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Promoting the coupling and coordinated development of green economic
efficiency (GEE) and new-type urbanization (NTU) is of great significance for
high-quality regional development. Based on the data of 30 provinces
(autonomous regions and municipalities directly under the Central
Government) in China from 2006 to 2021, the coupling coordination model is
used to measure the coupling coordination level between GEE and NTU, and the
Dagum Gini coefficient is used to analyze the difference between the two
coupling coordination degrees (CCD). Fuzzy set qualitative comparison
analysis (fsQCA) was used to explore the influencing factors of the two from
the perspective of configuration, so as to clarify the conditional configuration and
multiple paths that drive the improvement of the coupling coordination degree of
the two. The results show that: (1) GEE and NTU in China are on the rise in most
areas of the country. (2) The CCD between GEE and NTU in China is generally on
the rise; The spatial distribution showed a decreasing trend in East China, Central
China, Northeast China and West China. (3) The Gini coefficient of CCD between
the two shows an overall upward trend, and the overall gap of the coupling
relationship is gradually increasing. (4) Openness to the outside world is the core
condition of high coupling coordination degree, and the industrial structure-
opening to the outside world cooperative and opening to the outside world
leading path can produce high coupling coordination degree. According to the
provinces and regions of different coordination levels, different policy
suggestions are put forward to promote the continuous collaborative
development of GEE and NTU.
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1 Introduction

The escalating challenges of global climate change and
environmental degradation necessitate a paradigm shift in
development models to achieve the dual objectives of climate
stability and economic growth. The United Nations Sustainable
Development Goals (SDGs) emphasize the critical importance of
synergistic alignment between “inclusive economic growth” and
“environmental sustainability” in global development visions.
Within this context, green economy efficiency (GEE) has
emerged as a pivotal metric for assessing both economic growth
quality and environmental protection. By integrating traditional
inputs with environmental pollution factors, GEE establishes a
comprehensive “total-factor” evaluation framework that
overcomes the limitations of conventional efficiency indicators
(Zhao et al., 2020). Particularly in developing countries, GEE
provides a quantifiable decision-making benchmark to resolve the
“growth-pollution” paradox, enabling the measurement of
economic gains per unit of environmental cost and revealing the
true costs and benefits of green transitions. Concurrently, new-type
urbanization (NTU) transcends traditional urban expansion logic by
prioritizing human-centered development under ecological
constraints, embodying the “strong sustainability” paradigm that
recognizes natural capital as irreplaceable and requires systemic
integration of economic restructuring and spatial reorganization
(Daly, 1997). The coupling mechanism between GEE and NTU
operates through multidimensional interactions involving resource
allocation, industrial upgrading, technological innovation, and
institutional coordination, forming a virtuous cycle of
urbanization quality enhancement–green technology
diffusion–environmental pressure mitigation–economic efficiency
improvement. This multidimensional coupling positions NTU as a
spatial carrier for GEE enhancement, with their synergy constituting
a “dual-engine” system for high-quality development. However,
existing studies predominantly examine their unilateral impacts,
leaving significant gaps in understanding their interactive
mechanisms and dynamic evolution patterns, which demand
interdisciplinary integration and multidimensional analysis for
breakthroughs.

As the world’s largest developing country, China plays a pivotal
role in demonstrating the coordinated advancement of the green
economy and NTU. Since the 18th National Congress of the
Communist Party of China (CPC), the central government has
advocated “a new urbanization path with Chinese characteristics,”
prioritizing ecological conservation while elevating urbanization
quality (Wang et al., 2023). The 14th Five-Year Plan explicitly
outlines strategies for synergistic development of green initiatives
and NTU, emphasizing ecological civilization construction and
urban sustainability during urbanization. The Chinese
government has recognized that NTU is not only the transfer of
population from the countryside to the city, but also a process of
comprehensively improving the comprehensive carrying capacity of
the city and realizing the coordinated development of the economy,
society, resources and environment. Therefore, in the development
of NTU road, it is necessary to make it and the green economy
coordinated development of the same concept, in order to ensure the
quality and speed of common development, to avoid the first cause

of pollution, and then spend efforts to deal with the detour (Zhong
and Chen, 2022).

Since Pearce et al. introduced the green economy concept by
critiquing the environmental costs of traditional growth models
(Pearce et al., 1989), academic discourse has evolved beyond the
economy-environment dichotomy. Jacobs and Postel expanded the
theoretical framework by incorporating social and organizational
capital, establishing a “four-dimensional capital” (human, natural,
social, organizational) paradigm that underpins GEE’s total-factor
assessment (Jacobs, 1997; Postel and Carpenter, 1997). With the
advancement of the global sustainable development agenda, GEE
research has formed twomajor branches at the methodological level:
parametric approaches (e.g., stochastic Frontier analysis SFA)
capture the dynamic impact of external shocks on the efficiency
Frontier by introducing stochastic error terms (Khoshbakht et al.,
2018; Fall et al., 2018), while non-parametric approaches (centered
on data envelopment analysis DEA) have become mainstream by
virtue of the advantages of not requiring a predefined production
function and circumventing subjective empowerment (Liu and
Dong, 2021). Among them, the non-radial, non-angle SBM
model has been widely used in provincial-scale GEE
measurement because it can effectively solve the input-output
relaxation problem, pushing the research from static efficiency
assessment to dynamic measurement that includes non-expected
outputs (Tone, 2001; Zhu et al., 2024). In recent years, the research
focus has been extended to the heterogeneity analysis of GEE driving
mechanisms: on the one hand, the role paths of emerging elements
such as environmental information disclosure and digital financial
inclusion have been gradually revealed (Zhu et al., 2024; Zheng et al.,
2022; Wang et al., 2022); on the other hand, the inhibitory effect of
macro-disturbances such as economic policy uncertainty has
triggered reflections on institutional resilience (Ma et al., 2022).

China’s systemic urbanization challenges were first identified in
2003, rooted in imbalances between socialist economic institutions
and urbanization demands (Zhang and Zhao, 2003). The CPC’s 16th
National Congress introduced the “Chinese-style Urbanization”
strategy, laying NTU’s foundation. Early studies focused on
conceptualizing NTU and constructing evaluation systems. Shao
and Wang built a comprehensive evaluation system of NTU
construction from four dimensions of population, environment,
economy and society (Shao and Wang, 2023). Z Zhao and Wang
constructed the NTU comprehensive evaluation index system from
five dimensions: population, economy, space, society and green
(Zhao and Wang, 2022). Subsequent research highlighted
regional disparities: Zhang et al. identified geographic marginality
and human capital deficits as barriers to NTU in underdeveloped
regions (Zhang et al., 2022), while Qian et al. attributed 32%
efficiency loss in central-western cities to technological stagnation
and pollution control failures (Qian et al., 2021). Spatial econometric
analyses revealed NTU’s spillover effects, with Xu and Jiao
demonstrating urban industrial chain radiation diminishing
beyond 150 km (Xu and Jiao, 2021). Studies also uncovered
bidirectional NTU-environment relationships: Cai et al. proposed
that in the early stage of NTU, the inhibitory effect of NTU on the
ecological environment was dominant (Cai et al., 2021), while Liu
et al. emphasized public service optimization and green
infrastructure investments (Liu et al., 2018).

Frontiers in Environmental Science frontiersin.org02

Zhu et al. 10.3389/fenvs.2025.1518952

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2025.1518952


Recent studies have increasingly examined the interaction
mechanisms between NTU and green economic development.
Scholars have demonstrated measurable synergistic effects
through empirical analyses. Zhou et al. found green finance-NTU
coordination boosted GEE by 18.7% with 800 km spillover range
(Zhou et al., 2025). Hu et al. revealed that the integration of digital
economy with industrial ecologization in the Yangtze River Delta
strengthens NTU effects, generating a 0.311-unit marginal
improvement in GEE (Hu et al., 2025). Nonlinear dynamics are
evident: Xiang et al. identified a U-shaped evolution pattern between
urbanization and carbon efficiency, with the critical transition
occurring at 65% urbanization rate (Xiang et al., 2024).
Simultaneously, Xia et al. identified an inverted U-shaped
correlation in water-energy-food system pressures, demonstrating
the necessity of circular economy strategies when decoupling indices
surpass 0.58 (Xia et al., 2024). Empirical assessments of carbon
emission trading systems confirmed a 31.56% GEE enhancement in
pilot cities, accompanied by measurable pollution transfer effects
quantified at 0.17 intensity units (Yan and He, 2024). Despite
progress, fragmented understanding of economy-space
interactions, static spatiotemporal analyses, and policy
coordination gaps persist, necessitating systematic investigation of
GEE-NTU coupling dynamics.

Therefore, the marginal contribution of this paper is divided into
the following three points: (1) Most of the existing researches focus
on the relationship between economic development or green and
NTU, and few scholars put GEE and NTU into a research
framework. This study aims to enrich the research on GEE and
NTU and propose a new research framework. (2) Study the dynamic
change of Gini coefficient of the coupling coordination relationship
between GEE and NTU at different time scales and spatial scales, so
as to further analyze its spatio-temporal pattern and dynamic
evolution law. (3) By using the fsQCA method, the configuration
analysis of factors affecting CCD between GEE and NTUwas carried
out to explore the factors affecting the coupling and coordinated
development of GEE and NTU, and the key to the coupling and
coordinated development of GEE and NTU was found. Based on the
coupling coordination model, this paper will explore the coupling
coordination development mechanism of GEE and NTU, analyze
the key factors affecting their coordinated development, and put
forward corresponding policy suggestions, in order to provide
theoretical support and practical guidance for realizing the
coordinated development of economy, society, resources and
environment.

2 Data description and model
construction

2.1 Index system construction

2.1.1 GEE evaluation index system
Based on the rationality and scientificity of the index system, on

the basis of existing research results (Zhao et al., 2020; Zhao and
Wang, 2022; Yang and Ni, 2022), combined with the input-output
theory, The GEE measurement index system, which includes three
input indicators (Capital stock, Energy Consumption, Year-end
employees), one expected output (GDP) and three unexpected

outputs (CO2 emissions, Industrial wastewater emissions,
Industrial waste gas emissions, and Industrial solid waste
production), is constructed. The undesirable output is modeled as
a “Reverse productivity” factor, and the efficiency value will be
deducted proportionally if the pollution emission exceeds the
minimum feasible level of the same type of efficient provinces.
This design allows high-polluting provinces to earn lower Gee scores
for excessive environmental costs even when their economic output
is high, thus promoting quantitative comparisons of “Green
Growth.” The specific measurement indicators are shown in Table 1.

2.1.2 NTU evaluation index system
According to the National New Urbanization Plan (2014–2020),

based on the scientificity and rationality of indicators and the
availability of data, From population urbanization (Zhang et al.,
2022; Qian et al., 2021; Cai et al., 2021) (Proportion of employment
in tertiary industry, Registered urban unemployment rate,
Proportion of urban population in total resident population),
economic urbanization (Chen et al., 2018) (Per capita GDP,
Proportion of secondary and tertiary industries in GDP, Per
capita local fiscal revenue, Per capita living consumption
expenditure of urban residents), and spatial urbanization (Chen
et al., 2018; Chen et al., 2016) (Urban population density, Urban
built-up area, Per capita road area), social urbanization (Zhao and
Wang, 2022; Zhang et al., 2023; Wang et al., 2019) (Water
penetration rate, Gas penetration rate, number of beds in medical
institutions, Number of Internet access ports, Proportion of
education expenditure in fiscal expenditure), ecological
urbanization (Feng Y. et al., 2023) (Green coverage rate of built-
up areas, Per capita green area of parks, Harmless treatment rate of
household waste, and Comprehensive utilization rate of industrial
solid waste), NTU level measurement with 19 indicators was
constructed Indicator system, specific indicators are shown
in Table 2.

2.1.3 The coupling coordination between GEE
and NTU

NTU development promotes GEE. NTU provides employment
opportunities and increases residents’ incomes, which in turn
increases spending power and expands demand for green

TABLE 1 GEE evaluation index system.

Criterion layer Index level Unit

Input indicators Capital stock Hundred million
yuan

Energy consumption Ten thousand tons

Year-end employees Thousands of people

Expected output GDP Hundred million
yuan

Unexpected outputs CO2 emissions Ten thousand tons

Industrial wastewater emissions Ten thousand tons

Industrial waste gas emissions Million cubic meters

Industrial solid waste
production

Ten thousand tons
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products and services, which in turn boosts GEE. By improving
infrastructure and enhancing public services, NTU can improve
residents’ quality of life, increase environmental awareness and
promote green consumption.

GEE affects the development of NTU. The improvement of GEE
contributes to the reduction of environmental pollution, which in
turn promotes the sustainable development of NTU. The promotion
of GEE can promote the development of green industries,
technological advances, and improvements in energy efficiency,
which are important components of NTU.

2.2 Model method

2.2.1 Determination of index weights
To overcome the subjectivity of indicator weights, the weights

are calculated using the maximum entropy value approach (Feng C.
et al., 2023), and for the m (m = 30) provinces being analyzed in this
study, there exist n (n = 19) urbanization evaluation indicators, thus
forming the original talent environment indicator data matrix X =
(xij)m×n, where xij denotes the value of the jth urbanization
evaluation indicator of the ith province. For a single urbanization
index xj , the higher the weight of the indicator is if the gap between
the values that the indicators took is greater; conversely, the less
important the indication is the evaluation. The calculation formula
and the steps are outlined below The calculation process is described
in Equations 1-8:

Standardization of the raw data. The higher value of the positive
indicator indicates higher urbanization, then the calculation
formula is:

yij � xij − xij
min

xij
max − xij

min
(1)

where the unemployment rate is the inverse indicator, calculated by
the formula

yij � xij
max − xij

xij
max − xij

min
(2)

Calculate the entropy value of each individual index with
the formula

ej � −K × ∑m
i�1
Pij ln Pij( ) (3)

K � 1
ln m( ) (4)

Pij � xij∑m
i�1
xij

(5)

Determine the coefficient of variation of the jth indicator gj , the
importance of the indicator in the evaluation is indicated by the size
of the value.

gj � 1 − ei (6)

TABLE 2 NTU evaluation index system.

Criterion layer Index level Index attribute Weight

Population urbanization Proportion of employment in tertiary industry + 0.0321

Registered urban unemployment rate − 0.0243

Proportion of urban population in total resident population + 0.0380

Economic urbanization Per capita GDP + 0.0733

Proportion of secondary and tertiary industries in GDP + 0.0114

Per capita local fiscal revenue + 0.1285

Per capita living consumption expenditure of urban residents + 0.0766

Spatial urbanization Urban population density + 0.0476

Urban built-up area + 0.0898

Per capita road area + 0.0336

Social urbanization Water penetration rate + 0.0073

Gas penetration rate + 0.0145

Number of beds in medical institutions + 0.0877

Number of internet access ports + 0.1609

proportion of education expenditure in fiscal expenditure + 0.0293

Ecological urbanization Green coverage rate of built-up areas + 0.0544

Per capita green area of parks + 0.0344

Harmless treatment rate of household waste + 0.0176

Comprehensive utilization rate of industrial solid waste + 0.0390
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Calculate the weight of the jth indicator.

ωj � gj∑n
j�1
gi

(7)

Calculate the overall urbanization score of each city.

Ui � ∑nj
j�1
Wj × yij (8)

2.2.2 Super-efficiency SBM model
Data Envelopment analysis (DEA), originally proposed by

operations research scientists, is a nonparametric technical
efficiency analysis method that can be used to evaluate the relative
efficiency of decision-making units (DMUs) that include multiple
input and output indicators. To address the problem that traditional
DEAmodels disregard variables when measuring economic efficiency
and fail to distinguish and rank multiple equally efficient decision
units, Tone proposed the Super-efficiency SBM model based on the
conventional DEAmodel (Tone, 2002). Thismodel can provide better
consideration of non-desired outputs and reduce the effect of
inaccuracies on the outcomes of measuring GEE. Hence, this
paper opts for the Super-efficiency SBM model to assess the GEE
of each province to capture more significantly the inter-provincial
differences in GEE. Every province serves as a decision-making unit,
while the indicator data from 2006–2021 are utilized. The specific
model is as follows Equations 9, 10:

min ρ �
1
m ∑m

i�1
x′/xik

1
r+p ∑r1

s�1
ydyd

sk + ∑r2
q�1

yuyu
qk( ) (9)

s.t.

x′≥ ∑n
j�1,≠ k

xijλj;y
d ≤ ∑n

j�1,≠ k

yd
sjλj; y

d ≥ ∑n
j�1,≠ k

yd
qjλj

x′≥xk; yd ≤yk
d; y

u ≥yu
k

λj ≥ 0, i � 1, 2,/, m; j � 1, 2,/, n, j ≠ 0
s � 1, 2,/, r; q � 1, 2,/, p

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩ (10)

where: n is the number of decision units, there are m inputs to each
decision unit, r expected outputs and p unexpected outputs, x, yd,
and yu are the components of the input matrix that are required,
period, two types of output matrices: expected and unexpected,
respectively λ are the weight vectors, and ρ (0< ρ≤ 1) denotes the
final GEE value ρ The larger the value, the larger the GEE value is.

2.2.3 Coupling coordination degree model
The CCD pattern originates from physics and is mainly used in

analysis to describe the phenomenon of interactions among two or
more systems. The coupling degree is used to characterize the degree
of closeness (strength) at which multiple systems interact with one
another, and the coordination degree is employed to measure the
level of shared balance and coordination between systems or
elements (Sun et al., 2024; Yang et al., 2023). With the following
Equations 11, 12:

C � 2


U1*U2

U1 + U2( )2
√

(11)

D � 
C × T, T

√ � α1U1 + α2U2 (12)

The coupling degree, denoted by C in this case, has a value range
[0, 1]; the greater C, the stronger the degree of interaction between
the two systems; U1 is the GEE; U2 is the level of NTU, T is the
composite coordination index of the two, and a1 and a2 denote the
contribution of GEE and NTU systems, respectively. Based on the
assumptions of policy reciprocity, data standardisation needs and
system equilibrium, so α = β = 0.5 (Dong et al., 2023; Gupta et al.,
2024); D is the CCD and D ∈ [0, 1]. The larger the value of D is, the
better the CCD between the two is. Using the related investigation as
a guide (Liu et al., 2023), the CCD can be broken down into phases,
as illustrated in Table 3.

2.2.4 Dagum Gini coefficient analysis
In this essay, refer to the investigation of Zhang et al. (2024),

which utilized the Dagum Gini coefficient to analyze regional
deviations in the CCD of GEE and NTU level and conducted a
difference decomposition analysis, divided its research subjects into
z groups containing n research subjects, a, b, . . . represent the
subgroups, na, nb , . . . denote the number of research subjects in each
group, yai, ybj , . . . denote the variable information of any group of
research subjects, and in this paper, it denotes the CCD of GEE and
NTU degree. In general, the level of linkage and coordination is
tighter and the synergy is stronger when the Gini coefficient has a
lesser value. The calculation process is described in Equations 13-20.

G � 1
2n2 �y

∑z
a�1

∑z
b�1
∑na
i�1
∑nb
j�1

yai − ybi

∣∣∣∣ ∣∣∣∣ (13)

Gaa � 1
2n2 �y

∑na
i�1
∑nb
j�1

yai − ybi

∣∣∣∣ ∣∣∣∣ (14)

Gab � 1
nanb �ya + �yb( )∑nai�1∑nbj�1

yai − ybi

∣∣∣∣ ∣∣∣∣ (15)

Gw � ∑z
a�1

Gaapasa (16)

Gnb � ∑z
a�2

∑a−1
b�1

Gab pbsa + pasb( )Dab (17)

Gt � ∑z
a�2

∑a−1
b�1

Gab pbsa + pasb( ) 1 −Dab( ) (18)

hab � ∫∞

0
dFa y( )∫y

0
y − x( )dFb x( ) (19)

qab � ∫∞

0
dFb y( )∫y

0
y − x( )dFa x( ) (20)

TABLE 3 Coupling coordination degree level.

Coupling coordination Grade

0–0.20 Low coordination

0.20–0.40 Basic coordination

0.40–0.60 Moderate coordination

0.60–0.80 Highly coordinated

0.80–1.00 Quality coordination
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where pa = na/n,sa = na �y a/(n �y),a = 1,2, . . . z,Dab denotes the
relative influence of intergroup CC Dab = (hab -qab)/(hab + qab). Hab

denotes the difference of intergroup CCD, which is calculated
showing in (19) (20) and can be interpreted as the mathematical
expectation of all yai -ybj >0 sample values in region a and region b
plus the sum. qab denotes the hypervariable first-order moments,
which can be interpreted as the mathematical expectation of the sum
of all yai -ybj <0 sample values in region a and region b.

2.2.5 Qualitative comparative analysis of fuzzy sets
Qualitative Comparative Analysis (QCA) is a kind of method

study oriented research method suggested in 1987 by American
sociologist Ragin, based on technical tools such as Boolean
algebra and aggregation, which is dedicated to exploring and
uncovering causal complexity with both qualitative and
quantitative attribute (Handrich and Ragin, 2000). Holistic
perspective to conduct comparative case analysis and examine
the impact of multiple factors constituting a grouping rather than
a single factor on the outcome (Huang et al., 2023). In this paper,
we choose the fsQCA approach to investigate the complex causal
relationships and influencing factors of the CCD development of
GEE and NTU in 30 provinces in Chinese mainland for the
following three reasons. Firstly, the interaction between GEE and
NTU is complex, and the CCD are influenced by the synergy of
several factors. fsQCA can examine the conditional combination
of multiple factors from a group perspective rather than focusing
solely on the impact of one single factor on the outcome variable
(González-Cruz et al., 2018), which is more helpful to explore the
differentiated paths of many factors acting on the CCD between
GEE and NTU. Secondly, due to quantity limitations,
30 provincial areas in China are chosen as sample cases in this
paper, and the sample size does not reach the case sample
demand of traditional quantitative analysis. In contrast,
fsQCA is unique in that it can be applied not only to small
and medium sample cases but also to large cases involving over
100 cases. The 30 sample cases in this paper are of a medium size,
which meet the basic requirements of fsQCA. Thirdly, compared
to clear set qualitative comparative analysis (csQCA) and multi-
value set qualitative comparative analysis (mvQCA) (Roig-
Tierno et al., 2017), fsQCA is more suitable for dealing with
continuous variables and avoiding information loss during the
data transformation procedure. Therefore, this paper chooses
fsQCA to analyze in depth the antecedent conditions and the
differences between the group effects that can achieve high CCD
between green economy effects and NTU in each province, and to
clarify the specific paths that affect the CCD in
different provinces.

2.3 Data source

Due to the availability and completeness of data, this paper
selects 30 provinces (autonomous regions and municipalities
directly under the Central Government) in China from 2006 to
2021 as research objects, excluding Tibet Autonomous Region,
Taiwan Region, Hong Kong and Macao Special Administrative
Region for the time being. The statistical data are derived from
China Statistical Yearbook, China Energy Statistical Yearbook, China

Environmental Statistical Yearbook, China Tertiary Industry
Statistical Yearbook and China Urban Construction Statistical
Yearbook from 2007 to 2022. Some of the missing data were
estimated using the average growth rate of the next 3 years.
Regarding statistical outliers, an adjusted imputation
methodology was implemented to ensure data robustness.

FIGURE 1
GEE and NTU trends in China from 2006 to 2021.

FIGURE 2
GEE change trend in China from 2006 to 2021.

Frontiers in Environmental Science frontiersin.org06

Zhu et al. 10.3389/fenvs.2025.1518952

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2025.1518952


3 Result analysis

3.1 Spatio-temporal characteristics of GEE
and NTU

3.1.1 GEE spatial and temporal characteristics
In terms of GEE, the average value of GEE in China’s provinces

from 2006 to 2021 is 0.61, which has a large room for improvement,
indicating that China’s green economy development mode is
irrational, and it is an extensive development mode that should
take the road of intensive and concursive development of “low
consumption, low pollution and high efficiency” in the future. From
the perspective of time (Figure 1), GEE in China’s provinces showed
a fluctuating upward trend, and the average GEE in China’s
provinces rose from 0.61 in 2006 to 0.69 in 2021, an increase
of 12.64%.

From a spatial perspective (Figure 2), GEE in East China
generally presents an upward trend year by year, while GEE in
West China presents a fluctuating downward trend, and GEE in the
coastal areas of East China continues to rise in a more stable trend.
This phenomenon is mainly related to the stage of national
economic development. In 2006, GEE in West China was
significantly higher than that in the east, because in the early
period, the eastern region developed rapidly, with the help of the
opening up policy, strong economic growth, leading the process of
industrialization and urbanization, attaching importance to
economic benefits, relying more on manufacturing and industrial
production, with low GEE; At the end of 2006, the country passed
the “Eleventh Five-Year Plan” for the development of the West,
before the western economic development has been lagging behind,
industrialization, urbanization to be developed, less high pollution
and high energy consumption industries, GEE is relatively high. In
2011, the GEE in West China decreased significantly, because after
5 years of western development project, the economic development
of the western provinces grew faster, industrialization accelerated,
energy consumption increased significantly, resulting in an increase
in carbon dioxide and waste emissions and a decrease in GEE. In
2016, the overall GEE increase, East China is higher than West
China, this is because the structural reform of the supply side,
promote East China, West China industrial structure adjustment,
while East China is economically developed, economic growth
promotes technology spillover, technological innovation improves
the utilization rate of production factors, so GEE is higher than the
west. In 2021, the gap in GEE level between East China and West
China will widen, East China’s level will continue to improve, and
West China’s level will decrease, because East China’s economy is
more developed, technological innovation and rational allocation of
resources will be continuously realized, and new energy will be
developed, thereby improving GEE. So GEE goes down.

3.1.2 Spatial and temporal characteristics of NTU
In terms of NTU, the average NTU in China’s provinces from

2006 to 2021 is 0.30, which has great room for improvement,
indicating that there are still many loopholes in NTU at this
stage. From the perspective of time (Figure 1), the NTU index of
China’s provinces increased during 2006–2021, and showed an
increasing trend, from 0.17 in 2006 to 0.42 in 2021, indicating
that NTU showed a continuous increasing trend.

From the perspective of space (Figure 3), the overall distribution
of NTU in East China is higher than that in West China, which
indicates that NTU in East China is relatively high, while Central
China, West China and Northeast China need to be strengthened
and improved, and the regional development level is unbalanced.
Although NTU in the central and western regions is improving as a
whole, there is still a certain gap with the eastern coast. This is
because in 2014, the State put forward the National NTU Plan
(2014–2020), attaching importance to promoting the construction
of NTU, and various provinces actively carried out NTU
construction pilots to explore the development model of NTU.
At the same time, the eastern coastal areas have a high degree of
openness to the outside world, active economy, large capital stock,
obvious technology spillover effect, high population concentration,
and NTU effect is more significant.

3.1.3 CCD spatiotemporal characteristics of GEE
and NTU

The average CCD of GEE and NTU from 2006 to 2021 is 0.63,
but it still needs to be gradually improved, and the formation system
also needs to be gradually improved. It is urgent to explore the
influencing factors of the coupling and coordination of the two.
From the perspective of time (Figure 4), CCD of GEE and NTU
showed a trend of increasing year by year from 2006 to 2021, which
indicates that the interaction between GEE and NTU is close and
improved, and it is predicted that the relationship between the two
will develop better in the future.

FIGURE 3
Variation trend of NTU level in China from 2006 to 2021.
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From the perspective of space (Figure 4), similar to the spatial
distribution pattern of NTU, the spatial distribution characteristics
of East China, Central China, North East China and West China
decrease, and the coupling coordination level between regions is
unbalanced. The development of NTU and the improvement of GEE
promote and achieve each other. In the development of NTU, more
attention should be paid to the equal symbiosis between urban and
rural systems in the unity of nature, to achieve the sustainability of
the ecological foundation, to continuously improve the living
environment, to improve the efficiency of resource use, and to
significantly increase the carrying capacity of urban development.
Strengthen the development of green economy, improve the level of
healthy and green living, and realize the trinity goal strategy of
“efficiency, harmony and sustainability,” so as to promote the green
and healthy development of cities and towns, and promote the
advancement of NTU. At the same time, the development of NTU is
bound to be accompanied by the development and promotion of
green energy conservation in various industries, thus
improving GEE.

Further, the mean CCD levels of each province and city are
classified as shown in Table 4. As can be seen from Table 4, there are
some differences in CCD among provinces and cities, but most of

them gather in the highly coordinated stage, without high-quality
coordination; There are 25 provinces and cities in the highly
coordinated stage, which have huge room for improvement in
the future. There are five provinces and cities in the moderate
coordination stage, and these provinces and cities have greater
potential to develop into highly coordinated; The provinces and
cities in the stage of low degree coordination and basic coordination
are 0. It can be seen that the current CCD of GEE and NTU still has a
large room for improvement, especially the moderate coordination
should be paid attention to.

3.2 Regional difference analysis

Based on the calculation method of Gini coefficient,
Matlab2016 was applied to calculate the Gini coefficient of GEE
and NTU horizontal CCD in China’s provinces, and the results are
shown in Table 5. From 2006 to 2021, the Gini coefficients of GEE
and NTU CCD in China’s provinces generally show an upward
trend, from 0.069 in 2006 to 0.075 in 2021, an increase of 0.006, with
a decrease of 9%, which indicates that the overall gap between GEE
and NTU coupling relations in China’s provinces has an increasing

FIGURE 4
CCD trends of GEE and NTU in China from 2006 to 2021 (a). Distribution of CCD in 2006; (b). Distribution of CCD in 2011; (c). Distribution of CCD in
2016; (d). Distribution of CCD in 2021.
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trend. And the coupling difference between provinces is also
gradually increasing.

(1) Differences within four regional groups

During the observation period, the upward trend of the
horizontal coupling relationship between GEE and NTU in West
China is the closest to the overall upward trend. The intra-regional
differences in East China, Central China and North East China show
a downward trend, among which Central China has the largest
decline, from 0.067 in 2006 to 0.01 in 2021, with a decrease rate of
85%. The northeast China region is the second, decreasing from
0.046 in 2006 to 0.017 in 2021, with a decrease rate of 63%. The
smallest decline was in eastern China, where the decline was only
16%. On the whole, there was a large difference in the overall trend
between the differences within each group, which also indicated that
the unbalanced development of CCD between GEE and NTU in the
region was significant. Therefore, on this basis, the paper further
explores the differences among the four regional groups.

(2) Differences among the four regional groups

From the perspective of time trend, the inter-group gap of the
coupling relationship between GEE and NTU in various provinces
in China has decreased in general, and the Gini coefficient of inter-
group difference has the largest change amplitude in central China
and Northeast China. The Gini coefficient decreased by 0.056 (80%)
during 2006–2021. The regional gap between East and Central
China was the second largest, with a decrease of 48%, followed
by East and Northeast China, with a decrease of 22%. However, the
regional gap between East China and West China, Northeast China
and West China, and Central China and West China has increased,
with the largest increase in East China and West China, up to 56%.

(3) Decomposition of regional differences

In order to further study the root causes of regional differences
of coupling coordination, Gini coefficients were divided into intra-
group, inter-group and super-variable density, and their
contribution rates were calculated. During the observation period,
the difference between groups has been an important source of
regional differences in CCD, and the average contribution rate is
48.916%, which increases by 34.537% points compared with 2006 in

TABLE 4 Average CCD levels of each province from 2006 to 2021.

Level Number Province

Low coordination 0 None

Basic coordination 0 None

Moderate coordination 5 Gansu, Guizhou, Qinghai, Ningxia, Yunnan

Highly coordinated 25 Inner Mongolia, Shanghai, Shandong, Beijing, Jiangsu, Hainan, Guangxi, Hunan, Jilin, Heilongjiang, Jiangxi, Fujian, Liaoning,
Shaanxi, Hubei, Hebei, Anhui, Chongqing, Xinjiang, Henan, Shanxi, Sichuan, Tianjin, Zhejiang, Guangdong

Quality coordination 0 None

TABLE 5 Difference analysis of the four regions.

Index District 2006 2011 2016 2021

Intraregional variation Totality 0.069 0.073 0.053 0.075

East China 0.064 0.054 0.035 0.054

Central China 0.067 0.054 0.049 0.010

West China 0.044 0.088 0.050 0.048

Northeast China 0.046 0.029 0.009 0.017

Interregional gap East China and Central China 0.081 0.057 0.044 0.042

East China and West China 0.055 0.078 0.054 0.086

East China and Northeast China 0.063 0.524 0.046 0.049

Central China and Western China 0.071 0.084 0.522 0.072

Central China and Northeast China 0.070 0.050 0.045 0.014

West China and Northeast China 0.050 0.080 0.044 0.066

Contribution rate Intra-class 23.488 27.523 23.986 16.934

Interclass 36.244 34.641 53.999 70.781

Supervariable density 40.268 37.836 22.015 12.285

Note: Due to space limitation, the difference analysis results of the four regions in all years are not listed.
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2021. The average contribution rate of intra-group difference was
22.98%, and the contribution rate showed a continuous decline from
2016 to 2021, with a year-on-year decrease of 6.554% points. The
average contribution rate of super-variable density was 28.101%,
showing a linear decline as a whole, which decreased by 27.983%
points in 2021 compared with 2006.

4 Analysis of influencing factors

4.1 Variable selection and calibration

4.1.1 Selection of influencing factors
Drawing on an examination of the CCD between GEE and NTU,

and drawing on the existing research outcomes in the academic field,
economic development, industrial structure, openness to the outside
world, technological innovation, government expenditure and
environmental regulation are used as the antecedent condition
variables to explore their multiple causal relationships with the
CCD of GEE and NTU. The descriptions of the variables are
specified in Table 6.

4.1.2 Data calibration
Calibration of data is essential for fsQCA analysis., and in this

study, we combined the actual distribution of each variable and
realistic situations, and borrowed from Garcia-Castro and
Francoeur’s treatment (Garcia-Castro and Francoeur, 2016) to
define the 25%, 50%, and 75% quantile values of each dependent
variable as fully unaffiliated, cross and full affiliation, subsequently
the method of direct calibration was employed to convert the
dependent variable measures into fuzzy scores of 0–1, and the
calibration results are presented in Table 7.

4.2 Necessity analysis

Consistency is a critical sign of a required condition; if the
consistency value is greater than 0.9, the condition is deemed
essential for the result. The necessary condition to produce high
CCD was tested using fsQCA3.1 software, and the results (Table 8)
indicate that the consistency level of each single antecedent variable
did not exceed the critical value of 0.9, suggesting that the
production of high CCD does not require any particular
condition, i.e., it is difficult to achieve high CCD between GEE

and NTU through individual factors. Consequently, to find the
multiple condition grouping that produces high CCD, a
conformational study of the six antecedent condition variables
is required.

4.3 Adequacy analysis

Considering the case-specific nature of this research and
building upon established methodological frameworks (Fiss, 2011;
Schneider and Wagemann, 2012), we calibrated analytical
thresholds to balance methodological rigor with theoretical
sensitivity. The probability edge index (PRI) consistency
threshold was set at 0.7, adhering to Greckhamer’s stringent
criteria to eliminate asymmetric relationships between conditions
and outcomes, thereby preventing empirical paradoxes and
maintaining directional consistency in explanatory logic. The
sample consistency threshold of 0.8 follows Ragin’s best practices,
enhancing causal sufficiency of conditional configurations while
avoiding misidentification of spurious sufficient conditions caused
by low consistency (<0.75) (Ragin, 2008; Frambach et al., 2016) and
controlling model overcomplexity. The case frequency threshold of
one preserves all observed configurations to mitigate limited
diversity challenges, with subsequent coverage screening
implemented to simplify model complexity without excluding
theoretically critical cases (Douglas et al., 2020). Table 9 presents
the five histogram paths that yielded high CCD. Each column
represents one possible conditional grouping. The separate
conditional categories’ consistency is more than the 0.8 criterion
value, indicating that this configuration is credible as a sufficient
condition for high CCD between GEE and NTU. And the overall
consistency of the five conditional groupings is 0.9201, which means
that 92.01% of all the provinces that satisfy these five conditional
groupings show high CCD. The overall solution coverage was
0.7059, indicating that about 70.59% of the cases with high CCD
could be explained in all condition groupings. From the individual
condition (cross-sectional) analysis, it is found that the degree of
external openness is the core condition of high CCD, which occurs
in all five condition groupings that produce high CCD,
demonstrating the critical role that high external openness plays
in the coordinated and paired development of modern urbanization
and regional GEE. This phenomenon demonstrates strong
alignment with China’s regional development paradigm. Coastal
provinces have likely accelerated structural upgrading through

TABLE 6 Variable descriptions.

Variable type Variable name Measurement indicators

Conditional variables Economic development (ED) GDP per capita

Industrial structure (IS) Secondary industry value added as a proportion of GDP

Openness to the outside (OP) Total imports and exports as a percentage of GDP

Technology innovation (TI) Technology market turnover (billion yuan)

Government spending (GS) Local fiscal general budget expenditure as a percentage of GDP

Environmental regulation (ER) Industrial pollution control completed investment in the proportion of the year’s GDP

Result variables Coupling coordination degree (D) Calculation results of the coupling coordination model
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export-oriented industrialization and technology spillover effects,
while foreign direct investment (FDI) and global value chain
integration have driven clean technology adoption and green
infrastructure development. These synergistic mechanisms
collectively enhance the coordinated advancement of
GEE and NTU.

These five grouping paths are analyzed vertically to further
identify the differentiated adaptation relationships of each
element during the course of driving the CCD development of
GEE and NTU. According to the core conditions contained in each
condition grouping, they can be categorized into two types of driving
paths, i.e., IS-OP dual-drive type and openness to the outside
world-led type.

The industrial structure-openness to the outside world dual-
drive type. This path contains the grouping H1a and H1b, both of
which share the core conditions of high industrial structure and high
degree of external openness, covering the provinces of Jiangsu,
Zhejiang, Fujian, Guangdong and Shandong. The grouping H1a

(ED*IS*OP*~GS), the core conditions are high industrial structure
and high degree of external openness., and the auxiliary conditions
are good economic development. This histogram shows that,
without considering technological innovation and environmental
regulation, a healthy industrial structure and a high degree of
external openness., complemented by good economic
development, can lead to a high CCD between GEE and NTU,
even if government spending is less intensive. The grouping H1b
(ED*IS*OP*TI*~ER), with high industrial structure and high
external openness as core conditions, is complemented by
beneficial economic development and high degree of
technological innovation. This histogram shows that even though
the degree of environmental regulation is not strong enough, a high
level of economic development, a healthy industrial structure, a high
level of openness to the outside world, and active technological
innovation can lead to a high CCD between GEE and NTU, with
government subsidies as an irrelevant condition.

External openness dominant type. This path comprises the
groupings H2a, H2b, and H2c, all three of which have high
external openness as their core condition. Grouping H2a
(ED*OP*TI*~GS*~ER), the core conditions are high external
openness, low government spending and weak environmental
regulation, and the supporting conditions are high economic
development and high technological innovation, covering the
provinces of Jiangsu, Guangdong, Beijing, Zhejiang, Shanghai,
Hainan and Heilongjiang. The histogram shows that in regions
with low levels of government spending and weak environmental
regulation, regardless of whether the industrial structure is healthy
or not, the coupled and coordinated development of GEE and NTU
can be promoted as long as the high level of external openness is
complemented by high levels of economic development and
technological innovation. The histogram
H2b(~ED*IS*OP*~TI*GS*~ER), with the core conditions of high
external openness, low economic development and weak
environmental regulation, and the supporting conditions of low
industrial structure, low technological innovation and high
government spending. This histogram shows that even in cases
when the regional economic development degree is low, the
industrial structure is not healthy enough, the technological
innovation degree is low, the environmental regulation intensity
is weak, the high level of external openness and government
expenditure can still make the CCD of GEE and NTU reach a

TABLE 7 Calibration positioning points for each variable.

Variable Name Positioning points

Completely unaffiliated Intersections Fully affiliated

Result variables D 0.4435 0.5299 0.6726

Conditional variables ED 34992.04 40944.29 59387.11

IS 0.4049 0.4410 0.4704

OP 0.1241 0.2010 0.4404

TI 53.57 108.15 335.67

GS 0.1896 0.2290 0.3017

ER 0.000697 0.001025 0.001754

TABLE 8 Results of the one-way necessity test.

Conditional variables High coupling coordination

Consistency Coverage

ED 0.754087 0.794688

~ED 0.356948 0.326073

IS 0.614578 0.602189

~IS 0.479428 0.468638

OP 0.799728 0.805213

~OP 0.28406 0.270428

TI 0.686649 0.704403

~TI 0.424387 0.397068

GS 0.311989 0.324363

~GS 0.784741 0.725441

ER 0.378747 0.379522

~ER 0.753406 0.720521

Note: “~” means logical “not.”

Frontiers in Environmental Science frontiersin.org11

Zhu et al. 10.3389/fenvs.2025.1518952

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2025.1518952


high level. The grouping H2c(~ED*~IS*OP*TI*GS*ER), with the
core conditions of low economic development and high openness to
the outside world, and the supporting conditions of low industrial
structure, low technological innovation, low government spending,
and weak environmental regulation. This grouping shows that
provinces with high levels of technological innovation, high levels
of government spending, and high levels of environmental
regulation can achieve breakthroughs with high levels of
openness and high levels of GEE and NTU coupled with
coordinated development, even in the presence of low economic
development and unhealthy industrial structures.

5 Discussion

This study investigates the coupling coordination mechanisms
between GEE and NTU, along with their spatial heterogeneity
patterns, aiming to unveil the intrinsic dynamics of economy-
environment system coevolution during China’s urban transition.
Utilizing panel data from 30 provincial administrative regions
from 2006 to 2021, we developed an integrated methodological
framework incorporating CCD modeling, Dagum Gini coefficient
decomposition, and fsQCA. This approach systematically
examines the spatiotemporal differentiation characteristics,
regional disparity sources, and multifactorial configuration
pathways of GEE-NTU synergy, comprehensively revealing
coupling mechanisms under diverse resource endowments,
policy contexts, and developmental stages to inform
differentiated policy design.

Key findings indicate fluctuating growth in national GEE
averages from 2006 to 2021, with persistent regional disparities
showing eastern regions consistently outperforming central-western
areas. This aligns with Zhu et al.’s identification of industrial
restructuring and technological innovation as core drivers of
eastern GEE enhancement (Zhu et al., 2024). The observed east-
west NTU gradient corroborates infrastructure completeness and
economic vitality’s role in urbanization quality (Ma et al., 2024; Sun

et al., 2023). While 83.3% of provinces achieved high coordination
(CCD ≥ 0.6), none reached premium coordination (CCD ≥ 0.9),
confirming optimization potential - consistent with He et al.‘s
findings on China’s urbanization-low-carbon development
coupling stages (He et al., 2024). Xiang et al.‘s U-shaped NTU-
carbon efficiency relationship explains central-western CCD
fluctuations (Xiang et al., 2024), reinforcing our spatial
heterogeneity conclusions. Zhou et al.‘s green finance-NTU
synergy (Zhou et al., 2025) and Hu et al.‘s digital economy-
mediated industrial ecologization effects (0.311 GEE marginal
gain) (Hu et al., 2025) mutually validate our configuration
analysis on institutional innovation and technology spillover
mechanisms.

This research advances beyond conventional isolated analyses
through three innovations: (1) Pioneering a GEE-NTU coupling
framework elucidating dynamic interactions; (2) Quantifying
regional disparity dominance via Dagum decomposition,
informing spatial governance strategies; (3) Integrating disparity
quantification and pathway identification through combined
Dagum-fsQCA methodology. Compared with Yan et al.‘s
single-policy CETS evaluation (Yan and He, 2024), our fsQCA
identifies two optimal pathways (“dual industrial-openness
drivers” and “openness-dominant”) addressing regional
heterogeneity, overcoming conventional policy assessment
limitations. Crucially, we establish openness as the universal
core condition driving high CCD through dual technology-
institutional channels, while revealing expanding east-west CCD
Gini coefficients that necessitate differentiated
decarbonization policies.

Despite this innovative breakthrough, this study has three
limitations: (1) Data currency constraints precluding post-2021
policy impacts; (2) Potential variable selection bias; (3)
Underexplored heterogeneity in openness transmission pathways.
Future directions include developing multiscale (city cluster-
province-county) analytical frameworks to map CCD spatial
spillover boundaries, and creating policy-machine learning hybrid
models for carbon neutrality scenario simulations.

TABLE 9 Results of the conditional grouping analysis for generating high CCD.

Conditional variables H1a H1b H2a H2b H2c

ED C C C ⊗ ⊗

IS C C ⊗ ⊗

OP C C C C C

TI C C ⊗ C

GS ⊗ ⊗ C C

ER ⊗ ⊗ ⊗ C

Consistency 0.957429 0.946903 0.955975 0.815436 0.826772

Original coverage 0.474932 0.291553 0.414169 0.165531 0.071526

Unique coverage 0.175205 0.001362 0.121253 0.057902 0.002044

Consistency of solution 0.9201

Coverage of the solution 0.7059

Note: 1)Whereas “⊗” denotes the absence of the core condition, “C” indicates its presence; 2) The symbols “C” and “⊗” denote the presence and absence of the auxiliary condition, respectively;
3) Blank items suggest that there is a possibility for the condition to exist or not.
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6 Conclusion and policy
recommendations

On the basis of analyzing the interaction between GEE and NTU
in China, this paper uses entropy method, super-efficiency SBM
model, coupling coordination model and other methods to study the
coordination development degree, spatial characteristics and
influencing factors of GEE and NTU in 30 provinces
(autonomous regions and municipalities) in China. The following
conclusions are drawn:

(1) The temporal evolution analysis reveals sustained upward
trajectories in GEE, new-type urbanization NTU, and their
CCD across most Chinese provinces. 25 out of 30 provinces
attained high coordination status though none achieved
premium coordination. These findings collectively
demonstrate the dynamic synergy formation between
China’s NTU and GEE, reflecting significant optimization
in their coordinated development patterns, while
simultaneously underscoring the long-term nature of the
nation’s green transition process.

(2) From 2006 to 2021, the Gini coefficients of CCD of GEE and
NTU in China’s provinces generally show an upward trend,
which indicates that the overall gap of the coupling
relationship between GEE and NTU in China’s provinces
has an increasing trend, and the coupling difference among
provinces is also gradually increasing.

(3) The conformation analysis of the factors affecting the CCD
of GEE and NTU in China shows that the coupling and
coordinated development of GEE and NTU are the result of
the comprehensive action of many factors, rather than a
single factor. There are two main paths, that is, the industrial
structure-opening to the outside world dual drive type and
opening to the outside world leading type are the main
factors of the coupled and coordinated development of the
two, and the key to the opening to the outside world. The
differential roles of government spenditure and
environmental regulation as conditional factors across
developmental pathways highlight the complexity of local
governance contexts and underscore the diversity in
regional development paradigms.

Based on the above research conclusions, the following
suggestions are put forward on how to promote the coordinated
evolution of GEE and NTU:

(1) China’s green transition requires constructing a gradient-
based open innovation system to strengthen regional
synergy. In eastern coastal areas, the Yangtze River
Delta and Guangdong-Hong Kong-Macao Greater Bay
Area will spearhead zero-carbon pilot free trade zones,
focusing on cross-border green standard mutual
recognition, progressive tariff reductions for
internationally certified products, and full-chain carbon
tracking in maritime logistics via digital twin port systems.
Inland hub cities, leveraging logistics corridors in
Chengdu-Chongqing and Xi’an, will establish subsidy
mechanisms for new energy transportation on China-

Europe Railway Express routes, accompanied by
international green technology transfer centers to
accelerate renewable energy commercialization and
benefit-sharing mechanisms.

(2) To address transformation constraints in central-western
regions, a dual “technology-institution” compensation
strategy is proposed: Technologically, an “Eastern Data-
Western Computing + Eastern Technology-Western
Transfer” framework will develop green computing pilot
bases in Guizhou and Gansu, integrating liquid cooling
with wind-PV-storage-flexible systems, while establishing
open-access green patent repositories with technology
conversion revenue feedback. Institutionally, a three-
dimensional ecological trading market piloting “water
rights-carbon sinks-ecological vouchers” in the Yellow
River Basin. Incorporate quantitative indicators, such as
the coefficient of improvement of water quality in
watershed cross sections and incremental forest stock, into
the framework for assessing the green debt of local
governments.

(3) Policy instruments should align with regional gradients:
Eastern regions will adopt market-driven “negative list +
digital supervision” models, trialing cross-sector energy
quota trading and digital carbon ledgers, while central-
western areas enhance government-guided incentives
through green technology upgrade loans and ecological
performance-linked financing mechanisms for resource-
dependent provinces.
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