linkage flows
/ Node centrality
L/ g Edge city
) \y/ = Subcenter city

5@; . «  Ccentral city
&7 .

(c).After the COVID-19

Figure 3. Network structure of UAs in China at different time periods under COVID-19.

During the normalization stage of COVID-19, the network structure of UAs is signifi-
cantly impacted by COVID-19, particularly in the UAs with a high level of development.
The mature UAs of the Yangtze River Delta, Pearl River Delta, and Beijing—Tianjin—Hebei
experience more pronounced effects compared to other UAs. The impacts are predomi-
nantly observed in long-distance third-level and fourth-level linkage flows, resulting in
a notable overall decrease in their network connections. This manifested as a discernible
weakening of the central effect of the central cities and the sub-central cities.
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After COVID-19, the network structures of the UAs were under reconstruction. The
UAs with a high level of development witnessed significant recovery in network connectiv-
ity and hierarchy, with the network structures becoming more stabilized, and hierarchical
trends becoming apparent. The network structures of the UAs largely regained their pre-
epidemic levels. Beijing-Tianjin-Hebei and Chengdu—-Chongqing exhibited first-level and
second-level linkage flows surpassing pre-epidemic levels in terms of quantity and values,
signifying stronger network links between major cities in these UAs. The UAs in the growth
stage of development and in the primary stage of development also displayed signs of
recovery, albeit at a relatively slower pace.

3.2. Characteristics of the Network Structure of UAs in the Context of COVID-19

The overall network structure characteristics in the context of COVID-19 are calculated
through the Ucinet 6.0 software, including network connectivity and network hierarchy.

Based on the results obtained from Table 1 and Figure 4, the following insights can be
drawn regarding the characteristics of China’s UA network structures under the influence
of COVID-19:

Table 1. Calculation results of centrality of UAs in different time periods under the influence of
COVID-19.

The Normalization Stage

Before COVID-19 After COVID-19

UA of COVID-19
Connectivity Hierarchy Connectivity Hierarchy Connectivity Hierarchy

@) 10,003 0.853 8524 0.794 9963 0.814
@) 6447 0.838 4563 0.581 6796 0.797
® 8845 0.837 7305 0.609 8655 0.785
@ 6187 0.733 5188 0.649 6529 0.749
® 6254 0.763 5577 0.665 6348 0.746
® 5879 0.674 4317 0.443 5984 0.532
@ 2711 0.316 2371 0.288 2651 0.308
2438 0.294 2020 0.259 2131 0.265
® 3970 0.421 3060 0.345 3204 0.357
) 2298 0.282 2085 0.264 2220 0.279
(@) 1595 0.224 1186 0.189 1436 0.212
@ 1863 0.246 1218 0.192 1741 0.236
@ 1816 0.242 1487 0.214 3073 0.347
@ 1364 0.204 1079 0.181 2022 0.259
® 528 0.134 494 0.132 950 0.172
@ 955 0.171 824 0.159 1531 0.218
@ 837 0.162 710 0.152 935 0.168
@ 1204 0.191 1064 0.179 1801 0.241
© 645 0.144 546 0.136 654 0.145

Numerically, the connectivity and hierarchy of China’s UA network structures display
a common trend of initial decline followed by recovery during COVID-19’s influence.
Moreover, varying degrees of impact and recovery are observed among different UAs.
Overall, these UAs exhibit three hierarchical levels of network structure characteristics
that correspond to their developmental stages. UAs with a high level of development
displayed notably higher network connectivity and hierarchy than those in the growth
stage of development and in the primary stage of development.

Regarding the development types of UAs, the UAs with a high level of development
are severely affected in terms of network connectivity and hierarchy during COVID-19.
This decline is correlated with the level of development, signifying that more mature UAs
suffered a greater impact from COVID-19. However, these UAs rapidly recovered their
network structures after COVID-19, indicating their relatively strong network stability.
They could respond quickly and undergo reconstruction after being affected by public
health emergencies.
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Figure 4. Results for network indicators for various UAs at different time periods under the impact
of COVID-19.

In the UAs in the growth stage of development, the influence on network connectivity
and hierarchy tends to be comparatively subdued. The network structures of these UAs
displayed an inherent immaturity before COVID-19, marked by a generally feeble connec-
tivity and hierarchy. Consequently, the impact during COVID-19 was less pronounced.
Nonetheless, these UAs demonstrated a relatively inadequate recovery of network structure
stability after COVID-19, underscoring the imperative for heightened stability and rein-
forced connections across various dimensions. This indicates an ongoing journey towards
achieving a mature level of network structure.

UAs in the primary stage of development displayed low network structure stability
before COVID-19, with a relatively minor impact during COVID-19. These UAs exhibited
significant post-pandemic recovery and exceeded pre-pandemic levels, indicating their
rapid development and progress.

In summary, the evolution pattern of network structure in China’s UAs can be broadly
summarized as a two-stage process: disruption due to COVID-19 followed by recovery
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and reconstruction. The COVID-19 pandemic had a considerable impact on UA network
structures, with varying degrees of influence observed across different UAs, leading to
noticeable spatial differences. Further in-depth research is needed to explore the factors
affecting the UA network structures during COVID-19.

3.3. Influencing Factor Analysis of the Network Structure of UAs in the Context of COVID-19
3.3.1. Selection of Factors Influencing the Network Structure of UAs in the Context
of COVID-19

The UA network structure, functioning as a complex network system, is subject to
the influence of a multitude of factors. Within this framework, the selection of variables
corresponds to five dimensions: economic development level, medical facility capacity,
transportation infrastructure capacity, spatial proximity, and innovation accessibility. These
selected variables are then employed to unveil the factors exerting an impact (Table 2). The
analytical methodology involves conducting correlation analysis and regression analysis
employing the Quadratic Assignment Procedure (QAP).

Table 2. The explanatory variables influencing the network structure of UAs in the context of
COVID-19.

Influencing Factors Variables Description of Variables
. Gross Domestic Product . . .
Economic Development Level Matrix of differences in GDP
i (GDP) (Xcpr)

Matrix of differences in
physicians per
10,000 population

Physicians per

Medical Facility Capacity 10,000 population (Xyp)

Transportation Infrastructure Miles of city roads (X1y) Matrix of differences in miles

Capacity of city roads
Geographic distance from city Matrix of differences in
. L to city (Xs) geographic distance
Spatial Proximity
Number of cross-province 0 for inter-province links, 1 for
links (Xk) cross-province links

Matrix of differences in
university education per
10,000 population

University education per

Innovation Accessibility 10,000 population (X)
) G

3.3.2. QAP Correlation Analysis

By employing the QAP for correlation analysis encompassing 5000 random permuta-
tions, we acquired outcomes related to the evaluation of factors impacting the UA network
structures in China before and after COVID-19 (Figure 5). In this framework, a significance
level of >0.1 suggests that the influencing factors failed to achieve statistical significance,
while a significance level of <0.1 attests that the influencing factors met the criteria for
statistical significance, indicating a meaningful correlation with network structure.

Note: In the table, areas shaded in light red signify that the results did not pass the
significance level test, indicating an absence of discernible correlation in the variable matrix.
Conversely, green shading indicates that the variable successfully passes the significance
level test, with the depth of color indicating the magnitude of correlation, wherein darker
hues signify higher correlation levels.

Based on the findings presented in Figure 5, UAs in the primary stage of development
exhibit a greater number of factors that did not achieve statistical significance in the
significance level test. Consequently, these factors are deemed statistically insignificant for
subsequent regression analysis. In contrast, UAs in other developmental stages displayed
more pronounced results in the correlation analysis, qualifying them for inclusion in the
regression analysis built upon the outcomes of the QAP correlation analysis.
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Figure 5. QAP correlation analysis of UA network structures in the context of COVID-19.

3.3.3. QAP Regression Analysis

This study excludes the UAs that did not meet the significance level threshold as
indicated in Figure 5, then selects 10,000 random permutations to obtain the QAP regression
analysis results, as shown in Figure 6.

>0.1
0.1

0.111 0.086 0.108
—0.541 —0.757 —0.656 0.232 = =

0.784  0.426 0.230

0

Figure 6. QAP regression analysis of UA network structures in the context of COVID-19.

Note: In the table, areas shaded in light red signify that the results did not pass the
significance level test, indicating an absence of discernible correlation in the variable matrix.
Conversely, green shading indicates that the variable successfully cleared the significance
level test, with the depth of color indicating the magnitude of correlation, wherein darker
hues signify higher correlation levels.

Since the constructed dimension involves a difference matrix, significant negative vari-
able regression results suggest that a smaller disparity in the variable matrix is conducive
to enhancing the stability of UA network structures. Conversely, when variable regression
results are significantly positive, it implies that a greater disparity in the variable matrix is
less favorable for improving the stability of UA network structures. The dependent variable
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in this analysis is the spatial correlation matrix representing UA network stability. The
independent variables consist of absolute difference matrices for various variable values.
These matrices are standardized to eliminate dimensional influence.

A comparative examination of the data in Figure 6 yielded the following outcomes:

Spatial proximity exerts a significant adverse influence on the UA network structures.
This arises from the heightened geographical distances and the presence of cross-provincial
connections between cities, which escalate the costs associated with intercity interactions.
Consequently, this scenario imposes restrictions on communication and collaborative efforts
among cities within UAs. Consequently, After COVID-19, the deleterious impact of spatial
proximity on the UA network structures is exacerbated.

The level of economic development exhibits discernible variations among the UAs.
Notably, this influencing factor demonstrates a significant negative correlation with UAs in
the mature stage of development, signifying that such mature UAs prominently feature a
central city that assumes a leading role within the UA network. The greater the divergence
in economic development levels, the more conspicuous the radiative influence of the central
city, contributing to the stabilization of the network structure. Simultaneously, under the
impact of COVID-19, this influencing factor exerts a negative impact on mature UAs.
Furthermore, COVID-19 intensifies the adverse effects of this influencing factor on these
UAs. Scholars have substantiated that COVID-19 disproportionately affects the central city
of UAs, consequently diminishing the hierarchical structure of the UA network.

For UAs in the growth stage of development, the correlation is notably positive,
with little change observed before and after COVID-19. This pattern is attributed to the
less prominent role of the central city in these UAs, making greater differences in urban
economic development detrimental to network structure. Additionally, COVID-19 has a
more extensive influence on these UAs, resulting in minimal hierarchical changes in the
network structure. Consequently, the impact of this influencing factor remains relatively
stable before and after COVID-19.

Furthermore, the impact of the level of medical facilities, transportation facilities,
and innovation accessibility on the network structure varies significantly for each UA
before and after COVID-19. Before COVID-19, the level of medical facilities was not the
primary factor influencing network structure. However, during the normalization stage
of COVID-19, the level of medical facilities emerged as the principal factor affecting the
UA network structures, with a greater impact than observed before COVID-19. This shift
indicates a heightened demand for medical facilities in UAs under the influence of COVID-
19. Consequently, the UAs with a high level of development experienced a lower impact
from this factor on network structure. Conversely, other UAs in the developmental and
growth stages, lacking sufficient medical resources, are unable to establish robust resource-
sharing systems among cities, making this factor less crucial to the network structures.
Hence, the influence of this factor on network structure is more pronounced for such UAs.

The impact of transportation facilities and innovation and accessibility levels exhibits
a positive association with the UA network structures, both before and after COVID-19.
However, during the normalization stage of COVID-19, this influencing factor did not sig-
nificantly affect the majority of UAs, and those influenced exhibited a noticeable reduction
in the degree of impact. This observation suggests that policies and controls related to
transportation influenced by COVID-19 profoundly affected inter-city transportation links
within UAs.

4. Discussion
4.1. Discussion of the Characteristics of the Network Structures of Different Types of UAs
4.1.1. Discussion of Methodological Implications of the Research

This paper constructs the network structure of nineteen UAs in China and applies
social network analysis to calculate the indicators, and the results show that different UAs
present different network structure characteristics. Therefore, based on the characteristics
of UA network structure, the nineteen UAs in China are divided into three levels. The
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conclusion of this network structure characteristic reflects the application of the social net-
work analysis method in the study of urban agglomeration network structures. Meanwhile,
this paper constructs a regression model and extracts the factors influencing UA network
structure, and the correlation weights and regression coefficients of each factor are obtained
by QAP analysis method, the mechanism of influencing the network structure of UAs of
different levels is analyzed, and the influence of multiple covariance of each factor in the
calculation is excluded, which reflects the innovation of the QAP analysis method in the
research on the influencing factors of UA network structure.

4.1.2. Impact of COVID-19 on the Overall UA Network Structure

In a broader context, the network structure of UAs undergoes notable influences due to
COVID-19. Throughout the normalization stage of COVID-19, the network patterns within
each UA underwent disruption, characterized by a conspicuous reduction in the strength
of network connections and a weakening of hierarchical characteristics in the UA network
structure. The centralizing effect of both the central city and the sub-central city noticeably
attenuated (Figure 3b). These results are similar to those of other articles [17,31]. After
COVID-19, the network structures of the UAs commenced a recovery phase, stabilizing and
manifesting hierarchical characteristics once again (Figure 3c). This diminished network
connectivity may have adverse effects on collaboration and economic development within
UAs. The implementation of epidemic control measures widened the gap between the
central city and its neighboring cities, decelerating the polycentric trend within the UAs [17].
This implies a relatively weakened position of the central city during COVID-19, and the
developmental focus within the UAs shifted from being concentrated on a few core cities.
Distinctive epidemic control mechanisms across provinces introduced inter-provincial
boundary effects between UAs, impeding the integrated development of these UAs.

4.1.3. Impact of COVID-19 on the Network Structure of UAs with a High Level
of Development

Throughout the normalization stage of COVID-19, the UAs with a high level of devel-
opment experienced more pronounced effects from COVID-19 on their network structure,
with more severe impacts on network structure indicators [49]. The overall value of affected
network linkage notably decreased, accompanied by a significant weakening of the central
influence from both the central city and sub-central city. The linkage and hierarchical
characteristics of their network structure decreased significantly, demonstrating more pro-
nounced effects compared to the other two types of UAs. Moreover, there is a noticeable
impact of inter-provincial boundaries, more prominent than observed in the other two types
of UAs. After COVID-19, the network connection of this particular UA type demonstrated
substantial recovery, restoring the network structure before COVID-19 (Figure 4).

Among the factors influencing the network structure of UAs in the mature stage of
development, the level of economic development and spatial proximity exhibited a negative
correlation, with the negative effect significantly intensified after COVID-19. The negative
correlation level of the economic development is greater than that of spatial proximity,
and the influence of geographical distance on spatial proximity is more substantial than
the impact of inter-provincial boundaries. The overall positive correlation among the
level of medical facilities, level of transportation facilities, and level of innovation and
accessibility is evident, with the level of medical facilities having a less significant impact
before COVID-19 and a considerably heightened impact during the normalization stage of
COVID-19 (Figure 6). The levels of transportation facilities and innovation and openness
experienced significant weakening during the normalization stage of COVID-19 [18,49].

4.1.4. Impact of COVID-19 on the Network Structure of UAs in the Growth Stage
of Development

The impact on the UAs in the growth stage of development is relatively modest. No-
tably, the effects are particularly evident in the increased prominence of inter-provincial
borders, a discernible reduction in the central city’s capacity to exert influence on surround-
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ing cities, and a decrease in network structure linkage. After COVID-19, the recovery of
the network structure of the UAs in the growth stage of development is marginally slower
compared to that of the UAs with a high level of development.

As for spatial proximity, it demonstrates an overall negative correlation effect, with
the interprovincial boundary effect exerting a more substantial influence than geographic
distance. Economic development levels exhibit negative correlations. This indicates that
the central cities in these UAs have begun to assume a leading role in radiation. The levels
of medical facilities, transportation facilities, and innovation and accessibility all show
positive correlations. However, during the normalization stage of COVID-19, the levels
of transportation facilities, innovation, and accessibility cease to be the primary factors
influencing the network structure of these UAs (Figure 6).

4.1.5. Impact of COVID-19 on the Network Structure of UAs in the Primary Stage
of Development

The impact on the UAs in the primary stage of development, while present, is not as
pronounced compared to the other types of UAs. After COVID-19, the network structure of
UAs in the primary stage of development exhibits corresponding recovery characteristics,
albeit with a relatively slower recovery trend. Following QAP analysis, it is deduced
that this categorization is attributed to the inclusion of fewer cities, limited sample size
in the study, slow developmental progress, reliance on a single industry, and insufficient
population carrying capacity. Consequently, the network structure, formed by the big data
of the floating population, is deemed immature and less stable, hindering a comprehensive
understanding and impeding the effective exploration of relevant influencing factors due
to its poor stability (Figure 5).

4.2. Policy Promotion Strategy

COVID-19 has exerted a significant influence on the network structure of the UAs in
China, revealing a multitude of challenges in the trajectory of UA development. Draw-
ing upon the aforementioned analysis and findings, this study proposes the following
recommendations for the integration and construction processes of UAs in China.

4.2.1. Foster Scientific and Rational Evolution of UA Network Structures

Comprehend the distinctive features inherent in various types of UA network struc-
tures, facilitate the close interconnection of nodes within UA networks, and judiciously
formulate the hierarchical framework of UAs. The UAs with a high level of development
are advised to enhance the pivotal role of the central node city, reinforce linkages between
the central city and its adjacent counterparts, stimulate the development of neighboring
node cities, and mitigate the impact of inter-provincial boundaries. The UAs in the growth
stage of development should intensify the development of the central city, amplify its
influence, and foster the scientific and rational evolution of UA network structures. In the
primary stage of development, emphasis should be placed on nurturing the central city,
establishing early radiation influence, and augmenting the connectivity among other cities
within the UAs, thereby expediting the network structure’s rapid development.

4.2.2. Upgrading the Economic Development of UAs

Give precedence to the elevation of economic development levels in UAs at the growth
and primary stages. UAs should enhance economic collaboration and exchanges, facil-
itate the sharing and complementarity of resources for regional integration, narrow the
urban-rural income gap, fortify social equity and balanced development within UAs, elevate
the overall economic development level, and foster the collective advancement of UAs.

4.2.3. Enhance the Quality of Medical Services

Amidst epidemics, the adequacy of medical resources is pivotal for the stable operation
of UAs. Governments should bolster the construction and spatial planning of health
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institutions, augment the number of practicing physicians, enhance the quality of medical
services, and encourage close collaboration among medical facilities within UAs to foster
regional medical integration, ensuring effective responses to public health events.

4.2.4. Promoting the Integration of UAs

Optimize the impact of inter-provincial boundaries during the growth and primary
stages of UAs. Governments should reinforce inter-provincial cooperation, eliminate
administrative barriers hindering the integration of UAs, facilitate the flow of resources and
exchanges between provinces, and dismantle provincial impediments to foster collaborative
and unified governance in UAs.

4.3. Limitations and Future Work

The study of relevant influencing factors for UAs in the primary stage of development
is a challenge, as these areas are characterized by fewer cities, limited study samples, slower
development, a singular industry focus, and insufficient population carrying capacity.
Consequently, the network structure constituted by the big data of the floating population
in these UAs is considered immature, less stable, and poses challenges for a thorough
understanding of influencing factors. However, it is acknowledged that this approach
might not entirely capture the multifaceted characteristics of UA network structures, given
that urban linkage networks are complex entities encompassing various elements such as
population, economy, information, and transportation. In addition, the current status and
differences in the development of urban agglomerations in different countries and regions
can have a complex impact on the network structure of urban agglomerations, and thus the
evolution of the network structure of other urban agglomerations on a global scale needs
to be further analyzed. Future investigations could employ analogous methodologies to
examine other facets of urban networks, including economy, information, knowledge, and
beyond. Subsequent studies should aim to address these limitations and delve more deeply
into these issues.

5. Conclusions

This study, specifically focusing on the nineteen UAs in China, aims to scrutinize the
spatial and temporal characteristics within the linkage network of UAs. The temporal
dimension is explored across three stages, providing a multi-scale, multi-dimensional
perspective. The study elucidates the temporally and spatially divergent characteristics of
China’s UA network structures and their respective influences under COVID-19, leading
to the formulation of conclusive findings: (1) COVID-19 has an impact on the structure of
the UA network structure. The transformation of the network structure of Chinese UAs
unfolds through two distinct phases: impact damage and recovery and reconstruction.
(2) COVID-19’s influence on the network structure is primarily evident in alterations to
network connection strength, changes in network density, variations in the impact of
central cities, and the emergence of inter-provincial boundary effects. Distinct stages of
development in UAs exhibit varying degrees of impact and recovery during different
periods of COVID-19. (3) The network structure of UAs exhibits strong correlations with
economic development levels, medical facility standards, and geographic proximity.

Our results revealed that UA network structure is influenced by a multifaceted in-
terplay of factors, requiring a comprehensive analysis for effective policy formulation in
UA construction.
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