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Abstract: Inclusive green growth efficiency (IGGE) analysis is an effective tool for improving co-
ordinated economic, social, and environmental development. This study incorporated the game
cross-efficiency DEA to measure the IGGE of 30 provinces in China. Then, the modified spatial
gravity model and social network analysis model were applied to construct and analyze the spatial
correlation network structure of the IGGE. The quadratic assignment procedure was used to mine
the influencing factors that affect the formation and evolution of the spatial correlation network of
the IGGE. The results are as follows. (1) During the study period, there were significant differences
in the IGGE among the 31 provinces, among which the eastern provinces were higher than the
central and western provinces. (2) The spatial correlation of the IGGE presented a complex and
multi-threaded network structure, indicating that the IGGE has a noticeable cross-regional spillover
effect. Beijing, Tianjin, Zhejiang, Shanghai, Jiangsu, and Guangdong played the role of the “net
spillover” block. Qinghai, Guizhou, Guangxi, and the surrounding provinces played the role of the
“primary beneficial”. The Yangtze delta and Pearl River Delta economic zone (primarily including
Shanghai and Guangdong) acted as a “bridge” to the Yunnan–Guizhou region and the surrounding
provinces. (3) The spatial adjacency, degree of openness, economic development, and environmental
governance were the prominent factors influencing the formation and evolution of the IGGE spatial
correlation network. This work provides an example of constructing an IGGE correlation network
while considering various factors, such as the economy, population, and distance. It also could help
policymakers clarify the IGGE spatial correlation pattern and the provinces’ roles and potential for
IGGE synergic improvement.

Keywords: inclusive green growth efficiency; spatial correlation; influencing factors; game
cross-efficiency; social network analysis

1. Introduction

Due to the past 40 years of reform and opening-up, China has achieved remarkable
economic growth under the previous factor and resource-driven model, which also led to
threats, such as the exhaustion of resources, environmental pollution, and income gaps.
Economic growth means gaining economic development [1], while the aim is to benefit
human society [2]. Given the pursuit of high-quality development that was first proposed
at the 19th National Congress of the Communist Party of China and the loss of people’s
well-being caused by coronavirus pandemic, economic growth alone is no longer consistent
with the goal. It is important to find a path that is environmentally sustainable and socially
equitable [3–5]. Therefore, similar to the ideological connotation of “carbon reduction, pol-
lution reduction, green expansion, and growth” advocated by the 20th National Congress,
we must adopt a greener and more inclusive growth model to accelerate the transforming
development from extensive to intensive. Inclusive green growth (IGG) is an integrated
concept of economic growth, social equity, and green development. It is the priority for
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this transformation, which emphasizes a social economy that is progressive and environ-
mentally sustainable [6,7].

Improving the inclusive green growth efficiency (IGGE) is the precondition for acceler-
ating the IGG. In other words, it is necessary to ensure that those inputs, including the labor
force, capital stock, energy, and other resources, transform into inclusive green outputs,
including green GDP and social well-being, that could gain efficiency [8]. In addition,
improving the IGGE is helpful for the efficient use of resources and socio-economic coordi-
nated development [9]. Thus, it is important to accurately evaluate the IGGE. However,
there is no unified measurement of the IGGE. The prevailing approaches can be sorted into
two categories. One is SFA, which is unsuitable for solving multi-input and multi-output
problems [10]. The other one is traditional DEA, which cannot deal with undesired outputs
or further compare the case with the same efficiency of 1. Thus, the improved DEA mod-
els, such as the super-efficiency DEA model [11], super-EBM model [12], and two-stage
DEA model [13], have been used in many studies to evaluate the efficiency. Nevertheless,
all the above methods ignore the competition between local governments, resulting in
measurement deviation when calculating the IGGE.

Furthermore, there are significant differences between the different provinces or munic-
ipalities in the economic developing model, technological developing level, and innovation
capability [14–16]. Meanwhile, due to the flowing of people, finance, and materials among
the provinces, each province’s IGGE will be affected by the other provinces, thereby form-
ing an inter-provincial IGGE spatial association network [17–20]. This indicates that the
IGGE of each province in China can influence each other. Thus, each province also needs
to consider the inter-provincial IGGE correlation when improving their IGGE. In other
words, it is necessary for policymakers to accurately grasp the spatial correlation and spatial
structure of the IGGE among the provinces, thereby formulating practical overall IGGE
improvement measures and achieving synergistic IGGE improvement in China. However,
existing studies have verified the spillover effect of the IGGE from the perspective of
its geographical proximity, ignoring the IGGE’s cross-regional relationship. Therefore, it
is necessary to investigate the correlation of the IGGE in the 30 Chinese provinces and
municipalities from the perspective of a spatial correlation network, so as to improve its
synergistic growth ability.

Driven by the above gaps, this work aims to investigate the following questions: What
are the outcomes of the IGGE in the 30 provinces in China? What is the inter-province
IGGE correlation network structure? What factors will affect the change of the IGGE
correlation network? Following these questions, this work firstly establishes an evaluation
indicator system of China’s IGGE from a three dimensional perspective of “economic
development, social well-being, and environmental transformation”, and measures the
IGGE with the panel data from 2006 to 2020. Additionally, the game cross-efficiency DEA
(GCE-DEA) model, which considers the competition between the provinces, is used to
calculate the IGGE in China. Finally, a combination of an improved gravity model and
social network analysis (SNA) is used to construct a social correlation network of the IGGE
in China and analyze the factors that influence the formation and evolution of the networks.
This work aims to fully reveal the spatio-temporal evolution trend and spatial correlation
characteristics of China’s IGGE, thereby clarifying the status and role of each region in the
IGGE spatial correlation network. This will contribute to providing specific suggestions
for government decision-making, so as to enhance the collaborative growth capacity of
China’s IGGE and promote China’s green and sustainable development.

The innovations can be summarized as follows:

(1) This paper constructs the IGGE evaluation indicator system from the perspective of
“economic development, social well-being, and environmental transformation” based
on the ideological connotation of inclusive green growth and using the game cross-
efficiency DEA method to measure the IGGE in China. It overcomes the shortcoming
of ignoring the competition between the regions and will conform more to reality.
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(2) Establishing the IGGE correlation network among the 30 provinces in China, identify-
ing the role of different regions in the network, and clearing the synergistic capacity as
a whole will, thereby, help policymakers implement different policies suitable for the
different regions.

(3) Mining and quantifying the factors that influence the formation and evolution of
the IGGE correlation network will, furthermore, enhance the ability of the IGGE
synergistic improvement and promote sustainable development in China.

The rest of the paper is organized as follows. A literature review is presented in
Section 2. The “Methods and Data” exposits the empirical methods and the data resources
are presented in Section 3. Section 4 presents the empirical results. The discussion of the
findings is presented in Section 5, and the conclusions are provided in Section 6.

2. Literature Review
2.1. The Conceptual Evolution of IGG

IGG is a combined conception of green growth and inclusive growth [21]. Green growth
focuses on the coordination of the economy and the environment, and the related terms in-
clude “sustainable development”, “green economy”, and “low-carbon economy” [22,23]. The
mainstream view is that economic growth and green growth are mutually reinforcing [24,25].
Anyhow, green growth puts more emphasis on the relationship between the economy and
the environment. With the attention paid to the current worldwide problem of income gaps
and poverty, there is a growing sense that green growth should be integrated with inclusive
growth [26]. In this context, the IGG formed by the combination of inclusive growth advocat-
ing for non-discrimination, better equality, and pro-poor and fair opportunity growth [27,28]
and green growth advocating for clean and sustainable economic development [29] becomes
the worldwide final choice.

Specifically, the main idea of IGG is coupling and coordinating the relationship be-
tween society, the economy, and the environment [30]. In terms of society, IGG aims at
improving livelihood welfare, reducing social inequalities, and achieving an equitable
distribution of economic and environmental benefits [31]. In terms of the economy, it is
more inclined to pursue a green economy, which is an indicator of continuous improve-
ment of the innovation ability and a gradual improvement of environmental pollution, and
social and economic equality [32]. In terms of the environment, it advocates for resource
conservation and environmental protection.

2.2. Evaluation Method of IGGE Indicator System

Quantifying the IGGE is the first step to see the IGGE development level of the region,
thereby helping policymakers to formulate strategies to promote sustainable develop-
ment. The current mainstream method in the research field for the IGGE estimation is
the data envelopment analysis (DEA), which was first introduced by Charnes, Cooper,
and Rhodesis [33] and is also named the CCR-DEA or traditional DEA. To date, the basic
CCR-DEA model and its improved model have started to be employed to investigate
the IGGE [34,35]. In the study by Wang et al, 2021, Malmquist–Luenberger index was
employed to analyze the inclusive green total factor productivity in China’s provinces
from 1995 to 2017 [36]. Guan et al., 2022, used a super-SBM to evaluate 286 cities’ inclusive
green total factor productivity and investigate their convergence features [37]. Although
the above literature applied different DEA-modified models to measure the efficiency,
they all self-examined every decision-making unit (DMU), resulting in an overestima-
tion of the DMUs’ weight and the acquisition of multiple effective DMUs which could
not be further ranked. Sexton et al., 1986, introduced the cross-efficiency DEA model
(CE-DEA) to improve this problem [38]. This method considered both “self-assessment”
and “peer assessment”, thereby objectively assessing the IGGE. However, due to the non-
uniqueness of the optimal weights calculated by the traditional DEA model, the results of
the CE-DEA model might not have been unique [39,40]. Furthermore, Liang et al., 2008,
improved this problem by introducing the game cross-efficiency DEA model (GCE-DEA).
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Researchers hold the view that the DMUs always depend on others to make their own
decisions in practice, thus, competitive relationships exist between them [41]. Therefore,
the GCE-DEA fully considers the competition and obtains a unique and stable result in a
pairwise game between the DMUs through an iterative algorithm. Thereafter, researchers
increasingly use the GCE-DEA model in varied research fields, such as for supplier se-
lection problems [42–44], allocating cost problems [45], portfolio selection [46], Olympic
rankings [47], and efficiency measurement [48]. Nevertheless, the GCE-DEA model has not
been fully utilized in inclusive green growth research. Actually, the GCE-DEA can maxi-
mize the economic output to minimize the undesired output on the basis of considering
regional competitive relations, laying the foundation for the calculation of inclusive green
growth [49]. Zhao and Yang (2019) also employed the GCE-DEA to measure the green
growth efficiency and further reveal the regional differences [50]. Wang et al., 2021 used
the GCE-DEA to assess the energy efficiency of the construction industry and investigate
the spatial-temporal difference [51]. On the basis of the previous studies, we applied the
GCE-DEA method to measure the IGGE.

2.3. Spatial Characteristics of IGGE

The IGGE has a significant spatial effect, which could be attributed to the inter-
regional overflow by various factors, including technology innovation, transportation,
economy, labor, and others. Many scholars have demonstrated the existence of the spatial
spillover effects of the IGGE. Shen et al., 2022, applied the DEA and exploratory spatial
data analysis to measure and analyze the spatio-temporal pattern and found that the spatial
agglomeration of China’s IGGE have been enhanced from 2006 to 2019 [52]. Liu et al., 2021,
investigated the present IGGE characteristics of the aggregation and found that the gap
between the regions was increasing, suggesting a closer cooperation between the regions
would break up the gaps [53]. The existing literature have begun to investigate the spatial
effects of the IGGE but mainly focused on the correlations of the proximity areas based on
“attribute data” [54]. It is remarkable that rare studies pay attention to the inter-regional or
cross-regional relationship of the IGGE from the perspective of a network correlation. To
enrich the related research, SNAs based on “relational data” could be used to investigate
the spatial relationships among the regions [55]. This method can avoid the limitation of
the proximity areas of the spatial measurement methods, which cannot characterize the
complex network correlation. In conclusion, it is necessary to explore how to improve the
IGGE of the region as a whole from the perspective of a spatial correlation network.

2.4. Summary of Literature and Research Gap

Considerable research has focused in-depth on the measurement and spatial distribu-
tion of the IGGE. However, the previous literature measured the IGGE using the traditional
DEA model, which obtained multiple effective DMUs and could not be ranked effectively.
Meanwhile, because the traditional DEA methods ignore the competition relationships
among the DMUs, the efficiency measurement was always overestimated. In addition, a
few studies proved that the IGGE had a spatial correlation, but most of them were limited
to using “attribute data” to investigate the correlation of the adjacent regions. There is
insufficient research on further exploring the multi-thread and complex cross-regional
IGGE network structure based on regional “relational data”, and there is a lack of research
on the influencing factors of the network’s formation and evolution.

To solve these problems, this work attempts to enrich and deepen the existing research
in the following aspects: (1) Taking consideration of the competition to measure the IGGE
of the 30 provinces using the GCE-DEA model. (2) Mapping the spatial correlation network
of the IGGE in the 30 Chinese provinces and discussing the development status of the
IGGE in the different regions. (3) Mining the factors that influence the formation and
evolution of the IGGE spatial correlation network, thereby providing policy implications
for strengthening environmental protection, improving human welfare, and accelerating
economic development.
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3. Materials and Methods
3.1. Research Area and Data Sources

There are 34 province-level administration regions in China. Due to the data avail-
ability, this work selected 30 provinces and municipalities (except Tibet, Hong Kong,
Macau, and Taiwan) as the study units to analyze the IGGE during the period of 2006
to 2020. Furthermore, according to the study of Wang [56], based on the location con-
ditions, this work divides the 30 provinces into four groups: eastern, northeastern, cen-
tral, and western (Figure 1). Specifically, Beijing, Shanghai, Tianjin, Fujian, Guangdong,
Hainan, Hebei, Jiangsu, Shandong, and Zhejiang belong to the eastern region. Heilongjiang,
Jilin, and Liaoning belong to the northeastern region. Anhui, Henan, Hubei, Hunan,
Jiangxi, and Shanxi belong to the central region. Chongqing, Guangxi, Inner Mongolia,
Ningxia, Xinjiang, Gansu, Guizhou, Qinghai, Shaanxi, Sichuan, and Yunnan belong to
the western region.
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3.2. Evaluation Indicator System and Data Explanation

This work follows the principles of scientificity, objectivity, systematisms, and data
accessibility. Following the connotation of “economic growth, social harmony and environ-
mental protection” and referring to the relevant research [57–61], this work selected the
indexes and established the evaluation indicator system of the IGGE in China (Table 1).

The essence of IGG is to pursue the coordination of economic growth, social welfare,
and environmental protection. In other words, IGG is an activity to consume the input
factors, such as labor, material resources, and capital, to create tangible and intangible
substances. Thus, this work selected capital stock, labor input, and energy as the input
indicators. Through the process of the inclusive green growth activities, all the inputs will be
transformed into goods and services to generate economy, environment, and social welfare.
This work selected the GDP, the per capita consumption expenditure and green coverage
rate of the built-up areas, as the desirable outputs, which could disclose the improvement
of the regional socio-economic development and environmental improvement. Specifically,
GDP is used to evaluate the province’s ability to create economic wealth. The per capita
consumption expenditure is employed to reflect the residents’ living standard. The green
coverage ratio of the built-up areas can reflect the citizens’ quality of life [62]. However,
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due to the large consumption of energy and resources, environmental problems have
increasingly become the main factor restricting sustainable development. Thus, wastewater,
sulfur dioxide, and industrial soot were selected as the undesirable output indicators to
evaluate the impact of regional production and living on the regional environment. The
relevant variables and data for the IGGE evaluation indicator system are shown in Table 1.

Table 1. Evaluation indicator system of the IGGE in China.

Type Variable Data Explanation

Input indexes

Capital (10,000 Yuan) The total investment in fixed assets of the whole society. Eliminated
price factors are based on 2003.

Labor (10,000 people) All employed persons of the whole society at the end of the period.

Energy (10,000 tons
of standard coal)

Eight primary energy consumptions (coal, coke, crude oil, gasoline,
diesel, kerosene, fuel oil and natural gas) are converted into 10,000 t

of standard coal to calculate the energy input.

Desirable
Output indexes

Regional GDP (10,000 Yuan) The constant price GDP was obtained with 2003 as the base year.

Per capita consumption
expenditure (10,000 Yuan) The per capita consumption expenditure of the residents.

Green coverage ratio (%) Green covered area as % of the completed area.

Undesirable output

Wastewater (10,000 tons) The total discharge of the industrial and domestic wastewater.

Sulfur Dioxide (tons) The total amount of sulfur dioxide emissions.

Industrial Soot (tons) The total amount of industrial smoke (dust) emissions.

3.3. Methodology
3.3.1. DEA Game Cross-Efficiency Model

The game cross-efficiency DEA model (GCE-DEA) introduced by Liang et al., 2008,
combined the CE-DEA model and game theory [63]. In the framework of CE-DEA, sup-
posing that there are n DMUs, and each DMU’s efficiency needs to be calculated n times
using the optimal weights evaluated by the n linear programming. Then the results need
to be averaged to get an average CE-DEA result. Based on the optimal weights and the
averaged results, the CE-DEA model can avoid the problem of the traditional DEA models
which only use self-evaluation to get weights. However, a non-uniqueness still exists. The
GCE-DEA model solves this problem by considering the competition relationships between
the DMUs. In addition, this model uses the initial value given by the average original
CE-DEA iterative operation, ultimately making each DMU converge on the optimal value.
Equation (1) provides the detail for the GCE-DEA.

max
s

∑
r=1

ud
rj

yrj

s.t. ∑
m

i=1
vd

ijxil −∑
s

r=1
ud

rjyrl ≥ 0, l = 1, 2, . . . , n (1)

m

∑
i=1

vd
ijxij = 1

ed∑
m

i=1
vd

ijxid −∑
s

r=1
ud

rjyrd ≤ 0

vd
ij ≥ 0, i = 1, 2, . . . , m

ud
rj ≥ 0, r = 1, 2, . . . , s
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Therein, x is the input vector, y is the output vector, vd
ij is the weight of the ith input,

and ud
rj is the weight of the rth output. ed is a parameter whose initial value is the original

average cross-efficiency value of DMUd. The d-cross-efficiency value of the GCE-DEA of
DMUj relative to DMUd can be obtained using Equation (2).

edj =
∑s

r=1
Ud

rjyrj

∑m

i=1
vd

ijxij

, d = 1, 2, . . . , n (2)

Then, by averaging all edj (d = 1, . . . , n), the average game cross-efficiency value
−
e j of

DMUj (j = 1, . . . , n) can be obtained using Equation (3).

−
e j =

1
n ∑n

d=1∑
n

d=1
Ud∗

rj (ed)yrj (3)

Furthermore, wastewater, sulfur dioxide, and industrial soot are the undesired outputs,
thus, the GCE-DEA model should minimize the emissions of the undesired outputs while
maximizing the desired output. In order to consider wastewater, sulfur dioxide, and
industrial soot as the undesired output in the framework of the GCE-DEA, this paper refers
to the methods of Xie (2012) [64]. In their research, the undesirable output was transformed
into the CE-DEA model by applying the conversion function f (U) = −U, as detailed
in Equation (4).

max
s

∑
r=1

ud
rj

yrj −
q

∑
k=1

wd
kjbkj

s.t. ∑
m

i=1
vd

ijxil − (∑
s

r=1
ud

rjyrl −∑
q

k=1
.wd

kjbkj) ≥ 0, l = 1, 2, . . . , n. (4)

max∑
m

i=1
vd

ijxij = 1

ed
m

∑
i=1

vd
ijxid − (

s

∑
r=1

ud
rjyrd −

q

∑
k=1

.wd
kjbkd) ≤ 0.

vd
ij ≥ 0, i = 1, 2, . . . , m

ud
rj ≥ 0, r = 1, 2, . . . , s

wd
kj ≥ 0, k = 1, 2, . . . , q

Therein, bkj is the kth undesirable output in DMUj and wd
kj is the weight. The other

explanations are the same as those for Equation (1). In this case, the game cross-efficiency
is defined as follows.

edj =
∑s

r=1
ud

rjyrj −∑q

k=1
wd

kjbkj

∑m

i=1
vd

ijxij

, d = 1, 2, . . . , n (5)

The average game-cross energy efficiency of DMUj can be calculated using Equation (6).

−
e j =

1
n ∑n

d=1(∑
s

r=1
ud∗

rj (ed)yrj −∑
q

k=1
wd∗

kj (ed)bkj) (6)

3.3.2. Social Network Analysis

Social network analysis (SNA) is one of the important research methods in sociol-
ogy and economics. Theoretically, the method focuses on the relationships and network
structures formed by the internal connections of the different actors. In this work, China
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is considered as the overall network, and each province within her is considered an actor
or a node. Meanwhile, the connections between the provinces are viewed as the edges.
Therefore, the nodes, edges, and network characteristics of the IGGE networks will be
quantified. This work first establishes the IGGE network of China’s 30 provinces and mu-
nicipalities, thereby using the forgoing indicators to explore the correlation and synergistic
improvement potential of the IGGE among the regions.

Modified Gravity Model

The construction of the association network is the first step of the social network
analysis. In this work, the nodes represent the provinces, and the edges represent the IGGE
connections between the provinces. Considering that the gravity model can comprehen-
sively take the economy, distance, and efficiency into consideration, this work uses an
improved gravity model to construct the inter-provincial IGGE spatial correlation. The
modified gravity model is as follows.

Rij = kij

√
GiEi ·

√
GjEj

[dij/(gi − gj)]2
, k =

Ei
Ei + Ej

(7)

where i and j represent province i and province j; Rij is the IGGE correlation strength
between province i and province j, E is the IGGE, G is the GDP of each province, d is the
distance between two provinces, and g is the per capita GDP. We assume the number of
provinces is k, then i = 1, 2, . . . , k and j = 1, 2, . . . , k.

In order to facilitate the network characterization, the IGGE gravity matrix was bina-
rized in this work. Given that a limited number of provinces can have a significant impact
on a province, we took the average of each row in the matrix as the threshold. When the
gravity value was greater than the average value of the row, it was denoted as 1, indicating
that the correlation is significant, and the provinces in this column affect the IGGE of the
provinces in this row.

Network Characteristics

After constructing the network of associations, the overall and centrality network
characteristics could be used to quantify the characteristics of the IGGE correlation network.
Those two kinds of network characteristics include several sub-items, which are shown
in Table 2. Specifically, this work uses the overall network characteristics to explore the
synergistic improvement status and the potential of the 30 provinces’ IGGE in China.
The centrality network characteristic is used to indicate the role of the provinces in the
synergistic improvement of the IGGE. The Handbook of Social Network Analysis: A
Handbook by Scott (2012) can supply more detailed information [65].

3.3.3. Quadratic Assignment Procedure Method

The IGGE correlation network will be affected by many socio-economic factors, and
the identification of these factors will be helpful for decision-making. Economic develop-
ment, industrial structure, technological progress, and environmental governance are the
important factors that affect the IGGE [66]. Regional cooperation for inclusive economy,
green technology, and other areas is the driving factor promoting the IGGE [67], while the
geographical factors will influence the spillover effect [68]. Therefore, this paper selected
the spatial adjacency, economic development, environmental governance, technological
progress, industrial structure, and degree of openness as the influence factors of the IGGE
correlation network. The specific information is shown in Table 3.

Based on the above analysis, we can set up the model as follows.

N = f (D, G, E, T, I, O)

where N represents the spatial correlation matrix of the IGGE, and D represents the spatial
adjacency matrix. The value is 1 if the provinces are adjacent, and 0 if the provinces
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are not. G represents the GDP difference matrix. E represents that the investment in
industrial pollution control has been completed per unit of value added for the secondary
industry difference matrix. T, I, and O represent the research and R&D funding, the
secondary industry, and the total export–import volume per unit of the GDP difference
matrix, respectively.

Table 2. Calculation methods of the social network characteristics.

Network Characteristics Description

Overall network
characteristic

Network density

D = M/N(N− 1), M is the sum of all actual network connections, N is
the number of nodes in the network.
The higher the density, the closer the IGGE network, and the stronger
the overall coordination state of the network.

Network reciprocity
The number of bidirectional connections as a percentage of all
connections. The higher the network reciprocity, the more stable the
IGGE correlation network.

Centrality

Degree centrality

De = L/[N(N− 1)− 1], L is the number of nodes directly associated
with the node.
A province with a higher degree centrality has more connections to
other provinces and is more likely to become the center of the network.

Betweenness centrality

Cb = ∑n
j ∑n

k bjk(i), j 6= k 6= i, j < k, bjk(i) is the ability of node i to control
the connection between nodes j and k.
The higher the betweenness centrality of a province, the stronger the
province’s influence on inter-provincial IGGE interaction and the
stronger the synergistic effect on inter-provincial development.

Closeness centrality
Cc = ∑n

j=1 dij/N− 1, dij is the distance between nodes i and j.
Closeness centrality reflects the degree to which each province in the
network is not controlled by the others.

Table 3. Variables and indicators.

Variable Indicators Variable Description

Dependent variable IGGE correlation network (N) Spatial correlation matrix of the IGGE

Independentvariables

Spatial adjacency (D) Spatial adjacency matrix

Economic development (G) GDP difference matrix

Environmental regulation (E) Investment in industrial pollution control has been completed per
unit of value added for the secondary industry difference matrix

Technological progress (T) Research and R&D funding per unit for the GDP difference matrix

Industrial structure (I) Secondary industry per unit for the GDP difference matrix

Degree of openness (O) Total export–import volume per unit for the GDP difference matrix

4. Results
4.1. Estimation and Spatio-temporal Characteristic of IGGE

This work used China’s 30 provinces as the DMUs. The GCE-DEA was used to
calculate the IGGE of these regions (Table 4). In order to ensure the consistency of the
classification criteria for the IGGE values in the different periods, this work classified them
according to Jenks optimal natural fracture method in ArcGIS 10.2.

Generally, as shown in Figure 2, China’s overall IGGE level was not high, but the
development potential was great. Specially, the average IGGE in 2006, 2011, 2016, and 2020
was 0.73, 0.68, 0.69, and 0.64, respectively, showing a downward trend of fluctuation. This
indicates that despite the increase in the various resource inputs in recent years, the perfor-
mance of coupling the coordination benefits of the economic, social, and environmental
output indicators did not continuously increase.
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Table 4. The IGGE in China from 2006 to 2020.

Province 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

Beijing 0.98 0.98 0.99 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Tianjin 0.90 0.89 0.88 0.94 0.96 0.96 0.98 0.98 0.99 0.98 0.99 0.97 0.82 0.71 0.88
Hebei 0.66 0.62 0.57 0.49 0.47 0.52 0.53 0.54 0.53 0.52 0.51 0.51 0.58 0.42 0.41
Shanxi 0.63 0.61 0.61 0.48 0.45 0.51 0.50 0.50 0.48 0.46 0.46 0.59 0.65 0.56 0.57

Inner Mongolia 0.60 0.62 0.70 0.67 0.64 0.83 0.85 0.88 0.85 0.84 0.83 0.77 0.68 0.71 0.74
Liaoning 0.60 0.57 0.57 0.63 0.65 0.73 0.76 0.75 0.75 0.77 0.64 0.67 0.61 0.61 0.59

Jilin 0.68 0.66 0.66 0.77 0.78 0.80 0.86 0.88 0.87 0.85 0.87 0.83 0.68 0.62 0.62
Heilongjiang 0.95 0.86 0.78 0.72 0.72 0.71 0.72 0.70 0.68 0.68 0.65 0.63 0.60 0.52 0.53

Shanghai 0.99 0.99 0.99 0.96 0.96 0.97 0.96 0.93 0.93 0.93 0.95 0.97 0.92 0.98 0.98
Jiangsu 0.74 0.71 0.67 0.67 0.67 0.71 0.73 0.76 0.78 0.80 0.80 0.82 0.88 0.75 0.76

Zhejiang 0.71 0.72 0.70 0.68 0.66 0.64 0.64 0.66 0.65 0.64 0.63 0.63 0.83 0.58 0.57
Anhui 0.63 0.56 0.55 0.56 0.55 0.50 0.48 0.46 0.45 0.43 0.44 0.44 0.66 0.46 0.52
Fujian 0.83 0.73 0.69 0.70 0.67 0.64 0.67 0.68 0.69 0.69 0.70 0.72 0.72 0.76 0.75
Jiangxi 0.70 0.71 0.67 0.66 0.65 0.59 0.60 0.59 0.57 0.55 0.57 0.55 0.75 0.53 0.51

Shandong 0.72 0.72 0.69 0.70 0.68 0.70 0.72 0.73 0.74 0.74 0.71 0.70 0.71 0.55 0.55
Henan 0.68 0.62 0.57 0.56 0.54 0.55 0.56 0.56 0.55 0.54 0.52 0.51 0.52 0.49 0.48
Hubei 0.76 0.72 0.67 0.67 0.66 0.67 0.70 0.70 0.70 0.71 0.70 0.68 0.71 0.67 0.61
Hunan 0.83 0.78 0.75 0.73 0.71 0.64 0.66 0.66 0.67 0.68 0.69 0.68 0.74 0.62 0.59

Guangdong 1.00 0.97 0.92 0.86 0.79 0.72 0.69 0.70 0.66 0.64 0.63 0.63 0.78 0.58 0.57
Guangxi 0.71 0.66 0.62 0.58 0.62 0.67 0.67 0.66 0.64 0.62 0.61 0.55 0.55 0.47 0.45
Hainan 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.97 0.96 0.96 0.94 0.95 0.93 0.92

Chongqing 0.66 0.63 0.72 0.70 0.69 0.68 0.71 0.69 0.67 0.68 0.72 0.71 0.75 0.67 0.67
Sichuan 0.68 0.65 0.61 0.58 0.58 0.55 0.57 0.56 0.56 0.55 0.55 0.56 0.72 0.52 0.50
Guizhou 0.61 0.60 0.60 0.50 0.50 0.51 0.52 0.55 0.55 0.53 0.52 0.52 0.59 0.47 0.46
Yunnan 0.60 0.57 0.55 0.48 0.47 0.47 0.49 0.50 0.47 0.49 0.50 0.49 0.48 0.52 0.52
Shaanxi 0.67 0.62 0.61 0.63 0.63 0.63 0.94 0.95 0.93 0.85 0.82 0.82 0.77 0.66 0.59
Gansu 0.65 0.59 0.56 0.46 0.43 0.50 0.53 0.56 0.57 0.54 0.57 0.59 0.73 0.59 0.54

Qinghai 0.60 0.65 0.75 0.62 0.55 0.62 0.64 0.69 0.67 0.67 0.77 0.83 0.76 0.86 0.88
Ningxia 0.52 0.56 0.64 0.55 0.51 0.63 0.65 0.71 0.69 0.66 0.75 0.82 0.80 0.84 0.88
Xinjiang 0.71 0.70 0.67 0.64 0.63 0.73 0.72 0.70 0.63 0.59 0.58 0.60 0.64 0.60 0.59

In addition, from the tendency perspective, there were some differences between the
eastern, central, western, and northeastern regions. The IGGE in the northeastern and
western regions showed an inverted U-shape, and the peak occurred around 2013. On
the contrary, the IGGE in the central region showed a U-shape, reaching a trough around
2015. This may be because the northeast and northwest regions, as the old industrial base
and natural resource-rich area, benefited from a better economic foundation and resource
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endowment during the early stage of the industrial upgrade and energy transformation,
resulting in a higher input–output efficiency of the IGGE.

The changing trend of the IGGE in central China was mainly attributed to a se-
ries of strategies for the rise of Central China, leading to improvements in its economy,
environment, and social welfare. Meanwhile, the eastern region always obtained the
highest IGGE, which may be related to the fact that the eastern region dominates inclu-
sive green development with a reasonable and efficient environmental regulation system
and income distribution.

Furthermore, a significant spatial difference in the IGGE of the 30 Chinese provinces
is shown in Figure 3. In 2020, six provinces and municipalities had an IGGE above the
medium–high value (0.76–0.85). These provinces and municipalities were mainly located in
the eastern and northwestern regions, such as Shanghai, Beijing, Tianjin, Hainan, Qinghai,
and Ningxia, indicating that the IGGE level in those regions achieved an appropriate
level. Meanwhile, the provinces and municipalities of the southwest region (e.g., Yunnan,
Guizhou, and Sichuan) and the central region remained at low levels of the IGGE (0.00–0.55).
Notably, these were also areas with high rates of poverty.

4.2. Social Network Analysis of the IGGE in China
4.2.1. Overall Network Analysis

Using the UCINET software, this work analyzed the overall network characteris-
tics of the IGGE in China and visualized the correlation network. As shown in Figure 4,
the IGGE correlation network presented a typical form of network structure with multi-
threading, thickening, and complexity. The network structure gradually developed from
the center-edge structure to the center-subcenter-edge structure. For example, in 2006,
Shanghai, Beijing, Tianjin, Zhejiang, Guangdong, and Jiangsu were the center regions
and the others were the edge regions. The center regions spilled over directly to the
edge regions. Then, in 2020, Tianjin, Zhejiang, and Jiangsu gradually moved from the
center position to the subcenter position, and subcenter regions received the overflow
from the central region. Meanwhile, the subcenter region directly overflowed to the edge
region. This indicated, to some extent, that the dominant provinces’ control over the net-
work was gradually averaging and dispersing. Figure 4 also shows that the connection
between the center regions and the edge regions of the IGGE correlation network was
dense, while the connection between the edge regions was relatively weak despite the
increase during the study period. Furthermore, based on the spatial correlation matrix,
this work measured the network density, connection, and hierarchy, thereby quantitatively
analyzing the network structural characteristics.

(1) Network density. Figure 5 shows the number of spatial correlation ties and the
network density of the IGGE in China from 2006 to 2020, which could reflect the
linkage intensity of the IGGE correlation network. Both of them witnessed a rising,
steady, and then downward trend. Specifically, the number of spatial correlation ties
increased from 171 in 2006 to 215 in 2014. Meanwhile, the network density increased
from 0.1966 in 2006 to 0.2471 in 2017. This indicates that the overall network correlation
of the IGGE in the 30 Chinese provinces improved significantly during this period.
However, both indicators experienced a decreased trend and fell to 183 and 0.2103
in 2020, respectively. This shows that the overall network correlation of the IGGE in
the 30 Chinese provinces has weakened in recent years. Furthermore, the maximum
correlation number of China’s IGGE correlation network was 870, which shows that
there is still an obvious gap between the current status and the ideal status. Actually,
the overall network structure of the IGGE in China is loose, and the inter-regional
linkage of the IGGE still has much room for improvement.

(2) Network connection. The network connectedness was always 1 during the study
period of 2006 to 2020, which suggests that the IGGEs among all the provinces were
connected. In other words, all the provinces were within the IGGE correlation network.
The network structure has significant spatial correlation and spillover effects.
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(3) Network reciprocity. As shown in Figure 6, the network of the IGGE in China showed
a fluctuant increase in the network reciprocity, which increased from 0.587 in 2006 to
0.683 in 2020. This indicates that the existing relationships in China’s 30 provinces are
becoming more stable. Specifically, the reason for the increasing network reciprocity
is that the two-way connections were gradually established through the strengthening
of regional association, leading to a decrease in one-way connections and an increase
in two-way connections in the proportion of the whole network, which makes the
network more reciprocal. Briefly, with the expansion and diffusion of the network,
the coverage of symmetric relations of the IGGE network continues to expand, which
makes the network more stable.
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Figure 6. Reciprocity of the IGGE spatial correlation network, 2006–2020.

4.2.2. Individual Network Analysis

To judge the role of each province and municipality in the IGGE correlation network,
this work analyzed the centrality. Figure 7 shows the comparison between the 2006 and
2020 individual centrality analyses on the 30 Chinese provinces’ IGGE correlation network.
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(1) Degree centrality. From 2006 to 2020, the average degree increased from 9.6 to 10.2,
and the value field increased from 2–26 to 4–27, which indicates that the regional asso-
ciation aggregation was strengthening. Specifically, in 2006, there were seven regions’
with a higher degree than the average, including Zhejiang, Shandong, Beijing, Tianjin,
Shanghai, Jiangsu, and Guangdong. In 2020, nine regions had an above average de-
gree. Compared to 2006, Shandong was excluded, and Gansu, Fujian, and Chongqing
were added. Apart from Gansu, the other regions were located in the Yangtze Delta,
Pearl River Delta, Beijing–Tianjin–Hebei, and other economically developed areas.
The reason was that these regions had a strong economic foundation, innovation
ability, and a high attention to clean production, so they stayed at the center of the
IGGE correlation network. Whereas, in both years, Shanxi, Inner Mongolia, Hebei,
Liaoning, Jilin, and Heilongjiang had lower degrees, indicating that the northeast,
northwest and central regions in China stayed at the edge of the network and had
less impact on other region’s IGGE. In addition, Qinghai, Guizhou, Guangxi, and
Gansu had higher indegrees. In other words, these regions always received green
resource spillovers from the other regions. Zhejiang, Beijing, Tianjin, Fujian, Shanghai,
Jiangsu, and Guangdong had higher outdegrees, indicating that the regions with a
better capital, manpower, and innovation foundation have stronger spillover effects.

(2) Betweenness centrality. The betweenness centrality represents the degree to which
a node acts as the bridge to control the relationship between two other nodes. The
higher the value, the stronger the control. From 2006 to 2020, the betweenness cen-
trality decreased from 19.3 to 17.4, with the individual provinces witnessing different
trends. Specifically, in 2006, the top five regions in China for the betweenness cen-
trality were Tianjin, Shanghai, Shandong, Henan, and Guangdong, while the top
five were Shanghai, Jiangsu, Fujian, Jiangxi, and Guangdong in 2020. The intermedi-
ary provinces controlling the flow of resources between the non-adjacent provinces
changed during the study period. Specifically, Tianjin and Shandong had the most
obvious decline in the betweenness centrality, while Shanghai, Jiangsu, Fujian, Jiangxi,
and Guangxi had a reverse trend. The latter regions gradually acted as the “bridge”
in the IGGE correlation network, redistributing the resources absorbed from the
central region, and gradually becoming the network’s subcenter to overflow to the
edge region, which further verified the overall evolution trend in 4.2.1. In addition,
the low-ranking regions were Yunnan, Xinjiang, Qinghai, Ningxia, Inner Mongolia,
Liaoning, Jilin, and Heilongjiang, and they were all distributed in northwestern and
northeastern China. The reason for their low betweenness value could be attributed to
geographical remoteness, slow economic development, and weak awareness of envi-
ronmental protection. Therefore, on the one hand, the government should strengthen
the investment in pollution regulation and social welfare in these regions, and on the
other hand, promote cooperation between these regions and the sub-central region.

(3) Closeness centrality. The closeness centrality represents the proximity of a node to all
the other nodes in the network. From 2006 to 2020, the out-closeness increased from
7.58 to 7.96 and the in-closeness decreased from 33.15 to 18.97. This trend could be
attributed to narrow differences in the regional IGGE. Specifically, in 2020, Zhejiang,
Beijing, Tianjin, Jiangsu, and Hebei had a higher out-closeness, indicating that their
solid economic foundation, strong innovation ability, good cooperative consciousness,
and high green attention could directly affect the other regions. Meanwhile, Shaanxi,
Qinghai, Ningxia, and Gansu had a higher in-closeness. In other words, compared to
the other provinces, they will be easily impacted by the regions with a higher IGGE.
Therefore, further strengthening the partnership between the regions with a higher
in-closeness and the regions with a higher out-closeness could improve the IGGE
more quickly.
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4.2.3. Spatial Distribution Patterns of the IGGE in China

The foregoing analysis of the network manifested that there were significant differ-
ences in the network characteristics during the study period.

In order to further analyze and visualize the macro pattern and spatial organization de-
tails of the IGGE-related networks, considering the proportion of the provinces at different
levels in the total number of provinces, this study divided the IGGE correlation intensity,
IGGE, and centrality into four levels according to the order of strength. Meanwhile, in
order to further analyze and visualize the distribution pattern and spatial correlation details
of the IGGE correlation network, giving consideration to the proportion of the provinces
at different levels to the total number of provinces, this work divided the IGGE corre-
lation strength, IGGE, and centrality into four levels according to the order of strength.
Then, using the ArcGIS software to visualize the IGGE correlation network, this study
further explored the path to improve the IGGE. Figure 8 exhibits the network patterns
in 2006 and 2020.

In 2006, most provinces had an above average IGGE, while the correlation strength was
low. As the major economic provinces along the eastern coast, Tianjin, Beijing, Shandong,
Shanghai, Zhejiang, Jiangsu, Fujian, and Guangdong occupied a dominant position in the
network. They were closely related to each other and several central provinces. However,
the other provinces were marginal and showed the “isolated island phenomenon”. Figure 8
shows that there was a significant imbalance situation in the network. It was obvious that
the eastern coastal area, with a relatively developed economy, rich labor resources, and a
high attention to the environment, played a crucial role in the network.

In 2020, compared to 2006, the relative IGGE of each province obviously decreased,
while the correlation strength saw a significant boost. Improving the IGGE is still criti-
cal, but it is worth noting that cross-regional features are prominent, which means that
geographical distance is no longer a determining factor and the spread of the IGGE is
no longer confined to the proximity areas. The correlation strength is increased, and the
“isolated island” status of the marginal provinces is broken. Some provinces located in the
central and western region, such as Henan, Guizhou, Guangxi, Hunan, and Ningxia, are
beginning to dominate the IGGE correlation network. In other words, the whole network
presents a “multi-center” complex network connection mode, and the IGGE bidirectional
flow is obvious. In addition to the eastern provinces, such as Beijing, Shanghai, Jiangsu,
Guangdong, and Zhejiang, which have developed economies, rich labor resources, and a
strong environmental awareness, the provinces located in the central and western regions,
such as Henan, Guangxi, Guizhou, and Ningxia, have also begun to jointly support the
radiation effects of the network. Overall, the clustering characteristics of the network are
weakened, and the trickle-down effect is enhanced.

In conclusion, the spatial pattern changed significantly between 2006 and 2020. The
transformation from the network centered on the eastern coastal provinces to the “multi-
center” complex network also conforms to the overall network characteristics of 4.2.1.
Hunan, Guizhou, Guangxi, Ningxia, and Henan have broken out of the “isolated islands”
state. The IGGE correlation network is developing towards balance. However, there is still
a noticeable imbalance among the provinces according to the spatial distribution pattern
of the IGGE in 2020. Thus, it is critical to stimulate synergetic development and form a
“multi-center, multi-node” spatial pattern.

4.3. Factors Affecting the Spatial Correlations Network
4.3.1. QAP Correlation Analysis

Using 5000 random permutations, this work obtained a correlation analysis between
the IGGE correlation matrix and the influencing factors. As presented in Table 5, D was
significant at the 1% level and the correlation coefficient was positive, which indicates
that there was a greater possibility of correlation between the neighboring provinces. The
correlation coefficients of G, T, I, and O were negative, showing that the similarity of
the economic, technological development, industrial structure, and opening degree could
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promote the spatial correlation of the IGGE. In other words, narrowing the forgoing parts
of the inter-provincial differences is conducive to realizing the synergistic mechanism of
the IGGE improvements among the provinces. The correlation coefficient of E was positive,
reflecting that the differentiation of the environmental regulations would promote the
spatial correlation of the IGGE, which could be attributed to a high-pollutant industrial
transfer from the provinces with rigid environmental regulations to the provinces with
loose regulations.
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Table 5. Results of the QAP correlation analysis of the matrix Q and influencing factors (2020).

Variable Value Significance Average Std. Dev Min Max p ≥ 0 p ≤ 0

D 0.134 *** 0.000 0.001 0.037 −0.128 0.134 0.000 1.000
G −0.456 ** 0.000 0.001 0.124 −0.438 0.334 1.000 0.000
E 0.159 ** 0.090 −0.002 0.119 −0.441 0.320 0.090 0.918
T −0.307 *** 0.007 −0.002 0.125 −0.410 0.381 0.995 0.007
I −0.335 *** 0.007 0.001 0.125 −0.509 0.271 0.995 0.007
O −0.537 *** 0.000 0.001 0.125 −0.46 0.298 1.000 0.000

Notes: ** Significance at 5% level; *** Significance at 1% level.

Table 6 shows the correlation between the different variables in this work. The other
variables had relationships with the degree of openness under the different significance.
O was significantly correlated with G and I at the 1% level. T and O were significant at
the 5% level, and D and O were significant at the 5% level. There was a multicollinearity
problem between the independent variables. In order to solve this problem, this work used
the QAP method to study the following regression analysis.

Table 6. Results of the QAP correlation analysis for each influencing factor (2020).

Variable D G E T I O

D 1.000 *** 0.015 −0.019 −0.025 0.047 0.061 **
G 0.015 1.000 *** −0.032 0.536 *** 0.398 ** 0.636 ***
E −0.019 −0.032 1.000 *** 0.066 −0.114 −0.159
T −0.025 0.536 *** 0.066 1.000 *** 0.274 0.494 **
I 0.047 0.398 ** −0.114 0.274 1.000 *** 0.558 ***
O 0.061 ** 0.636 *** −0.159 0.494 ** 0.558 *** 1.000 ***

Notes: ** Significance at 5% level; *** Significance at 1% level.

4.3.2. QAP Regression Analysis

Table 7 presents the regression results of the spatial correlation between the IGGE
correlation network and the different influencing factors. The adjusted R2 was 0.342,
which indicates that a spatial adjacency relation, economic development, environmental
regulation, and degree of openness could explain 34.2% of the spatial relation.

Table 7. Results of the regression analysis between the influencing factors and IGGE (2020).

Independent Un-Stdized
Coefficient

Stdized
Coefficient Significance Proportion

as Large
Proportion

as Small

Intercept 0.532 0.000 − − −
D 0.188 0.164 *** 0.000 0.000 1.000
G −0.161 −0.191 ** 0.022 0.978 0.022
E 0.075 0.090 * 0.089 0.089 0.912
T −0.006 −0.007 0.478 0.522 0.478
I −0.038 −0.039 0.320 0.681 0.320
O −0.356 −0.386 *** 0.001 0.999 0.001

Notes: * Significance at 10% level. ** Significance at 5% level; *** Significance at 1% level.

Therefore, the regression coefficients of D, G, and O were large. D and O were
significant at the 1% level, which indicates that the network was affected by the geographical
location and degree of openness. The regression coefficient of the degree of openness was
negative at −0.386, indicating that the similarity of the openness promoted the spatial
spillover of the IGGE. The regression coefficient of D was positive, indicating that the
adjacent regions were inclined to generate the IGGE spillover. The regression coefficient of
E was negative, indicating that differentiation of the environment regulations promoted
the spatial spillover of the IGGE. Overall, with the increase in the inter-regional openness,
the spatial correlation of the IGGE becomes closer. Meanwhile, the industrial transfer
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and geographical proximity could improve the spatial correlation effect. Therefore, it
is necessary to strengthen the openness and promote domestic and foreign investment,
thereby enhancing the synergistic effect of the IGGE among the provinces.

5. Discussion

This work analyzed the IGGE of 30 Chinese provinces and municipalities using the
GCE-DEA. Furthermore, it constructed the IGGE correlation network and explored its
characteristics and influencing factors in order to optimize the spatial pattern of the IGGE
and promote cross-regional coordination.

First, from the perspective of “economic development, social well-being, and envi-
ronmental transformation” and by establishing the IGGE indicator system and further
measuring the IGGE using the GCE-DEA, the results showed a fluctuant and downward
trend with significant regional differences. From the methodology used to evaluate the
IGGE, Liu et al., 2021, used the GCE-DEA to assess the green growth efficiency [69]. Similar
to the findings of Sun et al., 2020, the IGGE in the eastern coastal area was higher than that
in the central and western areas [70]. Furthermore, the GCE-DEA used in this work was
helpful for discriminating and comparing the multiple regions with an IGGE equal to 1,
and the result generally showed that eastern > northeastern > western > central, and that
the GCE-DEA model is rational in this work. The method could further be employed to
urban scale research for efficiency measurements.

Second, the 30 Chinese provinces’ IGGE had a complex spatial correlation relationship,
and the correlation strength saw a growing trend. The previous studies, to some extent,
proved that the IGGE had a spatial spillover effect. For example, Zhao et al., 2022, used the
super-epsilon-based measure DEA model and the spatial Durbin model to investigate the
spatial spillover effect of the IGGE, which helped the provinces with low IGGE levels catch
up to high IGGE levels [71]. Therefore, the IGGE of each region was not only influenced by
itself, but also by the economic development, industrial structure, environment protection,
and other characteristics of the surrounding regions. To some extent, it can explain why the
IGGE relationship between the Chinese provinces is becoming increasingly close. However,
traditional measurement methods can only reveal the spatial aggregation characteristics of
the IGGE and focus on the spillover effect between the neighborhoods [72]. It is difficult
to quantify the IGGE relationship between any two regions, especially the cross-region
relationship. Therefore, this study failed to characterize the complex network structures
of the IGGE. The SNA could solve the foregoing problems by mining each province’s
characteristics and roles in the whole network [73]. Liu et al., 2022, used the SNA to explore
31 provinces’ correlation characteristics of their economic value of the green infrastructure
spatial correlation network [74]. Yang et al., 2020, employed the SNA to explore the charac-
teristics of a low-carbon innovation spatial correlation network [75]. This work adopted
the SNA to investigate the spatial relationship of the IGGE and found that the presented
network structure was complex and multi-centered. The points of Yang et al., 2022, could
verify our investigation, which note that regional development will cover more isolated
areas and gradually become a multi-core network [76]. In other words, with deeper infor-
mation sharing and cooperation among the provinces, regional development differences
would gradually narrow, and the provinces with different IGGE levels would benefit from
the network.

Finally, the results showed that the spatial adjacency, economic development, environ-
mental regulation, and degree of openness were the main factors affecting the formation
and evolution of the IGGE correlation network. However, the different factors had different
influence mechanisms on the network. The regions with a similar openness degree tended
to have spatial spillovers on each other. Similarly, Can et al., 2021, confirmed that green
openness can stimulate regional environmental sustainability by trading environment-
friendly goods [77]. In addition, regarding the geographical proximity, this work agrees
with the findings reported by He et al., 2022, who found that the IGGE had a positive
spatial correlation [78]. This work also found that narrow economic gaps could promote
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a regional IGGE correlation. This investigation could be attributed to the characteristics
of “a marriage between families of equal social rank”, which means that the regions with
similar development conditions are inclined to form a spatial spillover and closer economic
ties [79]. This work also confirmed that the differentiation of environmental regulation
could enhance the IGGE spillover effects and facilitate more regions to enter the IGGE
spatial association network. Huang et al. provided similar findings showing that when
the local government introduced policies to develop green transformation, more resources
from the other regions would be attracted to the local province [80]. Overall, from the
perspective of the network, this work discussed the factors that contributed to the formation
and evolution of the IGGE correlation network. By adjusting these factors, the density of the
IGGE network can be enhanced, so as to improve the effect of cross-province cooperation.

6. Conclusions and Policy Implications

This work established an evaluation indicator system based on “economic develop-
ment, social well-being, and environmental transformation” and employed the GCE-DEA
to measure the IGGE in China’s 30 provinces for the period of 2006 to 2020. Then, it
applied a modified gravity model and the SNA quantified the inter-provincial IGGE spatial
spillover effects, revealing the role and status of each region. Finally, a QAP analysis was
employed to mine the factors and mechanisms influencing the formation and evolution of
the IGGE spatial correlations network. The main research conclusions, policy implications,
and limitations are as follows.

6.1. Conclusions

First, the IGGE showed a fluctuating downward trend with a significant regional
difference. The provinces located in the southeastern coast, northeastern, and northwestern
regions tended to have a higher IGGE than the provinces located in the southern part of
the northwest (e.g., Yunnan, Guizhou, and Sichuan) and central regions.

Second, the spatial correlation network of the IGGE in China was complex, multi-
threaded, and multi-core. From the overall network structure, the network density in-
creased from 0.197 in 2006 to 0.211 in 2020, indicating the close correlation between the
regional IGGE. From the individual network characteristics, Beijing, Tianjin, Zhejiang,
Shanghai, Jiangsu, and Guangdong played the role of the “net spillover” block. Qinghai,
Guizhou, Guangxi, and the surrounding provinces played the role of “primary beneficial”.
The Yangtze Delta and Pearl River Delta (primarily including Shanghai and Guangdong)
were the “bridge” connecting the Yunnan–Guizhou region and the neighboring provinces.

Finally, the spatial adjacency relation, degree of openness, economic development,
and environmental governance were significantly related to the IGGE spatial correlation
network. Specifically, the geographical proximity, similarity in openness, and economic de-
velopment stimulated the spatial spillover of the IGGE. On the contrary, the differentiation
of environment regulations promoted the spatial spillover of IGGE.

6.2. Policy Implications

First, we must pay more attention to the spatial correlation characteristics of the
IGGE. The precondition for governments to formulate an adaptive development policy
is to accurately grasp the spatial spillover effect and spatial correlation of the regions’
IGGE. Meanwhile, it is necessary to improve China’s IGGE by strengthening the spatial
correlation, which calls for every region to join the IGGE correlation network gradually. Fur-
thermore, the provinces should actively establish cooperative relations and break regional
administrative barriers, thereby improving the network’s robustness.

Second, local governments should fully recognize the status and role of the provinces
in the IGGE correlation network. The “central provinces” could continuously improve their
own IGGE level while driving the development of the other provinces. The “intermediary
provinces” need to further strengthen their ability to absorb the resources from the spillover
provinces, so as to continuously improve their own IGGE level and strive to improve
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the spillover capacity. Additionally, the mutual cooperative relationships between the
“marginal provinces” and the “central provinces” must be strengthened, thereby improving
the IGGE of the “marginal provinces”.

Finally, cooperation between the regions should be strengthened to enhance the IGGE
network relevance and promote regional synergetic development. To realize the synergetic
development of the IGGE, it is critical to ensure that every province participates in the IGGE
correlation network and stimulates the synergy to promote the overall IGGE. Narrowing
the economic gaps of the various regions, accelerating the improvement and development
of the transport infrastructure, and enhancing openness will help improve the efficiency of
the factor flows, expand the path of the international transport infrastructure spillover, and
promote China’s balanced and coordinated development.

6.3. Limitations

There are some inevitable limitations to this study. In the future, we will carry out
research using the following aspects. (1) More effort will be put into investigating the city-
level IGGE network and combining the complex social network with economics to discuss
inclusive green growth. (2) We could further decompose the time series into different
subseries, study the evolution of the spatial networks during different time periods, and
dynamically explore the impact mechanism of the different influencing factors on the IGGE
spatial correlation network. (3) The robustness of the correlations of the IGGE between the
provinces obtained using the modified gravity model needs further verification. We hope
that better methods can be found to verify this in the future.
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