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Abstract

The conflict between the economy and the ecological environment is prominent in China’s
coastal cities, and these cities contend with heightened uncertainty. Therefore, this study
uses the econometric model to analyze the spatial-temporal pattern characteristics and
affecting factors of the coupling coordination level between urban economic resilience (ER)
and urban ecological resilience (EcR) in China’s coastal cities based on improvement of
the evaluation index system, thus advancing policy suggestions. The main conclusions
are as follows: (1) The coupling coordination degree (CCD) between ER and EcR across
different types of coastal cities strongly correlates with their spatial distribution patterns
of economic development. From the East China Sea to the South China Sea and Yellow
and Bohai Sea Coast cities and from central cities to industrial cities, other types of cities,
and resource-based cities, CCD exhibits an overall declining trajectory. (2) The gap in CCD
in China’s coastal cities generally shows an expanding trend. (3) The spatial distribution
pattern of the centrality of CCD in China’s coastal cities has a relatively high consistency.
Urban spillover roles are highly consistent with levels of economic development. (4) The
number and diversity of dominant influencing factors have steadily increased.

Keywords: urban economic resilience; urban ecological resilience; coupling coordination;
spatial-temporal pattern; influencing factor; China’s coastal cities

1. Introduction

COVID-19, anti-globalization trends, global warming, and major natural disasters have
profoundly impacted urban development, making the enhancement of urban resilience a
widely recognized global imperative. As a subsystem of urban resilience, urban economic
resilience (ER) and urban ecological resilience (EcR) exhibit a dialectical relationship of
mutual opposition and interdependence, underscoring both the necessity and potential of
coupling coordination.

China’s coastal cities, positioned at the forefront of reform and opening up, are partic-
ularly susceptible to anti-globalization pressures. These regions house 21.4% of China’s
population and 32% of its GDP, forming the core of China’s economic engine. However, they
face severe environmental challenges and ecological problems such as coastline erosion,
water resource depletion, sea-level rise, and prominent storm surges. The contradictions
between economic risks and ecological risks in China’s coastal cities are prominent. For
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example, ecological damage restricts economic growth, and economic anti-globalization
leads to a slowdown in economic growth, thereby reducing the capacity for ecological
restoration. Therefore, it is of critical importance to strengthen both ER and EcR and
promote their coupling coordination.

Scholarly perspectives on the concept of urban ER vary significantly. Debates focus on
arange of capacities—such as the ability to predict and prepare before the impact, resistance,
recovery, adaptability, learning capacity, creativity, transformation, and reconstruction in
research on the concept of urban ER [1-13]. Different scholars have focused on one or
a few of these factors in their interpretation of urban ER. Most urban ER evaluation
index systems consist of some of these indicators: vulnerability, robustness, resistance,
reconstruction, restructuring, recovery, adaptability, evolutionary capacity, transformation
capacity, and digital technology identification and prevention [14-19]. In addition, there are
other viewpoints on the evaluation index system: macroeconomic stability, micro-market
efficiency, economic governance, and social development [20]. Drawing on adaptive
circulation theory and the “drive—pressure—state-response” model, some researchers have
proposed systems incorporating development and drivers, maintaining and bearing stress,
resistance and release, and recovery and restructuring [21-23]; the systems of production,
consumption, labor market, foreign trade, and innovation [24]; and the systems of economic
operational resilience, economic structural resilience and economic potential resilience [25].

Urban EcR extends the concept of resilience from ecology and urban science. Holling
first defined EcR as the rate at which an ecosystem returns to equilibrium and the capacity
to manage crises, self-recovery and adaptive responses to new environments [26]. Later
scholars refined EcR as the ecosystem’s speed in recovering from disturbances, as well
as adaptation and transformation capacities [27-30]. From a human ecology perspective,
Alberti et al. introduced the concept of EcR [31], which Folke further expanded to in-
clude disturbance absorption, adaptability, learning capacity, and self-organization [32].
Wang Shaojian et al. emphasized urban EcR as the capacity for impact resistance, self-
adaptation, and post-impact recovery [33-36]. Mehryar et al. and Xue et al. defined it
as the self-organization and coordination of the urban environment, adapting and bear-
ing stress and the capacity to recover from disturbances [37,38]. The Resilience Alliance
highlighted resilience as the ability to absorb external shocks and maintain original major
features and structures, as well as maintaining key functions [39]. Urban EcR evalua-
tion index systems reflect diverse analytical perspectives. These include: scale, density,
and form [33]; resistance, adaptability, and recovery [40,41]; urban ecological social pro-
cess resilience, urban ecological economic process resilience and urban ecological natural
process resilience [42,43]; environmental pollution generation, the governance of environ-
mental pollution, and ecological security [44]; habitat quality, biodiversity services, and
landscape connectivity [45]; ecological risk index, connectivity index, and ecosystem poten-
tial [46,47]; drivers, pressure, state, impacts, and response [48,49]; potential, connectivity,
and recovery [50]; remote sensing-based ecological index [51]; potential, elasticity, and
stability [52,53]; resistance, recovery, reconstruction, and renewal [54]; ecological distur-
bance, carrying capacity, and recovery [55]; and prevention, resistance, adaptation, and
recovery [56]. Urban EcR evaluation is based on the eight characteristics of EcR: stability,
diversity, robustness, redundancy, connectivity, adaptability, innovation, and learning ca-
pacity [57]. Other dimensions include landscape diversity, disturbance, source-sink patch
distance, habitat quality, minimum cumulative resistance, and landscape restoration [58].

Research on the coupling coordination between urban ER and EcR remains limited,
with existing studies primarily addressing: spatial-temporal pattern characteristics of
the coupling coordination degree (CCD) among ER, social resilience, and EcR in the
Chengdu—Chonggqing Urban Agglomeration [59]; the spatial-temporal variation in and

https://doi.org/10.3390/su18041963


https://doi.org/10.3390/su18041963

Sustainability 2026, 18, 1963

30f28

factors affecting the ER-EcR CCD in cities along the Yellow River Basin [60]; the spatial-
temporal patterns and obstacle factors of the ER-EcR CCD in the Northern Slope Economic
Belt of the Tianshan Mountains [25]; and the spatio-temporal coupling and synergistic
evolution of ER and EcR in Africa [61].

While these studies offer valuable insights, several gaps remain. First, existing concep-
tualizations and evaluations of urban ER often overlook historical-temporal importance
and lack the “structure-agency” perspective. Second, the conceptualizations and eval-
uations of urban EcR do not attach sufficient importance to the wisdom of the human
ecosystem and neglect both the “structure-agency” and circular economy perspectives.
Third, research on the mechanisms of ER-EcR coupling coordination rarely considers the
perspective of systems economics. Moreover, there is a lack of research on the coupling
and coordination between urban ER and EcR using social network analysis. Fourth, there
is a notable lack of empirical studies focusing on ER-EcR coupling coordination in China’s
coastal cities.

In view of this, the main possible marginal contributions of this study are as follows:
(1) Based on the evolutionary process from past to present to future and the “structure—
agency” perspective of evolutionary economics, the evaluation indicators of urban ER
and urban EcR are decomposed into preventive indicators, resistance indicators, and
restructuring indicators. Indicators characterizing the circular economy are supplemented.
(2) From the perspective of structure and function based on systems theory, the influencing
factors of the coupling coordination between urban ER and EcR are proposed. (3) The
characteristics of the spatial pattern and influencing factors of the coupling coordination
level between the ER and EcR of China’s coastal cities are revealed.

2. Materials and Methods

2.1. Concept and Evaluation Index Systems
2.1.1. Concept

According to the evolutionary process from past to present to future and based on
the “structure—agency” perspective, urban ER includes three aspects: economic prevention,
characterized by past and agency; economic resistance, shaped by present and structure;
and economic restructuring, characterized by future and agency.

By acknowledging humans as both agents within and co-creators of the biosphere, the
human ecosystem is viewed as intelligent. Considering the role of humans in the ecological
environment, urban EcR encompasses both natural and artificial resilience. Drawing on
the evolutionary resilience perspective, the “structure-agency” perspective, and circular
development theory, this study posits that urban EcR also includes the capacity for eco-
logical prevention, ecological resistance, and ecological restructuring. Accordingly, the
development of urban resilience evolves cyclically through these three aspects: prevention,
resistance and restructuring.

Since the economy, society, and ecology exhibit both contradictory and interdependent
relationships, a theoretical crossover is posited to exist between urban economic resilience,
urban social resilience, and urban ecological resilience.

Urban ecological prevention primarily encompasses the social security of ecological
management personnel, reduction in the consumption of natural resources and the ecologi-
cal environment, the reuse and recycling of waste (including harmlessness), the ecological
prevention capability of digital technology, the reserve level of natural resources and the
ecological environment, and ecological planning. Based on the structural-functional model
within ecosystem theory, urban ecological resistance is mainly determined by the structure
and function of natural resources and the ecological environment. Drawing from the
principles of disequilibrium and evolution in evolutionary ecology, this study shifts away
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from ecological recovery. It critiques the limitations of passive ecological adaptability and
instead emphasizes proactive human learning and innovation in ecological management.
Accordingly, ecological restructuring—comprising ecology-related learning and innovation
capacity—is posited to be a core component of EcR.

The coupling coordination of urban ER and EcR refers to the close connection and
mutual promotion between urban ER and urban EcR, with consistency and coordination,
aiming to achieve a win-win situation for urban ER and urban EcR.

2.1.2. Index Systems

Informed by system science theory and circular development theory, this study refines
the evaluation index systems for urban ER and EcR by integrating their concepts and the
actual situation in China’s coastal cities (Tables 1 and 2).

Table 1. Table of comprehensive evaluation frameworks of urban economic resilience (ER).

Standardized Layer Indicator Layer Indicator Unit Attribute

Social security Y% +1
Number of Internet users per 100 people Household +
Economic preventive indicators Number of mobile phones per 100 people Unit +

Employment share in information transmission, o
. Yo +

computer services, and software
Industrial structure rationalization 2 /4 +
Advancement of industry structure / +
Consumption patterns / -3
Unemployment rate % —
Economic resistance indicators Urban-rural wealth gap / +
Per capita GDP CNY +
Per capita disposable income CNY +
GDP growth rate Y% +
Total grain output per capita Ton +
Share of university students in total population % +
Proportion of R&D personnel % +
Investment intensity of scientific research funds Y +
Number of patent applications granted per Piece .
10,000 people
Economic restructuring (learning ability, - -
innovation ability) indicators Per capita health expenditure CNY +
Number of hospital beds per 10,000 people Sheet +
Proportion of doctors % +
Education expenditure as a share of public financial o +
expenditure ?

Financial self-sufficiency rate % +

1. + indicates a positive value. 2. The indexes of the industrial structure rationalization and advancement of
industry structure refer to Gan Chunhui et al. [62]. 3. — indicates a negative value. 4. / indicates no unit.

Indicators that enhance preventive capacity, resistance, and restructuring capacity are
designated as positive indicators, while those that weaken preventive capacity, resistance,
and restructuring capacity are defined as negative indicators.

Urban economic prevention is reflected by the identification and prevention of digital
technology use (including the number of Internet users per 100 people, the number of
mobile phones per 100 people, and the employment share in information transmission
and computer services and software) and social protection. According to systems theory,
economic resistance is reflected using indicators of the structure (including industrial structure
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rationalization, advancement of industry structure, consumption patterns and the urban—

rural wealth gap) and functioning of the economy, expressed in terms of benefit indicators

(including unemployment rate, per capita GDP, per capita disposable income, GDP growth

rate and total grain output per capita). Meanwhile, economic restructuring is reflected in

indicators of learning and innovation capacity related to the economy (including technology

research and development: proportion of R&D personnel, investment intensity of scientific

research funds and number of patent applications granted per 10,000 people; human capital

indicators; share of university students in the total population, per capita health expenditure,

the number of hospital beds per 10,000 people, and the proportion of doctors and education

expenditure as a share of public financial expenditure; and fiscal support indicators: financial

self-sufficiency rate) from the perspective of structure and agency.

Table 2. Table of the comprehensive evaluation frameworks of urban ecological resilience (EcR).

Standard Layer Indicator Layer Indicator Unit Attribute
Carbon dioxide decline rate per unit of GDP % +1
Industrial sulfur dioxide removal rate % +
Sewage treatment plant centralized treatment rate % +
Ecological prevention indicators Reduction rate of energy consumption per GDP % +
Harmless treatment rate of household garbage % +
Industrial waste comprehensive utilization rate % +
Industrial soot removal rate % +
Carbon dioxide emissions per unit GDP t/10,000 CNY -2
The proportion of days with air quality up to standard % +
Industrial sulful.r dioxid.e emission per unit value £/10,000 CNYY .
industrial output
Industrial wastewater d.ischarge per unit value of £/10,000 CNY .
industrial output
Per capita water supply m? +
Ecological resistance indicators Population density persons/km? —
Proportion of urban construction land % -
Industrial soot ir;li]sgsé(t)sz llln;zr unit industrial £/10,000 CNYY B
Proportion of clean energy consumption % +
Energy consumption per unit of GDP t/10,000 CNY -
Forest coverage rate % +
Green coverage rate in built-up areas % +
Per capita park green space area m? +
Green patent grants per 10,000 population piece/10,000 people +
Employment share in water conservancy, environment, % +
and public facilities management

Environmental protection expenditure as a share of o
Ecological restructuring (learning fiscal expenditure ’ "
ability, innovation ability) indicators Per capita investment in ecological infrastructure CNY +
Per capita investment in water supply infrastructure CNY +
Per capita investment in drainage infrastructure CNY +
Per capita investment in landscaping infrastructure CNY +

1. + indicates a positive value. 2. — indicates a negative value.

To reduce ecological risks, and in accordance with circular development theory, we

select indicators of a reduction in the consumption of natural resources and the ecological

environment, namely, the carbon dioxide emission per unit GDP and the reduction rate of
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energy consumption per unit of GDP; an indicator for waste reuse, namely, the industrial
waste comprehensive utilization rate; and recycling indicators (including the cycle between
economy and nature), namely, the industrial sulfur dioxide removal rate, the harmless
treatment rate of household garbage, the sewage treatment plant centralized treatment rate,
and the industrial soot removal rate. These characterize the ecological prevention capacity
of cities. Ecological resistance, within the framework of systems theory, is measured
through ecosystem structure indexes (including per capita water supply, population density,
proportion of urban construction land, proportion of clean energy consumption, forest
coverage rate, green coverage rate in built-up areas and per capita park green space area)
and function indexes (carbon dioxide emission per unit GDP, the proportion of days with
air quality up to standard, industrial sulfur dioxide emission per unit value industrial
output, industrial wastewater discharge per unit value of industrial output, industrial soot
emissions per unit industrial output value and energy consumption per unit of GDP), and
ecological restructuring is indicated by the learning and innovation capacity related to
ecology (including green technology indicators: green patent grants per 10,000 population;
green management indicators: employment share in water conservancy, environment, and
public facilities management, environmental protection expenditure as a share of fiscal
expenditure, per capita investment in ecological infrastructure, per capita investment in
water supply infrastructure, per capita investment in drainage infrastructure and per capita
investment in landscaping infrastructure) from the perspective of structure and agency.

2.2. Factors Affecting Coupling Coordination Between Urban ER and EcR
2.2.1. Internal Influencing Factors

According to systems science theory, the structure and function of urban ER and
EcR—as well as their interactive relationship—are the internal influencing factors. Building
on the concepts and logical correspondence between evaluation index systems, this study
further analyzes the primary interactions between urban ER and EcR.

1 Effect of urban economic prevention on urban EcR

Social security and agricultural product reserves influence urban ecological restructur-
ing and prevention by affecting the ecological governance of human capital and the social
security level of ecological governance personnel.

Digital technology’s economic prevention contributes to urban ecological prevention
by forecasting economic growth and the impact of ecological environmental risks on urban
economic development. However, high-carbon digital technologies hinder improvements
in urban EcR.

Urban economic planning enhances ecological prevention and resistance by antici-
pating and promoting urban economic development. This planning establishes a robust
economic foundation for advancing urban ecological restructuring.

2 Effect of urban economic resistance on urban EcR

Urban economic resistance is primarily determined by the structure and benefits of
the urban economy. The urban economic structure significantly affects reductions in the
consumption of natural resources and the ecological environment, the reuse and recycling
of waste, the reserve levels of natural resources and the ecological environment, and their
structure and function. Consequently, urban economic resistance influences ecological
prevention and ecological resistance. In turn, urban economic benefit affects the funds
and human capital available for improving urban ecological restructuring and ecological
prevention by affecting the social security system for ecological governance personnel.

3 Effect of urban economic restructuring on urban EcR
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Learning and innovation capacities enhance urban ecological prevention and restruc-
turing by influencing urban digital technology’s ecological prevention and ecological
planning, as well as urban ecological technological innovation, and human capital in
ecological management.

4 Effect of urban ecological prevention on urban ER

Reduction in the consumption of natural resources and the ecological environment,
reuse and recycling of waste, and the reserved level of natural resources and the ecological
environment require the development of circular and low-carbon economies. These efforts
also demand research into green digital technologies and the implementation of green
economic planning—thereby affecting urban economic prevention. Furthermore, these
measures drive the green transformation of urban economic structures, thereby affecting
economic resistance.

5  Effect of urban ecological resistance on urban ER

The structure and function of natural resources and the ecological environment influ-
ence urban economic structure and economic benefits, thereby influencing urban economic
resistance. Additionally, they affect the urban learning and innovation environment, neces-
sitating a green transformation in learning and innovation capacities, thereby influencing
economic restructuring.

6  Effect of urban ecological restructuring on urban ER

Ecology-related learning and innovation capacities influence the urban economic
structure and benefits through impacting ecological restoration, thereby contributing to
urban economic resistance. There are interconnected relationships among eco-technological
innovation, ecological system innovation, and ecological governance human capital—all
of which intersect with the indicators of urban economic restructuring such as techno-
logical innovation, institutional innovation, and human capital. Consequently, ecological
restructuring significantly impacts urban economic restructuring.

In summary, enhancing urban EcR depends on transforming urban ER into urban
circular ER and urban low-carbon ER.

2.2.2. External Influencing Factors

From a governance perspective, external influencing factors, namely, the external
environment, mainly include the impacts of globalization, domestic public participation,
market and policies.

2.3. Study Area

China’s coastal cities are located along the coastlines and islands bordering the Yellow
and Bohai Sea (YSBS), East China Sea (ECS), and South China Sea (5CS), spanning from
107°28' E to 125°42" E longitude and 3°51’ N to 40°47’ N latitude. Based on administra-
tive divisions outlined in the China Marine Economy Statistical Yearbook 2022 and data
availability, 53 cities are identified as the study area, excluding Hong Kong, Macao, Taiwan,
Sansha, and Danzhou in Hainan Province [40]. These cities are classified by their sea geo-
graphical location into YSBS, ECS, and SCS coastal cities (Figure 1). According to the results
of China’s city classification, developed by Diao Beidi et al. using K-means clustering, its
formula is as follows:

K
minJ= Y Y lix—pll?
k=1x;€Cy
1
Wk = =7 2 Xj
|Ck|Xi€Ck
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where K denotes the pre-defined number of clusters; Cy represents the k-th cluster set;
xj denotes the i-th sample vector; py represents the centroid (mean vector) of the k-th
cluster; || - || denotes the Euclidean distance; and |Cy| is the number of samples in the k-th
cluster [63]. The 53 cities are categorized into central cities, resource-based cities, industrial
cities, and other types of cities (Table 3).
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Figure 1. Map of China’s coastal cities.

Table 3. Classification of city types.

City Type Cities

Tianjin; Dalian; Shanghai; Hangzhou; Ningbo; Fuzhou;
Xiamen; Qingdao; Guangzhou; Shenzhen; Dongguan

Central cities

Resource-based cities Tangshan; Panjin; Huludao; Dongying

Industrial cities Cangzhou; Yancheng; Weifang

Qinhuangdao; Dandong; Jinzhou; Yingkou; Nantong;
Lianyungang; Wenzhou; Jiaxing; Shaoxing; Zhoushan;
Taizhou; Jieyang; Zhangzhou; Ningde; Yantai; Weihai;
Other types of cities Rizhao; Binzhou; Zhuhai; Shantou; Jiangmen;
Zhanjiang; Maoming; Chaozhou; Putian; Quanzhou;
Beihai; Fangchenggang; Qinzhou; Haikou; Sanya;
Huizhou; Shanwei; Yangjiang; Zhongshan

2.4. Research Methods
2.4.1. CCD Model

We use the entropy method and CCD model to calculate the comprehensive evaluation
index and CCD between urban EcR and ER, respectively [64,65]. The relevant formulas are
as follows:

C:\/{l—\/(UM—Um)z]x[[?“:\/[l—(UM—Um)]xar\n/[ (1)

M
T = aU; + BU, )
D=VCxT 3)
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where U; and Uy, respectively, represent the comprehensive evaluation indices of ER and
EcRin a given year. Uy is the larger one between the two values, and Uy, is the smaller one.
C denotes the coupling degree, and T is the coupling coordination index. Urban ER and
urban EcR are subsystems of urban resilience. The two are interdependent and mutually
restrictive and play equally important roles in urban resilience; therefore, equal weights of
0.5 are assigned to oc and (3. D is CCD. The classification of evaluation grades follows the
“ten-point method” proposed by Liao Chongbin [66].

This study employs the Relative Development Degree model to analyze the compara-
tive development status between urban economic resilience and ecological resilience. The

formula is as follows:
_U

E =
U,

4)

2.4.2. KD Analysis

Kernel density (KD) analysis is used to investigate the spatial evolution of CCD
between urban ER and EcR [67]. The KD function is defined as follows:

(x) = — iK(X;Xi> ©)

~ d
nh i=1

K(-) denotes the KD analysis equation, and x denotes the KD of the grid center. x;
denotes the point KD, d is the dimensionality of the data, h is the threshold, and n denotes
the number of points within the threshold range.

2.4.3. Social Network Analysis

To explore the spatial association network (SAN) characteristics of CCD between
ER and EcR in coastal cities, this study applies social network analysis focusing on three
aspects: overall and individual network characteristics and block model analysis [68]. The
relevant formulas are as follows:

Network density : D = L/N(N —1) (6)
Network Connectedness : C =1—V/[N(N —1)/2] (7)
Network Efficiency : E = 1 — M/max(M) (8)
Network Hierarchy : H = 1 — S/max(S) 9)
Degree centrality : DC = W/(N —1) (10)
N
Closeness centrality : CC = Z dj (11)
=1
Betweenness centrality : BC = m by (i) = gj; jil) (12)
Block type : Z = (Y, — 1) /(Y — 1) (13)

Due to space limitations, for detailed descriptions of the formulas and metrics, refer to
the references [68].
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2.4.4. Geographical Detector

To assess the spatial distribution congruence between influencing factors and CCD,
the Geographical Detector’s factor detection is utilized. The formula is as follows:

1 L
:1_72 Ny, o2 14
4 No2 & o (9

where g denotes the influence coefficient of impact factors, ranging from 0 to 1, with higher
values indicating stronger interpretive capacity for the spatial distribution of factor Y by
factor X. N and Ny, refer to the total number and the number of samples in sub-region h,
respectively. L is the number of sub-regions, while 62 and 0},? denote the variance in CCD
and sub-regional variances in CCD, respectively.

2.5. Data Source

The data of this study cover the period from 2005 to 2022. The data related to socioe-
conomic indicators such as regional GDP, unemployment rate, and fiscal expenditures were
obtained from the China City Statistical Yearbook, the China Urban Construction Statistical
Yearbook and the statistical yearbooks of individual prefecture-level cities. The data related
to ecological environment indicators such as industrial wastewater discharge volume, air
pollutant discharge volume, and green coverage rate are derived from the China Urban
Construction Statistical Yearbook, the China Environmental Statistical Yearbook, the statistical
yearbooks of individual prefecture-level cities and the publicly available information of their
governments; some indicators are obtained from the CNKI database. Patent data are from the
INCOPAT database and missing values are filled in using interpolation methods. The data
processing procedures mainly include searching for the data. For missing values, interpolation
methods are used for supplementation. Then, the comprehensive value is calculated using
the entropy method, and CCD is calculated using the coupling coordination model.

3. Results

3.1. Time-Series Characteristics
3.1.1. Overall Coastal Cities

The CCD between ER and EcR in coastal cities ranged from 0.43 to 0.54—not high
enough, but with an upward trend. From 2005 to 2013, the CCD verged on disorder, rising
to a state of bare coordination between 2014 and 2022. Two major downturns in CCD were
triggered by the 2008 global financial crisis and the 2020 COVID-19 pandemic. According
to the relative development index, the development of ER in overall coastal cities lags
behind (Table 4).

Table 4. Coupling coordination degree (CCD) between ER and EcR of overall coastal cities.

Year Coupling Relative Development Coupling
Coordination Degree Index Coordination Level

2005 0.4306 0.4023 Verge of disorder
2006 0.4377 0.4041 Verge of disorder
2007 0.4636 0.4485 Verge of disorder
2008 0.4632 0.4379 Verge of disorder
2009 0.4665 0.4401 Verge of disorder
2010 0.4766 0.4470 Verge of disorder
2011 0.4830 0.4559 Verge of disorder
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Table 4. Cont.
Year Coupling Relative Development Coupling
Coordination Degree Index Coordination Level

2012 0.4916 0.4667 Verge of disorder
2013 0.4979 0.4751 Verge of disorder
2014 0.5012 0.4855 Bare coordination
2015 0.5008 0.4790 Bare coordination
2016 0.5075 0.4886 Bare coordination
2017 0.5120 0.4900 Bare coordination
2018 0.5181 0.4977 Bare coordination
2019 0.5257 0.5121 Bare coordination
2020 0.5210 0.5030 Bare coordination
2021 0.5425 0.5336 Bare coordination
2022 0.5405 0.5253 Bare coordination

3.1.2. Different Types of Cities in the Coastal Zone

The CCD between ER and EcR in the YSBS, ECS, and SCS coastal cities exhibited a
fluctuating upward trend. The ECS coastal cities consistently demonstrated the highest
CCD levels, while the YSBS coastal cities remained at the lowest end (Figure 2).

0
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§ YSBS coastal cities
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Figure 2. Time-variation plot of the ER-EcR CCD of coastal cities (city classification based on the sea
geographical location).

A fluctuating upward trend in CCD was observed across different city types, including
central cities, industrial cities, resource-based cities, and other types of cities. Central cities
consistently led in CCD between ER and EcR. Initially, industrial cities had the lowest CCD
between ER and EcR among the four types of cities, but they surpassed both resource-based
cities and other types of cities after 2015. Although the CCD between ER and EcR in
resource-based cities has increased, it remained the lowest in 2022. The disparity in CCD
across the four types of cities has continued to widen over time, mainly for the following
reasons: central cities, relying on their advantages in factor agglomeration and strong
capabilities in green transformation and restoration, have achieved rapid improvement
of the synergy between ER and EcR; industrial cities, driven by industrial upgrading and
green transformation, have experienced relatively fast growth in CCD between ER and EcR;
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resource-based cities and other types of cities, constrained by factors such as industrial path
dependence, high costs of green transformation, and insufficient shock resistance, have a
relatively slow pace of coordinated improvement between ER and EcR (Figure 3).
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Figure 3. Time-variation plot of the ER-EcR CCD of coastal cities (city classification based on
K-means clustering).

3.2. Spatial Distribution Characteristics

The raw data in this study cover the period 2005-2022, representing a relatively long
time span. To ensure the identification of long-term evolutionary trends while avoiding
redundant results and reduced readability caused by year-by-year analysis, this study
adopts a time-section sampling approach to segment the study period. Specifically, taking
2005-2022 as the overall research interval, the time dimension is divided into approximately
equal intervals, with 2005, 2011, 2017, and 2022 selected as representative key years. These
years correspond to the initial, early-middle, middle-late, and final stages of the study
period, respectively.

3.2.1. Overall Coastal Cities

Stata 16 is a statistical analysis software package, and it is capable of analyzing panel
data. The data used in this study are panel data of 53 coastal cities from 2005 to 2022. Stata 16
has robust support for panel data and is well-established in the application of kernel density
estimation; the kernel density estimation curves plotted using Stata 16 are standardized
and rigorous. The KD curves of CCD between ER and EcR for overall coastal cities were
plotted using Stata 16 (Figure 4). In 2005, the main body of the curve peak was positioned
toward the left, indicating a low CCD. After 2005, the curve shifted rightward, reflecting an
upward trend in CCD. From 2005 to 2022, the main peak height decreased while the width
expanded and curve gradually became flatter—signaling increasing intercity disparities
in CCD. The main reason for this is that the disparities among coastal cities in terms of
industrial transformation capacity, factor agglomeration level, and ecological governance
effectiveness have been continuously accumulating, with the improvement rate of CCD
in core cities being significantly faster than that in other cities. Right-trailing phenomena
were observed to varying degrees from 2005 to 2022. After 2011, the tailing became more
divergent, indicating a growing divergence between extreme and average CCD values.
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Figure 4. Kernel density (KD) estimation plot of the overall ER-EcR CCD in coastal cities.

3.2.2. Different Types of Cities
1  Cities divided by geographical location of the sea

In 2005, the KD curve of CCD between ER and EcR in YSBS coastal cities exhibited a
left-skewed primary peak. After 2005, the curve shifted rightward, indicating a general
upward trend in CCD. Between 2005 and 2022, the curve’s main peak declined in height
and broadened, suggesting an increasing disparity in CCD in YSBS coastal cities. The
absence of a pronounced right-trailing section implies a relatively small difference between
the mean and extreme CCD values. After 2005, the curve transitioned from a single peak to
three peaks. In 2022, the three-peak shape became pronounced, with greater separation
and height of the left- and right-side peaks, signaling the emergence of a strong multi-
polarization phenomenon in CCD (Figure 5).
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Figure 5. KD estimation plot of the ER-EcR CCD in Yellow and Bohai Sea (YSBS) coastal cities.

In 2005, the KD curve of CCD between ER and EcR in ECS coastal cities displayed a left-
skewed peak. Following 2005, the curve shifted rightward, reflecting a rising CCD trend.
From 2005 to 2011, the primary peak declined the most and broadened most significantly in
the ECS coastal cities, indicating that the gap of CCD among these cities expanded the most
significantly. The main reasons are as follows: core cities, relying on their export-oriented
economies and advantages in factor agglomeration, have taken the lead in achieving the
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coordinated improvement of ER and EcR. In contrast, some traditional manufacturing cities
have faced intensifying ecological constraints and lagged green transformation, leading to
a significant divergence in the improvement rate of CCD among cities. By 2022, the curve
had flattened considerably, signifying a persistently large gap in CCD across these cities.
Post-2011, the curve developed a pronounced right-tailing and divergent characteristic,
highlighting a growing divergence between mean and extreme CCD values. While a
bimodal shape was evident in 2005, it gradually transitioned to a single peak after 2011,
suggesting a weakening multi-polarization phenomenon (Figure 6).
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Figure 6. KD estimation plot of the ER-EcR CCD in East China Sea (ECS) coastal cities.

In 2005, the KD curve of CCD between ER and EcR in SCS coastal cities featured
a left-skewed peak. After 2005, the curve moved rightward, indicating an overall rise
trend in CCD. From 2005 to 2022, the primary peak declined in height and broadened in
width, pointing to an increasing gap in CCD among SCS coastal cities. Concurrently, a
divergent right-tailing trend emerged, indicating a growing divergence between mean and
extreme CCD values. In 2005, curve exhibited a subtle bimodal shape. After 2005, the side
peaks gradually diminished in prominence, reflecting a steady decline in multi-polarization
phenomenon over time (Figure 7).
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Figure 7. KD estimation plot of the ER-EcR CCD in South China Sea (SCS) coastal cities.
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2 Cities classified based on K-means clustering

In 2005, the KD curve of CCD between ER and EcR in central cities exhibited a left-
skewed peak. After 2005, the curve shifted rightward, indicating a rising trend in CCD.
Between 2005 and 2022, the primary peak declined in height and broadened in width,
suggesting an increasing disparity in CCD across central cities. Some core cities, relying on
higher-level urban functions, innovation resources, and policy support, have achieved a
faster rate of coordinated improvement in ER and EcR, while other central cities lag rela-
tively behind in industrial upgrading and ecological governance. The curve also exhibited
divergent right-tailing characteristics, highlighting a growing gap between extreme and
average CCD values. From 2005 to 2017, the pronounced multi-peak morphology pointed
to a multi-polarization phenomenon in CCD. By 2022, this multi-peak transformed into a
single peak, reflecting a weakening of the multi-polarization phenomenon (Figure 8).
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Figure 8. KD estimation plot of the ER-EcR CCD in central cities.

In 2005, the KD curve also displayed a left-skewed peak in CCD between ER and
EcR in resource-based cities. Post-2005, the curve gradually shifted rightward, though
with limited amplitude, indicating a slow increase in CCD. The main reasons for this are
as follows: Resource-based cities are highly dependent on resource exploitation, with
a single industrial structure and obvious path dependence, resulting in high costs for
economic transformation and ecological restoration. Under the combined effect of resource
constraints and environmental pressures, their room for improving ER is limited, and
the progress of ecological governance is relatively slow, which restricts the coordinated
improvement of ER and EcR. The primary peak remained relatively stable from 2005 to
2022, suggesting minimal change in CCD disparities in resource-based cities. However, by
2022, the lengthening of the right-tailing indicated a growing divergence between extreme
and average CCD values (Figure 9).

In 2005, industrial cities showed a left-skewed KD curve peak for CCD between ER
and EcR. After 2005, the curve moved rightward, marking an upward trend in CCD. From
2005 to 2017, the primary peak increased in height and narrowed in width, and it declined
in height and broadened in width in 2022. These findings indicated a reduction in CCD
disparities among industrial cities from 2005 to 2017. After 2017, the gap in the coupling
coordination degree among industrial cities widened, as some industrial cities took the lead
in high-end and green development, while cities with a high share of traditional industries
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faced transformation constraints. The pronounced presence of multi-peak morphology
reflected the relatively strong multi-polarization phenomenon in CCD (Figure 10).
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Figure 9. KD estimation plot of the ER-EcR CCD in resource-based cities.
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Figure 10. KD estimation plot of the ER-EcR CCD in industrial cities.

In 2005, the KD curve of CCD between ER and EcR in other types of cities was skewed
to the left. Following 2005, the curve shifted rightward, denoting a rising trend in CCD.
From 2005 to 2022, the primary peak declined in height and broadened in width, indicating
widening CCD disparities in other types of cities. The rightward tailing of the curve
showed no convergence over this period, suggesting that the gap between extreme and
average CCD values had not decreased; the thickening of the rightward tailing reflected a
gradual rise in the proportion of cities achieving high coupling coordination levels. The
curve’s weak multi-peak morphology implied a relatively subdued multi-polarization
phenomenon in CCD (Figure 11).

In conclusion, disparities in CCD among the four types of cities classified by K-means
clustering generally increase divergence. The CCD gaps among overall coastal cities and
within different types of coastal cities generally show an expanding trend.
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Figure 11. KD estimation plot of the ER-EcR CCD in other types of cities.

3.3. Characteristics of the Spatial Association Pattern
3.3.1. Characteristics of the Overall Structure

The indicator values of the overall network structure characteristics were calculated
using Ucinet 6.0 (Table 5). From 2005 to 2022, network density increased from 0.091 to 0.442,
indicating a gradual rise in the degree of association in CCD among coastal cities. The
network correlation degree remained at 1 throughout the period, signifying that there were
direct or indirect associative relationships of CCD among these coastal cities. Meanwhile,
network efficiency declined from 0.942 to 0.573, suggesting improved stability of the CCD
association network among coastal cities. The network hierarchy is 0. In the SAN of CCD,
two-way reachable relationships generally exist among cities, and no hierarchical control
path with one-way dominance has been formed.

Table 5. Table of overall structural features of SAN for ER-EcR CCD in coastal cities.

Indicators 2005 2011 2017 2022

Network density 0.091 0.211 0.328 0.442
Network correlation degree 1 1 1 1

Network efficiency 0.942 0.816 0.694 0.573
Network hierarchy 0 0 0 0

3.3.2. Characteristics of the Individual Structure
1 Degree centrality

In 2022, the cities with the highest degree centrality (DC) were Shanghai, Guangzhou,
Shenzhen, Hangzhou, and Ningbo, reflecting their dominant roles in the SAN. These
cities have a high level of economic development and a good foundation for ecological
environmental governance. Meanwhile, well-developed transportation infrastructure and
information networks facilitate the rapid flow of factors between cities. In contrast, cities
such as Jiangmen, Zhanjiang, Jinzhou, Panjin, and Yingkou had the lowest DC, placing
them on the edge (Figure 12).
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Figure 12. Individual degree centrality (DC) map of the spatial association network (SAN) of CCD
between ER and EcR of coastal cities in 2022.

2 Closeness centrality

In terms of closeness centrality (CC) in 2022, Shanghai, Guangzhou, Shenzhen,
Hangzhou, and Ningbo ranked highest, indicating they could rapidly interact with other
cities in the SAN and serve as central actors. These cities are located in the core areas of
national-level urban agglomerations and possess comprehensive transportation advantages.
In the transmission of factors and influences, they are in a relatively favorable position, en-
abling them to establish connections with other cities at lower costs and higher efficiencies.
Cities such as Zhanjiang, Haikou, Qinzhou, Cangzhou, Dandong, Yingkou, and Panjin
exhibited the lowest CC, highlighting that they were marginal actors (Figure 13).
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Figure 13. Individual closeness centrality (CC) map of the SAN of CCD between ER and EcR of

coastal cities in 2022.

3  Betweenness centrality

The individual betweenness centrality (BC) in 2022 were generally low, indicating the
absence of high-level “bridge” cities within the SAN. Shanghai, Guangzhou, Shenzhen,
Hangzhou, and Ningbo recorded the highest BC, indicating their intermediary and hub
functions in the SAN. These cities boast advantages such as high development levels, key
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locational nodes, and cross-regional resource allocation capabilities. However, cities such
as Jiangmen, Taizhou, Jinzhou, Panjin, and Yingkou recorded the lowest BC, below 0.1,
suggesting they were in a subordinate position (Figure 14).
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Figure 14. Individual betweenness centrality (BC) map in the SAN of CCD between ER and EcR of

coastal cities in 2022.

4  Urban spillover roles

In 2022, beneficiary cities included Beihai, Binzhou, and Fangchenggang, among others.
These cities are located at the periphery of the network structure, with receiving relationships
significantly exceeding spillover relationships. Spillover roles cities included cities such as
Tianjin, Qingdao, Hangzhou, Ningbo, Xiamen, and Dongguan. These cities can exert strong
spillover effects on other cities through factor flows and the transmission of development
experience. Two main types of intermediary cities were identified. The first type, including
cities such as Shanghai, Guangzhou, and Shenzhen, had high in-degree and out-degree values.
They were strongly influenced by other cities while also affecting other cities. The second type,
represented by cities such as Yingkou, Binzhou, Jiangmen, and Yangjiang, had low in-degree
and out-degree values, reflecting relatively weak connections (Figure 15).
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Figure 15. Urban spillover roles map in the SAN of CCD between ER and EcR in coastal cities in 2022.
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3.3.3. Block Model Analysis

This study adopts the ideas of structural equivalence and block modeling from SNA,
and it groups cities based on their characteristics of spillover and reception relationships
in the network using the CONCOR method in Ucinet software. Due to the limitations of
the Ucinet block model, five cities on the edges of the SAN—]Jiangmen, Qinzhou, Jinzhou,
Panjin, and Yingkou—were excluded. The remaining 48 cities were categorized into
four blocks (Figure 16). Block 1 comprises 8 cities, including Fuzhou; Block 2 includes
Guangzhou, Shenzhen, and Shanghai; Block 3 contains 21 cities, such as Maoming; and
Block 4 consists of 16 cities, including Cangzhou.
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0 130 260 Miles
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Figure 16. Four blocks map within the SAN of CCD between ER and EcR in coastal cities in 2022.

These four blocks form a total of 792 interconnections, of which 285 are internal, and
the spatial associations are primarily external to the blocks. Block 1 exhibits 278 spillover
and 272 receiving relationships, characterizing it as a “net spillover” block. Block 2 has
equal numbers of spillover and receiving relationships, both at 135, with fewer internal
connections, and it is a “broker” block. Block 3, with 221 spillover and 229 receiving
relationships, functions as a “net beneficiary” block. Block 4, with 158 spillover and
156 receiving relationships, functions as a "bilateral spillover" block (Table 6).

Table 6. Table of spillover effects of spatial association blocks in 2022.

Number of Spillover Number of
Block Type Nunlt/ll)ee;(l:))fel]'sslo‘:k Relationships Receiving Relationships Block Type
Intra-Block  Inter-Block  Intra-Block Inter-Block
Block 1 19 278 19 272 Net spillover
Block 2 6 135 6 135 Broker
Block 3 21 138 221 138 229 Net benefit
Block 4 16 122 158 122 156 f;iﬁfi:i

To further reveal the spatial connections between blocks (Figure 17), a block density
matrix was calculated and transformed into an image matrix (Table 7).
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Figure 17. Plot of the associations among the four blocks in the SAN of ER and EcR coupling
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Table 7. Density matrix and image matrix.

Density Matrix Image Matrix
Block Type
Block 1 Block 2 Block 3 Block 4 Block 1 Block 2 Block 3 Block 4
Block 1 0.339 1 0.923 0.773 0 1 1 1
Block 2 1 1 1 1 1 1 1
Block 3 0.887 1 0.331 0.027 1 1 0 0
Block 4 0.773 1 0.033 0.508 1 1 0 1

The values for Blocks 1 and 3 are 0, indicating a relatively low degree of association
among cities within Block 1 and Block 3, whereas Blocks 2 and 4 have values of 1, suggesting
a relatively high degree of association among them. Off-diagonal values reflect the degree of
association of CCD between blocks. Notably, the degree of association between Blocks 3 and 4
is relatively weak, while the associations among other blocks are comparatively strong.

3.4. Affecting Factors
3.4.1. Selection of Affecting Factors

Based on analytical conclusions regarding the influencing factors, a literature review,
the actual situation of the coastal zone, and data availability, the following factors are
identified as primary internal influences: social security (social security expenditure(X1)),
digital technology (employment share in information transmission, computer services, and
software(X2)), industrial structure (industrial structure rationalization(X3); advancement
of industry structure(X4)), living standards (per capita disposable income(X5)), equity
(urban-rural wealth gap(X6)), education (education expenditure as a share of public finan-
cial expenditure(X7)), healthcare (per capita health expenditure(X8)), characteristic factors
of circular economy (industrial waste comprehensive utilization rate(X9)), atmospheric
environment (the proportion of days with air quality up to standard(X10)), water resources
(per capita water supply(X11)), land resources (population density(X12)), energy resources
(proportion of clean energy consumption(X13)), vegetation (green coverage rate in built-up
areas(X14)), eco-technological innovation (green patent grants per 10,000 population(X15)),
human capital for ecological governance (employment share in water conservancy, environ-
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ment, and public facilities managemen(X16)), ecological protection systems (environmental
protection expenditure as a share of fiscal expenditure(X17)), and ecological restoration
investment (per capita investment in ecological infrastructure(X18)). Foreign trade depen-
dence (X19) is selected to represent the degree of globalization, while the marketization
index (X20) reflects the degree of market development. The green finance index (X21)
indicates the green market development. Industry association count (X22) and ecologi-
cal environment awareness (X23) are used to reflect public engagement in ER and EcR
development, respectively.

3.4.2. Analysis of Affecting Factors

Risk detection is employed to determine the significance and impact intensity of
factors. The results of the single-factor detection are presented in Table 8.

Table 8. Table of analysis of factors affecting ER-EcR CCD in coastal cities.

2005 2011 2017 2022
Dimension Indicator

q Rank q Rank q Rank q Rank

X1 0.1711 17 0.1378 23 0.3078 13 0.4040 14

X2 0.0733 23 0.3593 9 0.5325 6 0.6453 7

X3 0.1002 22 0.3424 12 0.4182 9 0.3656 16

X4 0.3411 11 0.3561 10 0.4459 8 0.4966 6

X5 0.4585 6 0.6411 3 0.6271 5 0.6865 5

X6 0.4366 7 0.3878 7 0.3701 12 0.4952 10

X7 0.2621 13 0.1448 21 0.2043 20 0.2569 19

X8 0.4842 4 0.4582 5 0.6352 4 0.7569 2

_ X9 0.1392 21 0.1505 20 0.1413 23 0.2633 18

Internal variable — y15 53023 12 0.1602 19 0.2067 19 0.4465 1

X11 0.4797 5 0.6721 1 0.7014 2 0.6999 3

X12 0.1628 18 0.1886 18 0.2944 14 0.3963 15

X13 0.2285 14 0.2313 17 0.2569 17 0.0637 23

X14 0.1861 16 0.1488 22 0.1695 22 0.1636 21

X15 0.5631 2 0.6673 2 0.7804 1 0.7732 1

X16 0.3746 10 0.2810 15 0.1797 21 0.1546 22

X17 0.1600 19 0.2950 14 0.2724 16 0.2331 20

X18 0.4288 8 0.3339 13 0.2737 15 0.2842 17

X19 0.2021 15 0.3808 8 0.4097 10 0.5739 8

X20 0.1411 20 0.2333 16 0.2326 18 0.4377 12

External X21 0.4022 9 0.3454 11 0.3835 11 0.4153 13

variable X22 0.5025 3 0.6103 4 0.6841 3 0.5317 9

X23 0.5843 1 0.4359 6 0.4928 7 0.6875 4

This research revealed the following findings: (1) The influence of factors affecting
the spatial-temporal patterns of the ER-EcR CCD in coastal cities vary in magnitude
across different time periods. (2) Based on the actual situation, variables with a g-value
greater than 0.5 were identified as primary influencing factors. In 2005, these included
the degree of public engagement in EcR development, eco-technological innovation, and
public participation in ER development. By 2011, the primary affecting factors were water
resources, eco-technological innovation, living standards, and public engagement in ER.
In 2017, the primary affecting factors were eco-technological innovation, water resources,
public engagement in ER, healthcare, living standards, and digital technology. In 2022, the
primary affecting factors were eco-technological innovation, healthcare, water resources,
public engagement in EcR development, living standards, industrial structure rationaliza-
tion, digital technology, globalization level, public engagement in ER development. The
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number of primary influencing factors has increased over time, showing a clear trend
toward diversification. (3) Public engagement in ER and eco-technological innovation
consistently emerged as dominant affecting factors. Over time, additional variables—such
as water resources, living standards, digital technology, healthcare, industrial structure
rationalization, and globalization level—successively gradually became primary affecting
factors. Public engagement in EcR was a primary affecting factor in both 2005 and 2022,
with its influence initially declining before rising.

4. Discussion

This study constructs evaluation index systems for the urban ER and urban EcR of
China’s coastal cities and calculates their respective comprehensive evaluation indices and
the CCD between the two. On this basis, it analyzes the spatial-temporal pattern character-
istics and affecting factors of the coupling coordination level. The main innovations are
as follows:

First, in current research on the concepts and evaluation of urban ER and urban EcR,
insufficient attention has been paid to the agency of humans within the systems, and the
“structure-agency” and dynamic evolutionary characteristics of the systems have been
neglected. Based on evolutionary economics and the “structure—agency” perspective, this
study improves the evaluation index system of urban ER from three dimensions: prevention,
resistance, and restructuring; integrating the circular economy theory, it enhances the
evaluation index system of urban EcR from the same three dimensions. This enriches the
research on the urban resilience of China’s coastal cities.

Second, in the current research on the urban resilience of China’s coastal cities, most
studies focus on a single dimension of resilience. Based on the systems economics perspec-
tive, this study unifies the urban ER and urban EcR of coastal cities using the CCD model
and systematically explores the spatial-temporal evolution pattern of CCD. This is more
closely aligned with reality, where the economic system and the ecological system interact
with each other and develop in a dynamically coordinated manner.

Finally, this study adopts the SAN and systematically reveals the spatial structure
characteristics of the coupling coordination relationship between ER and EcR from three
dimensions: overall network structure, node centrality, and network clustering. This
method can present the complex economic—ecological resilience relationships among re-
gions in the form of a graph structure, break through the linear assumption of adjacency
or distance in traditional spatial econometric methods, and effectively capture the multi-
dimensional, multi-directional and asymmetric coupling interaction relationships among
regions. Moreover, it possesses good structural identification abilities and mechanism
characterization advantages.

5. Main Research Conclusions and Policy Recommendations

This study constructs evaluation index systems for the urban ER and urban EcR of
China’s coastal cities and calculates their respective comprehensive evaluation indices
and the CCD between the two. On this basis, it analyzes the spatial-temporal pattern
characteristics and factors affecting the coupling coordination level. The main findings of
this study are as follows:

(1) According to the evolutionary process, which is grounded in a dual theoretical
framework from evolutionary economics from past to present to future and the “structure—
agency” perspective, the evaluation indicators for urban ER and urban EcR are decomposed
of three dimensions: preventive indicators, resistance indicators, and restructuring indica-
tors. To reduce ecological risks, circular economy characteristic indicators are specifically
employed as preventive indicators for urban ecological resilience.
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(2) The CCD between ER and EcR in overall coastal cities and different types of coastal
cities is not high enough, showing a fluctuating upward trend. ER development continues
to lag behind that of EcR in overall coastal cities. Therefore, efforts should be made to
accelerate the enhancement of ER in China’s coastal cities to promote the improvement of
the coupling coordination level between their ER and EcR.

(3) The CCD between ER and EcR in different types of coastal cities closely aligns
with the spatial distribution of their economic development levels. The CCD gaps among
overall coastal cities and within different types of coastal cities show an expanding trend,
with obvious characteristics of path dependence. Among them, the main reasons for
the widening gap in CCD between central cities, industrial cities, resource-based cities,
and other types of cities are as follows: central cities, relying on their advantages in
factor agglomeration, as well as strong green transformation capabilities and restoration
capabilities, have achieved the coordinated and rapid improvement of ER and EcR; driven
by industrial upgrading and green transformation, the CCD of ER and EcR in industrial
cities has grown rapidly; resource-based cities and other types of cities are constrained by
factors such as industrial path dependence, high green transformation costs, and insufficient
shock-resistance capabilities, resulting in a relatively slow pace of coordinated improvement
in their ER and EcR. From ECS to SCS to YSBS coastal cities, and from central cities to
industrial cities to other types of cities to resource-based cities, the government’s support
for urban economic development should be gradually increased, aiming to narrow the gap
in the degree of coupling coordination between different types of cities.

(4) The correlation degree of CCD among coastal cities shows a gradually increasing
trend, and the SAN becomes more stable and relatively balanced.

(5) The spatial distribution of DC, CC, and BC shows a high degree of consistency. Ur-
ban spillover roles are highly consistent with levels of economic development. Beneficiary
cities and intermediary cities with low in-degree and out-degree values are mainly those
cities with lower economic development, whereas spillover cities and intermediary cities
with high in-degree and out-degree values are mainly those cities with higher economic
development. Therefore, to actively improve the economic development level of China’s
coastal cities, particularly those that are less developed, the aim is to increase the number
of spillover cities and intermediary role cities with high in-degree and high out-degree
centrality, so as to promote enhancement of the coupling coordination level between ER
and EcR in China’s coastal cities, while narrowing the gap in coupling coordination level
among them. By actively improving the coupling coordination level of cities with lower
DC, CC, and BC, disparities in the coupling coordination level across China’s coastal cities
can be reduced.

(6) The spatial associations of CCD among the four blocks are primarily external.
The correlation degree between Block 3 and Block 4 is relatively weak, while stronger
correlation degrees are observed among the other blocks. Within Block 1 and Block 3, the
internal correlation degrees are relatively low, whereas those within Block 2 and Block 4
are comparatively high. Therefore, emphasis should be placed on strengthening the spatial
correlation of CCD among the four sectors. Actively improving the correlation degree
between Block 3 and Block 4, as well as the correlation degree among cities within Block 1
and Block 3, will promote enhancement of the correlation degree in CCD among China’s
coastal cities.

(7) According to systems science theory, the structures and functions of urban ER and
urban EcR, as well as the interaction between urban ER and EcR, are internal influencing
factors. From the perspective of governance, external influencing factors, namely, the exter-
nal environment, mainly include the impact of globalization, as well as domestic public
participation, markets, and policies. The number and diversity of dominant influencing fac-
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tors have steadily increased. Public engagement in ER development and eco-technological
innovation have remained consistent dominant influencing factors. Over time, factors such
as water resources, living standards, digital technology, healthcare, industrial structure
rationalization, and globalization level have successively become dominant influencing
factors. Public engagement in EcR development emerged as a dominant factor in both 2005
and 2022, with its influence initially declining before rising. Therefore, full play should be
given to the roles of dominant influencing factors, including the degree of public partic-
ipation in ER development, ecological technological innovation, water resources, living
standards, digital technology, healthcare, industrial structure rationalization, globalization
level, and the degree of public participation in EcR development. Since the number of
dominant influencing factors is gradually increasing and they tend to be diversified, the role
of current non-dominant influencing factors should not be ignored. In particular, attention
should be paid to those factors whose influence tends to rise, such as the marketization
index and the atmospheric environment.

(8) Considering the availability of data, variables such as agricultural product reserves,
reserves of natural resources and the ecological environment, and urban ecological planning
were excluded from the evaluation index system. Additionally, using the number of patent
applications to represent the level of ER policy development, green patent application
counts to reflect the level of EcR policy development, and the green finance index to reflect
green market maturity presents certain limitations.
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