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As a measuring tool of industrial sustainable development, industrial eco-efficiency works
as a link between economic benefit and environmental pressure. Industrial agglomeration
and energy have always been considered an important influence factor on industrial eco-
efficiency. The Chinese government is facing the challenge of reaching a Carbon Peak by
the 2060s, within this context, it is critically important to explore the relationship between
industrial agglomeration and industrial eco-efficiency, moreover, energy intensity may play
a key role between them, which should not be ignored. Therefore, based on the STIRPAT
model, this paper constructs a spatial autocorrelation model (SAC model) to analyze the
provincial panel dataset from 2009 to 2018, and it is found that: First, the industrial
agglomeration has an inverted N-shaped relationship with industrial eco-efficiency, and
industrial eco-efficiency indeed have a positive spatial spillover effect. Second, energy
intensity plays a mediating role, industrial agglomeration would affect industrial eco-
efficiency through energy intensity. Therefore, it is suggested that the government
should introduce differentiated industrial agglomeration policies as well as energy-
saving policies. In addition, this paper suggests that policymakers should adhere to
consistent industrial sustainable development policies.

Keywords: industrial agglomeration, energy intensity, industrial eco-efficiency, spatial autocorrelation, mediation
effect

1 INTRODUCTION

China’s industry acts as a crucial driving force for China’s economic development (Popescu et al.,
2016). In 2021, China’s GDP exceeded 114.36 trillion yuan, ranking second in the world. The
industrial added value reached 45.09 trillion yuan, accounting for 39.4% of GDP, with a growth rate
of 8.2% over the previous year (Statistical Bulletin on National Economic and Social Development,
2022).

However, if we look into energy consumption and industrial emissions in China since the reform
and opening-up, it is found that the industrial economic growth caused serious environmental
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problems simultaneously. Energy consumption increased by
9 times, and industrial emissions increased by 15 times from
1978 to 2020 (World Bank Data, 2020), which inferred that the
rapid development of industry has brought excessive energy
consumption and industrial emissions (Liu et al., 2021).
According to the Environmental Performance Index (EPI)
report released by Yale University and Columbia University in
2018, China’s EPI score in 2020 was 37.3, ranking 120th out of
180 countries (2020 EPI Results, 2021), indicating that China’s
environmental problems continue to worsen (Li et al., 2021b). On
22 September 2020, China committed at the 75th Session of the
United Nations General Assembly: It will strive to reach its
carbon emission peak by 2030 and realize carbon neutrality by
the 2060s (Wang et al., 2021). This means that the Chinese
government will face greater challenges in saving energy and
reducing industrial emissions in the future (Lin and Zhu, 2019; Li
et al., 2021b). Within this context, how to realize the sustainable
development of China’s industry has been a topic worth
investigating deeply (Cai and Hu, 2022; Li and Wang, 2022;
Yang et al., 2022).

Sustainable industrial development is an abstract concept that
needs to be evaluated. Industrial eco-efficiency (hereinafter
referred to as IEE) works as an evaluating tool, linking both
economic benefit and environmental performance (Wang et al.,
2011). Additionally, IEE has a significant advantage in
quantifying the level of sustainable development and in
explaining micro and macroeconomic issues (UNESCAP, 2009).

Meanwhile, more scholars adopt spatial economics to
explain economic problems recently. Because each region’s
economic activity is not isolated but closely related, which
infers there may be a spatial correlation. Therefore, this paper
believes that it is necessary to study whether IEE is influenced
by surrounding areas, and explore whether IEE has a spatial
spillover effect, to provide some policy suggestions for the
decision-makers.

Driven by the industrial policies of the Chinese government,
industrial enterprises begin to agglomerate in the regions with
locational advantages and carry out compact production activities
to reduce costs. Industrial agglomeration gradually changes the
industrial structure and spatial distribution, which would affect
regional industrial output and industrial emissions (Li et al.,
2021c). Marshall (1890) propose that industrial agglomeration
originated from the externality of the economy, Coase, (1960) and
Henderson, (2003) further explain the causes and modes of
agglomeration. Theoretically, industrial agglomeration is
considered to have two basic effects: economies of scale and
the crowding effect (Moomaw, 1981; Beeson, 1987; Ciccone,
2002, Yang et al., 2021). On the one hand, due to factors such
as economies of scale, learning theory, and labor pooling,
industrial agglomeration can improve economic benefits and
reduce environmental pressure. On the other hand, a large
number of enterprises concentrated in a limited space may
reduce economic benefits and increase environmental pressure,
which is not conducive to IEE. It can be observed that the final
influence of industrial agglomeration on IEE depends on which
effect plays a dominant role, so there may be a complex
relationship between IEE and agglomeration.

Meanwhile, China’s energy consumption has always been a
prominent issue. In 2020, China’s GDP ranked second among
G20 countries, but its energy consumption per unit of GDP
ranked the third lowest, illustrating that China’s energy
utilization problem is still very serious (International Energy
Agency, 2020). Many scholars believe that industrial
agglomeration will directly affect energy intensity (Shi and
Shen, 2013; Liu et al., 2017; Cao et al., 2022; Zheng and Lin,
2018; Wang et al., 2020). First, economies of scale of industrial
agglomeration will promote enterprises to achieve intensive
energy use, and improve energy efficiency. Second, the
crowding effect may also lead to excessive competition for
limited energy resources, and the energy consumption of
industrial clusters becomes higher than that of other areas.

In addition, energy intensity also plays a critical role in
improving IEE. Reducing energy intensity is conducive to
decreasing environmental pressure, so improving energy
utilization efficiency has positive significance to IEE. Many
studies argue that industrial agglomeration is directly related
to energy intensity or energy efficiency (Lei et al., 2017; Li and
Hong, 2017; Liu and Jin, 2019; Zhang and Wang, 2019; Yang
et al., 2022). Therefore, the influence of industrial agglomeration
on IEE may be realized by influencing energy intensity. IEE,
industrial agglomeration, and energy intensity are all of great
importance for the realization of carbon neutrality and carbon
peak commitment of the Chinese government at the macro level,
as well as for the improvement of people’s welfare and
environmental quality at the micro-level, therefore the in-
depth study of IEE has essential practical significance.

2 LITERATURE REVIEW

The impact of industrial agglomeration on IEE is the theme of
this study, so we review the literature related to industrial
agglomeration and environmental performance or eco-
efficiency. Some researchers propose that industrial
agglomeration will increase the level of environmental
pollution and reduce IEE. Dong et al. (2020) believe that
industrial agglomeration has a positive impact on pollution
agglomeration at the provincial level, and this impact is
stronger in the northern and eastern regions, but weaker in
the western regions.

Hong et al. (2020) conclude that industrial agglomeration
could decrease pollution. Li J. et al. (2021) reveal the link between
high-tech industrial agglomeration and Green Total Factor
Productivity (GTFP) and argue that industrial agglomeration
is positively correlated with GTFP. Other academic researchers
also verify that the impact of industrial agglomeration is not
monotonous by adding quadratic and cubic terms into the model.
Shao et al. (2019) believe that economic agglomeration had an
N-shape relationship with carbon emissions, and Chen et al.
(2020) deem that the relationship between agglomeration and
IEE is U-shaped. Guo et al. (2020) come to a consistent
conclusion with the above viewpoint in investigating the
sustainable industrial development in Northeast China from
2003 to 2016.
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In addition, more and more studies have applied spatial
autocorrelation theory to the study of industrial agglomeration
and eco-efficiency (Ge et al., 2021; Han et al., 2022). According to
Tobler’s First Law, “Everything is related to everything else, but
the things that are near are more closely related” (Tobler, 1970),
which means that regional economic behaviors have spatial
effects on geography. Due to the lack of independence among
spatial data, spatial autocorrelation is a common phenomenon
(Fujita et al., 2000). Subsequently, spatial econometrics has been
widely used to explain various economic phenomena with spatial
correlation (Elhorst, 2014), and many important theoretical and
practical achievements are made in IEE and industrial
agglomeration (Chen et al., 2020; Ge et al., 2022).

Based on the previous research, it can be found that industrial
agglomeration could promote IEE through two mechanisms: The
first is labor pooling (Overman and Puga, 2010). Labor
agglomeration is conducive to improving labor quality, providing
enterprises with better human resources, and increasing economic
benefit. The second is knowledge spillover (Feldman, 1999). The
gathering of enterprises connected with production activities is
conducive to the spillover of knowledge and technology, which
generates scale effect, reduces energy consumption and industrial
emissions, and finally improves IEE.

The above mechanisms result from the external economy of
industrial agglomeration, meanwhile, there is also external
diseconomy in industrial agglomeration. Due to intensive
production in a limited space, industrial emissions may
increase, which may have a negative impact on IEE, so
industrial agglomeration might have a nonlinear impact on
the economy and environment. Therefore, this paper proposes
the first research hypothesis in this study:

Hypotheses 1: Industrial agglomeration has a nonlinear effect
on IEE, and there is a spatial spillover.

Previous studies have argued that agglomeration has a direct
impact on energy intensity, and generally there are three types of
conclusions. First, the positive externality of industrial
agglomeration can reduce energy intensity. Wang and Chen
(2010) point out that industrial agglomeration could improve
energy efficiency, and industrial agglomeration will increase
energy intensity. Chen F. (2016) holds that manufacturing
industrial agglomeration increased China’s energy intensity as
a whole. Shi and Shen (2013) analyze the economic
agglomeration of 30 provinces in China from 1998 to
2010 and find that economic agglomeration first inhibits and
then promotes energy efficiency. Ji and Zhao (2016) check the
inverted U-shaped relationship between industrial agglomeration
and energy efficiency of 20 subsectors in China’s manufacturing
industry from 2002 to 2012. They contend that energy efficiency
will decrease at a low agglomeration level, and increase at a high
agglomeration level.

It is generally agreed that energy intensity would increase
environmental pollution and reduce IEE. Li and Hong (2017)
assert that energy intensity can increase environmental pollution,
and there is a positive spatial correlation. Zhang andWang (2019)
study the haze pollution of 29 provinces in China from 2001 to
2015. It is certificated that the energy utilization efficiency could
reduce haze pollution, and there is a negative spatial correlation.

Lei et al. (2017) demonstrate the positive relationship between
energy intensity and environmental pollution.

From the previous studies on industrial agglomeration and
energy intensity, it can be inferred that industrial agglomeration,
energy intensity and IEE are closely related. Industrial
agglomeration may promote energy intensive utilization
through sharing and learning mechanisms (Chatman and
Noland, 2011), thus energy intensity decrease. As mentioned
above, researchers put forward different conclusions about the
effect of industrial agglomeration on energy by empirical analysis,
so the relationship between them may also be nonlinear. There is
a consensus that energy intensity inhibits IEE because energy
consumption is an important source of environmental stress.

It is not hard to see that energy intensity may play a key role in
the impact of industrial agglomeration on IEE. Industrial
agglomeration may affect IEE through energy intensity, this
mechanism mainly considers that energy intensity will directly
affect the environmental input in IEE’s indicator, the scale effect
of industrial agglomeration may reduce energy intensity and
improve IEE. In view of this, we propose the second
hypothesis of this study:

Hypotheses 2: Energy intensity plays a mediating role between
industrial agglomeration and IEE.

It is found that previous studies more focus on regional eco-
efficiency, but rarely on industrial eco-efficiency specifically, and
the research objectives are always limited to the industrial
agglomeration effect, and there is little literature discussing in
which way industrial agglomeration influences IEE. In general,
some researchers are more interested in the connection between
industrial agglomeration and IEE, or industrial agglomeration
and energy, but rare literature puts them into one research
framework.

Therefore, the contribution of this paper is to explore the
nonlinear impact of industrial agglomeration on industrial eco-
efficiency from the perspective of spatial correlation and
introduce energy intensity into the research framework as the
mediating variable, to further discuss the mechanism of industrial
agglomeration on IEE. This study could enrich the theory of
industrial sustainable development, and have practical
significance for the government to formulate industrial and
energy policies, not only for Chinese industry but also for
other developing countries facing the same industrial
sustainable problems.

The rest of this article is organized as follows: The second
section is the literature review. The third section is the
methodology, including evaluation of IEE, model setting,
variables description, and data sources, The fourth section is
empirical results analysis, including IEE evaluation result, spatial
regression, robustness test, and mediation effect test. The fifth
section is the conclusion.

3 METHODOLOGY

3.1 IEE Evaluation by Super-DEA Method
“Eco-efficiency” is proposed by Schaltegger and Sturm (1990),
which is defined as the ratio of economic output to environmental
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impact. At the Earth Summit held in Rio de Janeiro in 1992, the
World Business Council for Sustainable Development (WBCSD)
explain the eco-efficiency by the following:

Eco − Efficiency � products and services value

environmental load
(1)

DEA model is widely adopted in efficiency measurement,
and it is very suitable for the situation in which Decision
Making Units (DMUs) have multiple input and output indices
(Guo and Xu, 2016; Yuan et al., 2017). On this basis, the Super-
DEA model is applied for evaluation in this paper, due to two
significant advantages compared to the general DEA model.
Firstly, the Super-efficiency DEA can further distinguish the
difference between those effective DMUs, secondly, the data
truncation problem can be avoided. Suppose an evaluation
system has n DMUs, and each DMUj is composed of m input
indices and s output indices. Input vector Xj and Output vector
Yj are stated following Eq. 2, and Eq. 3:

Input vector: Xj � (x1j, x2j, . . .xmj)T (2)
Output vector: Yj � (y1j, y2j, . . .ysj)T (3)

And the linear programming of the super-efficiency DEA model
is expressed by the following:

min⎡⎢⎢⎣θ − ε⎛⎝∑m

i�1S
−
i +∑s

r�1S
+
r
⎞⎠⎤⎥⎥⎦

s.t. ∑n
j�1
j ≠ k

Xijλj + S−i #θX0

∑n
j�1
j ≠ k

Yrjλj − S+r � Y0

λjP0, S+rP0, S−i #0
i � 1, 2 . . . , m
j � 1, 2 . . . , n
r � 1, 2 . . . , s

(4)

where X represents the input index, Y represents the output index
of DMUj, θ represents technical efficiency, and λ represents the
matrix. S−i represents input slacks, and S+r represents output
slacks.

For the input-output indicator setting, we refer to the method
in previous literature (Chen L., 2016; Wang et al., 2016; Yang,
2020), which treats capital and labor as economic input, energy
and industrial emissions as environmental input, industrial
output as economic outputs. Some indicators such as
ammonia nitrogen emissions or industrial soot dust are
deleted, because official statistics are not available now (Yuan
and Zhang, 2017; Zhou et al., 2020).

Finally, this study employs Super-efficiency slack-based
measurement (SBM) DEA method to evaluate IEE, the
input-output indicators of IEE in this paper are set as
shown in Table 1.

3.2 Empirical Model Setting
STIRPAT model is widely adopted to examine the impact factors
of environmental pressure (York et al., 2003). Therefore, this
paper expands the model by introducing industrial
agglomeration as an explanatory variable, and other control
variables to check the impact of industrial agglomeration on
IEE and constructs the econometric model as the model (5):

ieeit � β1aggit + β2agg
2
it + β3agg

3
it + β4energit + Zit + εit (5)

where i represents province, t represents the year, iee represents
industrial eco-efficiency measured by the super-efficiency DEA
method, agg represents industrial agglomeration, energ
represents energy intensity, and Zit represents a series of
control variables such as industrial structure, environmental
regulation, and technological level. εit represents the error
term. Considering that industrial agglomeration may have a
nonlinear impact on IEE, the quadratic term and the cubic
term of agg are introduced into the model.

Based on the previous literature, it is proved that industrial
agglomeration has a strong spatial correlation with eco-efficiency
(Yu et al., 2018a; Wang and Yang, 2019; Li et al., 2020). Since the
general panel regression model may lead to biased estimates, this
paper takes spatial correlation factors into account in empirical
analysis, and the spatial panel regression model can better analyze
the impact of industrial agglomeration on IEE.

The most significant feature of spatial econometrics compared
with traditional econometrics is setting a spatial weight matrix,
which explains spatial correlation by adjacent, geographic
distance, or economic distance. This paper adopts the three
common spatial weight matrices, the inverted geographic
distance square matrix (W01) (Fan and Zhou, 2018) for the
main regression model, the economic distance weight matrix
(W02) (Wang et al., 2019) and the economic geography weight
matrix (W03) (Chen et al., 2020) for robustness test, which are
constructed as follows:

W01 �
⎧⎪⎪⎨⎪⎪⎩

1

d2
ij

i ≠ j

0 i � j

, dij is the dis tan ce between 2 areas (6)

W02 �
⎧⎪⎪⎪⎨⎪⎪⎪⎩

1∣∣∣∣∣∣∣Ei − Ej

∣∣∣∣∣∣∣
i ≠ j

0 i � j

, �E is the average GDP (7)

W03 �
(Eip Ej)

d2
ij

i ≠ j

0 i � j

, �E is the average GDP, dij is the distance between 2 areas

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
(8)

The first step of adopting the spatial econometric model is to
determine whether this study is suitable for the spatial
econometric method. Generally, it is to judge whether there is
a spatial correlation by the Moran’s Index (Anselin, 2019), which
is calculated as following (9), where Y denotes IEE in this paper.
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I � n∑n
i�1∑n

j�1Wij
p
∑n

i�1∑n
j�1Wij(Yi − �Y)(Yj − �Y)
∑n

i�1(Yi − �Y)2 (9)

�Y � 1
n
∑n
i�1
Yi

When Moran’s index is significantly positive, it indicates that
variables are positively spatial correlated; when Moran’s index is
significantly negative, it means that there is a negative spatial
correlation. If Moran’s index is not significant, it illustrates that
the variables have no obvious spatial correlation, then it is not
necessary to adopt the spatial econometric method for research.

Based on the model 5, Spatial Autocorrelation Model (SAC)
(Halleck Vega and Elhorst, 2015) is constructed in this paper to
study the impact of industrial agglomeration on IEE. The specific
model is set as the model (10):

ieeit � β0Wijieeit + β1aggit + β2agg
2
it + β3agg

3
it + β4energit + Zit

+ εit

(10)
εit � λWijεit + ]

The second research hypothesis in this paper is that industrial
agglomeration affected the IEE through energy intensity, in order
to test whether energy intensity is a mediator variable, referring to
Baron and Kenny (1986), the mediating effect was tested as the
following:

DV � d1IV + e1 (11)
MV � d2IV + e2 (12)

DV � d3IV + d4MV + e3 (13)
Model (11) indicates that explanatory variables affect the

explained variables, there may be mediating effect if d1 is
significant. However, to prove that there is a mediating effect,
the following tests are needed. Model (12) explains the impact of
explanatory variables on the mediating variables, and Model (13)
represents the influence of the mediating variables and
explanatory variables on the explained variables. If the

coefficients d2 and d4 are both significant, therefore the
mediation effect is verified.

In fact, the Model (13) has been already certificated through
the SAC model (10) in the first research hypothesis. Based on the
second hypothesis of this paper, the mediating model is
constructed taking IEE as the explained variable, energy
intensity as the mediator, industrial agglomeration as the
explanatory variable, and other control variables. The specific
mediation effect is verified by the model (14) and model (15):

ieeit � α0Wijieeit + α1aggit + α2agg
2
it + α3agg

3
it + Zit + εit (14)

εit � λWijεit + ]

energit � η0Wijenergit + η1aggit + η2agg
2
it + Zit + εit (15)

εit � λWijεit + ]

3.3 Variables Description
The explained variable is IEE (iee), which is calculated by the super
DEA method in the previous step. The core explanatory variables of
this paper are industrial agglomeration (agg) and energy
consumption (energ). According to Yan and He (2019), the level
of industrial agglomeration can be expressed by the location entropy
of employment, which can better describe the distribution
characteristics of industrial agglomeration. The industrial
agglomeration index can be calculated by the following Eq. 16.

AGGit � Lit/Lt

Qit/Qt
(16)

where L refers to industrial employment of i province in t year, Q
refers to the total employment of i province in t year. As stated in
the theory of agglomeration (Krugman, 1991), industrial
agglomeration may lead to economies of scale and a crowding
effect. Since the influence of industrial agglomeration on IEE may
be nonlinear, the quadratic and cubic terms of industrial
agglomeration are introduced into the model.

Energy intensity (energ) acts as a mediating variable in this
study, which is measured by the proportion of power
consumption in regional GDP (Yuan et al., 2020). The higher

TABLE 1 | Variables Description in super-efficiency DEA Model.

Indicators Name Description Data Source Unit

Economic input Capital the net value of fixed assets China Statistical Yearbook 100 million CNY
Labor the average annual number of

employees
China Population & Employment Statistics
Yearbook

10 thousand people

Energy total energy consumption China Energy Statistical Yearbook 104 ton of standard coal equivalent (tce)
Environment
input

Industrial
waste gas

SO2 emissions China Environmental Statistics Yearbook ton

Industrial
wastewater

cod emission China Environmental Statistics Yearbook 10,000 tons

Industrial waste general industrial waste China Environmental Statistics Yearbook 10,000 tons
CO2 CO2 emission China Emission Accounts and

Datasetsa(CEADs)
mt

output Economic output industrial output China Industry Statistical Yearbook 100 million CNY

aCarbon Emission Accounts and Datasets (CEADs), it is multi-scale Carbon accounting inventories and socio-economic and trade databases for China and other developing economies,
which is supported by the National Natural Science Foundation of China, the International Cooperation Project of the Ministry of Science and Technology, and the Research Council of the
United Kingdom. CEADs provides free carbon emission data sharing for academic research. https://www.ceads.net/
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the energy intensity per unit of output means the higher the
energy consumption, which would decrease IEE, so the expected
sign is negative.

There are five control variables in this model, namely, 1)
Human Resources (edu). Human resources are expressed by
the average schooling years of the urban population (Peng and
Li, 2015). Human capital could improve eco-efficiency through
technological innovation and environmental protection
awareness, so the sign of the expected variable is positive.
2) Level of industrialization (indus). It is expressed by the
share of the industrial added value in GDP (Yu et al., 2018b).
The higher the industrial added value per unit of GDP, the
more industrial output, so the expected sign is positive. 3)
Population density (lnpopul). Population density is calculated
by the ratio of the total population to the administrative area at
the end of the year, and takes the natural logarithm form into
the model (Wang et al., 2019). Areas with a large population
have abundant labor resources, which is conducive to
enterprises employing more professional labor and
improving industrial output value. The expected sign is
positive. 4) Environmental Regulation (lnregul). It is
calculated by the proportion of total investment in pollution
control in GDP (Yuan, 2018). Theoretically, the government
raises the threshold of environmental regulation to diminish
the emission of enterprises and promote eco-efficiency, so the
expected sign is positive. 5) Technological Innovation
(lnpaten). It is expressed as the number of approved patents
filed per 10,000 people (Zhang et al., 2021). Technological
innovation is an important driver of economic development,
as well as an important way to promote clean production and
reduce pollution. The expected sign is positive.

3.4 Data Sources
The above data are obtained from the China Statistical Yearbook,
China Environmental Statistical Yearbook, China Industrial
Statistical Yearbook, China Employment Statistical Yearbook,
Economy Prediction System (EPS) database, China Economic
Network, Provincial Statistical Yearbook, and official data
released by the National Bureau of Statistics. In order to
reduce the impact of inflation, the currency data has been
deflated on basis of 2009. Some missing data were

supplemented by linear interpolation. The research object of
this paper is provinces and municipalities in mainland China.
Due to statistical data missing in Tibet, the data set is composed of
panel data of 30 provinces from 2009 to 2018 as shown inTable 2,
which lists the name, description, unit, symbol, and expected sign
of all variables.

4 EMPIRICAL RESULTS ANALYSIS

4.1 The IEE Evaluation Results
Table 3 shows the evaluation results of regional IEE, it can be
found that there are significant regional disparities in IEE in
China. From 2009 to 2018, the mean of IEE in five provinces
exceed 1, including Beijing, Tianjin, Shanghai, Jiangsu, and
Guangdong, and the efficiency ranking of these effective
provinces could be also observed, indicating that it is more
scientific to adopt super-efficiency DEA to measure IEE. From
the mean of IEE, Beijing has the highest IEE during this period, as
the political and economic center of China, the government
attaches great importance to improving its environmental
quality, such as transforming the previous state-owned

TABLE 2 | Variable description.

Types Variable Description Unit Symbol Expected
Sign

explained variable industrial eco-
efficiency

calculated by super-efficiency DEA % iee -

core explanatory
variable

industrial
agglomeration

calculated by location entropy method % agg -

energy intensity the proportion of annual electricity consumption to GDP kwh/CNY energ −

human resources average years of education of the population year edu +
industrialization level the proportion of the added value of the secondary industry to GDP % ind +

control variables population density people per square kilometer, take the natural log form person
per km2

lnpopul +

environmental
regulation

the share of total investment in environmental pollution control to GDP, take
the natural log form

% lnregul +

technical innovation patent applications granted per 10,000 people, take the natural log form item lnpaten +

TABLE 3 | Regional IEE from 2009 to 2018.

Province IEE Mean Province IEE Mean

Beijing 1.500 Liaoning 0.430
Guangdong 1.080 Hebei 0.400
Tianjin 1.070 Sichuan 0.400
Jiangsu 1.040 Hainan 0.390
Shanghai 1.020 Guangxi 0.380
Shandong 0.910 Shaanxi 0.320
Zhejiang 0.710 Inner Mongolia 0.290
Fujian 0.690 Heilongjiang 0.280
Jilin 0.510 Gansu 0.250
Anhui 0.500 Yunnan 0.240
Henan 0.500 Guizhou 0.240
Hubei 0.500 Shanxi 0.230
Jiangxi 0.500 Qinghai 0.220
Hunan 0.480 Xinjiang 0.200
Chongqing 0.460 Ningxia 0.190
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industrial park to be the venue of the Winter Olympic Games
(Deng et al., 2020), these policies are conducive to improve the
IEE. Meanwhile, IEE values in nine provinces are less than 0.3,
including Inner Mongolia, Heilongjiang, Gansu, Yunnan,
Guizhou, Shanxi, Qinghai, Xinjiang, and Ningxia, which
means that there has great potential for improvement of IEE.
The provinces with lower IEE are mainly distributed in the
western region of China, which might be related to the level
of economic development and industrialization (Zhang et al.,
2017).

Figure 1 displays the average level of China’s IEE, industrial
agglomeration, and energy intensity from 2009 to 2018. It can be
seen that the average level of national IEE fluctuates slightly in
some years during the study period, but is relatively stable in the
range of 0.48–0.55, indicating that the regional IEE level is
relatively low on the whole. Industrial agglomeration has been
in an obvious downward trend during this period, which may be
related to the industrial policies implemented by the Chinese
government, including transferring some industries to central
and western regions to alleviate excessive industrial concentration
in eastern China and narrow the imbalance in regional industrial
development.

4.2 Spatial Regression
The descriptive statistics, multicollinearity, and correlation
analysis of each variable are given in Tables 4, 5. It can be
seen that each variable has no outliers and there are no completely
unrelated variables or serious multicollinearity (VIF is less than
5), so the data set is relatively stable.

As noted earlier, Moran Index is used to measure whether
variables have a spatial correlation. Table 6 lists the Moran Index
of IEE, industrial agglomeration, and energy intensity. It can be
found that these variables show spatial positive correlation in all
years, so it is reasonable and feasible to construct the spatial
econometric model in this study.

The specific spatial econometric model (10) is diagnosed by the
LM, LR, and WALD test as shown in Column (1) of Table 7. The
Robust LM Error and Robust Lag statistics were all significant at a
significance level of 10%, indicating that SAR and SEM could not
accurately reflect the spatial relationship between industrial
agglomeration and IEE. According to the results of the BP test,
Hausman test, and LR test, it is necessary to analyze the relationship
between IEE and industrial agglomeration with individual and time
both fixed effects.

Table 8 lists the SAC model regression results of industrial
agglomeration effects on IEE, as well as the non-spatial OLS
model, fixed effects panel, and Spatial Durbin Model (SDM
model) regression results for comparison, the results illustrate
that the spatial model considering the fixed effects and spatial
correlation is more suitable than that of the former two, with
more reliable estimation. Furthermore, according to Akaike
Information Criterion (AIC) and Bayesian Information
Criterion (BIC) (Yu et al., 2018a), it can be found that the
SAC model has better goodness of fit compared with the SDM
model, which also proves that the setting of SAC model in this
study is reasonable (Li and Guo, 2019).

FIGURE 1 | IEE, industrial agglomeration and energy intensity from 2009–2018.

TABLE 4 | Descriptive Statistics.

Variable Obs Mean Std. Dev Min Max

iee 300 0.530 0.340 0.150 2.340
agg 300 0.890 0.330 0.350 1.750
energ 300 0.120 0.080 0.050 0.420
edu 300 9.000 0.940 6.760 12.680
indus 300 0.450 0.080 0.190 0.590
lnpopul 300 5.450 1.280 2.040 8.250
lnregul 300 4.850 0.490 3.090 6.050
lnpaten 300 1.540 1.110 -0.760 4.050
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It is observed from the empirical results of the spatial SAC
model that the spatial error coefficient is significantly positive,
indicating that IEE has a positive spatial correlation. The

coefficient of the cubic term of the industrial agglomeration is
negative, the quadratic term is positive, and the primary term is
negative, which all pass the 5% significance test, revealing that the
relationship between the industrial agglomeration and IEE is
inverted N-shaped. Specifically, there are two inflection points in

TABLE 5 | Pairwise correlations and VIF.

Variables (iee) (agg) (edu) (indus) (lnpopul) (energ) (lnregul) (lnpaten) VIF

iee 1.000
agg 0.551*** 1.000 3.620
edu 0.657*** 0.187*** 1.000 3.560
indus −0.223*** 0.354*** −0.458*** 1.000 2.930
lnpopul 0.717*** 0.565*** 0.512*** −0.181*** 1.000 2.390
energ −0.485*** −0.301*** −0.414*** 0.186*** −0.649*** 1.000 2.230
lnregul −0.280*** −0.317*** −0.022 0.083 −0.404*** 0.448*** 1.000 1.990
lnpaten 0.728*** 0.614*** 0.638*** −0.246*** 0.652*** −0.462*** −0.275*** 1.000 1.500

Note: *, **, and *** represent the significant levels of 10%, 5%, and 1% respectively.

TABLE 6 | Moran Index.

Variables I Variables I Variables I

iee2009 0.182** agg2009 0.221*** energ2009 0.147***
iee2010 0.190*** agg2010 0.218*** energ2010 0.144***
iee2011 0.192*** agg2011 0.210*** energ2011 0.138***
iee2012 0.201*** agg2012 0.225*** energ2012 0.153***
iee2013 0.174** agg2013 0.199*** energ2013 0.162***
iee2014 0.162** agg2014 0.206*** energ2014 0.164***
iee2015 0.148* agg2015 0.200*** energ2015 0.162***
iee2016 0.110* agg2016 0.196*** energ2016 0.152***
iee2017 0.075* agg2017 0.193*** energ2017 0.159***
iee2018 0.055* agg2018 0.204*** energ2018 0.159***

TABLE 7 | LM test, LR, WALD, BP, HAUSMAN test results.

Model (10) Model (14) Model (15)

(1) (2) (3)

Test Statistic Statistic Statistic
Moran’s I 13.973*** 13.806*** 20.953***
LM test 148.953*** 149.073*** 362.995***
Spatial Error
Robust LM test 27.446*** 38.385*** 14.158***
Spatial Error
LM Test 155.041*** 455.881*** 155.041***
Spatial Lag
Robust LM Test 33.534*** 107.044*** 33.53***
Spatial Lag
LR Test 16.81* 13.52* 17.18**
Spatial Error
LR Test 18.22** 14.69* 17.52**
Spatial Lag
WALD Test 16.61** 13.35** 17.69***
Spatial Error
WALD Test 15.36** 12.19* 16.15**
Spatial Lag
BP test 480.24*** 480.31*** 1,005.46***
Hausman Test 17.51** 11.63 19.75***
LR Test 17.34* 20.18** 13.52
Individual Fixed
LR Test 461.49*** 455.51*** 806.05***
Time Fixed

TABLE 8 | Regression results of non-spatial OLS model, non-spatial fixed effect
panel model, SDM model, and SAC model.

model (10)

(1) (2) (3) (4)

OLS Fix Effect SDM SAC

agg −2.937*** −1.766* −1.907** −1.859***
(−3.59) (−1.90) (−2.26) (−2.73)

agg2 3.044*** 1.507 1.635* 1.808**
(3.66) (1.51) (1.81) (2.49)

agg3 −0.902*** −0.3/64 −0.406 −0.498**
(−3.38) (−1.10) (−1.36) (−2.11)

energ 0.004 −0.870** −0.763** −0.640***
(0.02) (−2.52) (−2.43) (−2.80)

edu 0.141*** 0.054** 0.122*** 0.079***
(7.75) (2.45) (3.94) (3.29)

indus 0.093 0.794*** 0.718*** 0.589***
(0.44) (4.86) (3.46) (3.89)

lnpopul 0.067*** 0.618** 0.702** 0.179
(4.51) (1.99) (2.48) (1.11)

lnregul −0.025 0.001 −0.003 −0.003
(−0.96) (0.04) (−0.20) (−0.26)

lnpaten 0.052*** −0.017 0.021 0.041**
(2.84) (−0.93) (0.83) (2.30)

_cons −0.316 −2.982* - -
(−1.10) (−1.73) - -

Wx agg - - 0.099 -
- - (0.41) -

Spatial rho - - −0.113 0.810***
- - (−1.22) (20.55)

lambda - - - −1.243***
- - - (−19.78)

Variance - - - -
sigma2_e - - 0.006*** 0.004***

- - (12.21) (13.11)
Inflection point 1 - - 0.754 0.741
Inflection point 2 - - 2.154 1.679
N 300.000 300.000 300.000 300.000
r2 0.713 0.134 0.572 0.534
aic −156.961 −640.924 −670.051 −741.462
bic −119.923 −603.886 −625.606 −697.017

Note: t statistics in parentheses; *, **, and *** represent the significant levels of 10%, 5%,
and 1% respectively.
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the inverted N-shaped curve, which means that in different stages
of industrial agglomeration, its impact on IEE is inhibiting first,
then promoting, and inhibiting again.

When the level of industrial agglomeration is lower than the
first inflection point (agg<0.741), industrial agglomeration
could hinder IEE. In the initial stage of industrial
agglomeration, enterprises may only simply gather in
geographical locations, enterprises enter industrial parks or
industrial zones to get preferential policies from the
government. However, the weak connections and
associations among enterprises make it difficult to create
knowledge spillover and economies of scale. However, the
concentrated production in limited space increase industrial
emissions, so the IEE would decrease.

According to the average industrial agglomeration index
from 2009 to 2018 shown in Table 9, there are 11 provinces
with industrial agglomeration on the left of the first inflection
point, including Beijing, Inner Mongolia, Heilongjiang,
Guangxi, Hainan, Guizhou, Yunnan, Shaanxi, Gansu,
Ningxia, and Xinjiang. Except for Beijing as the political
center, and Inner Mongolia and Heilongjiang as traditional
heavy industry bases in northeast China, the other eight
provinces are located in western China with a relatively
backward industrial level. This result is consistent with the
regional imbalance of China’s current industrial development.

When the level of industrial agglomeration is between the first
inflection point and the second inflection point
(0.741<agg<1.679), industrial agglomeration could improve
IEE. The main reason is that industrial agglomeration has
developed from the simple concentration into deeper
cooperation with upstream and downstream enterprises in the
industrial chain, the government provides more infrastructure, as
well as preferential policies, therefore quality and scale of the
industry agglomeration are both improved, therefore economies
of scale become greater than the crowding effect, the IEE would
increase.

There are 18 provinces with an industrial agglomeration
level between the first and second inflection points, including

Tianjin, Hebei, Shanxi, Liaoning, Jilin, Shanghai, Jiangsu,
Anhui, Fujian, Jiangxi, Shandong, Henan, Hubei, Hunan,
Guangdong, Chongqing, Sichuan, and Qinghai. These
provinces are mainly distributed in eastern and central
China, indicating that industry in these regions has been
developing rapidly in the 40 years of reform and opening-
up, and the improvement of industrial agglomeration has a
positive impact on IEE.

When the industrial agglomeration level exceeds the second
inflection point (agg>1.679), industrial agglomeration will again
hinder IEE. As the environmental capacity for industrial
agglomeration is limited, excessive industrial concentration
may result in huge energy consumption and pollution
emissions, and continuously rising production costs.
Economies of scale can no longer make up for the negative
impact brought by the crowding effect, thus industrial
agglomeration will lead to the decline of IEE.

As shown in Table 9, industrial agglomeration in
Zhejiang province is on the right side of the second
inflection point, illustrating that excessive industrial
agglomeration level has hindered IEE. Should also be
noticed at the same time, the industrial agglomeration
levels in three provinces including Jiangsu, Guangdong,
and Fujian are next to the second inflection point, which
represent the highest level of China’s industrial
development. It can be inferred that these developed
eastern regions are already very close to the limit of local
environmental capacity, if we continue to blindly expand
industrial agglomeration in these regions, IEE will decline
ultimately. The results also reflect the fact that excessive
industrial agglomeration in some eastern developed
provinces has already led to environmental degradation.

Energy intensity is negative and significant at the 1%
significance level. This indicates that high energy intensity
would increase energy consumption and hinder IEE, which is
the same as the expected symbol, this may be due to inadequate
energy utilization, high energy consumption per unit output leads
to the decline of IEE. (Fisher-Vanden et al., 2004).

TABLE 9 | Average Industrial Aggregation (2009–2018).

id Province Average industrial
aggregation

id Province Average industrial
aggregation

1 Beijing 0.620 16 Henan 1.050
2 Tianjin 1.320 17 Hubei 0.760
3 Hebei 1.160 18 Hunan 0.810
4 Shanxi 0.920 19 Guangdong 1.380
5 Inner Mongolia 0.600 20 Guangxi 0.640
6 Liaoning 0.920 21 Hainan 0.420
7 Jilin 0.740 22 Chongqing 0.890
8 Heilongjiang 0.640 23 Sichuan 0.900
9 Shanghai 1.240 24 Guizhou 0.510
10 Jiangsu 1.480 25 Yunnan 0.450
11 Zhejiang 1.690 26 Shaanxi 0.660
12 Anhui 0.940 27 Gansu 0.540
13 Fujian 1.280 28 Qinghai 0.790
14 Jiangxi 1.090 29 Ningxia 0.630
15 Shandong 1.190 30 Xinjiang 0.520
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Regression analysis of other control variables is as follows:1)
Human Resources (edu). The coefficient of human resources is
positive at 1% significance level, in line with the expected sign.
This shows that human resources play a positive role in
promoting IEE because human resources determine the
quality of labor force input. 2) Industrialization level
(indus). The coefficient of industrialization passes the 1%
significance test, illustrating a high industrial output value,
which is beneficial to IEE. 3) Population Scale (lnpopul). The
coefficient of population density is positive but not significant,
which may result from large energy demand and industrial
emissions in areas with large populations. 4) Environmental
regulation (lnregul). The coefficient of environmental
regulation is negative but not significant, indicating that
environmental regulation has not played a positive role. The
possible reason is that the environmental regulation increases
the compliance cost of enterprises, and the higher production
cost leads to the decline of IEE. 5) Technological innovation
(lnpaten). The coefficient of technological innovation is
positive at the 5% significance level, indicating that
technological innovation could improve IEE. The possible
reason is that technological progress emphasizes the

innovation of emission reduction and clean production
technology.

4.3 Robustness Test
To further test the reliability of the empirical results, this paper
conducts a robustness test by different spatial weight matrices,
which are the economic distance matrix (W02) and the economic
geography matrix (W03). Columns (1)-(3) in Table 10 show the
regression results of IEE under three spatial weight matrices. It
can be observed that the coefficients of the primary term,
quadratic term, and cubic term of industrial agglomeration are
respectively negative, positive, and negative, most of them pass
the 5% significance test, which is consistent with the previous
conclusion and verifies again that the relationship between
industrial agglomeration and IEE is inverted N-shaped.
Meanwhile, the coefficient of spatial correlation is positive at
different significance levels, which proves that IEE indeed has a
spatial spillover effect. The above results check the robustness of
the core conclusion of this study, therefore, the first research
hypothesis of this paper has been verified.

TABLE 10 | Robustness test result.

Model (10)

(1) (2) (3)

explained variable iee iee iee
weight matrix W01 W02 W03
agg −1.859*** −2.122*** −1.870**

(−2.73) (−2.92) (−2.50)
agg2 1.808** 2.049*** 1.623**

(2.49) (2.62) (2.03)
agg3 −0.498** −0.578** −0.403

(−2.11) (−2.24) (−1.52)
energ −0.640*** −0.516** −0.755***

(−2.80) (−1.97) (−2.88)
edu 0.079*** 0.089*** 0.120***

(3.29) (3.36) (4.34)
indus 0.589*** 0.395** 0.701***

(3.89) (2.11) (4.14)
lnpopul 0.179 0.334* 0.494**

(1.11) (1.75) (2.32)
lnregul −0.003 −0.003 0.001

(−0.26) (−0.24) (0.04)
lnpaten 0.041** 0.039** 0.041**

(2.30) (2.09) (2.14)
Spatial 0.810*** 0.530*** 0.768***
rho (20.55) (7.95) (9.89)
lambda −1.243*** −0.644*** −1.908***

(−19.78) (−8.03) (−9.06)
Variance 0.004*** 0.005*** 0.005***
sigma2_e (13.11) (9.59) (12.30)
Inflection point 1 0.741 0.766 0.837
Inflection point 2 1.679 1.597 1.848
N 300 300.000 300.000
r2 0.534 0.520 0.550
aic −741.462 −676.690 −698.135
bic −697.017 −632.245 −653.690

Note: t statistics in parentheses; *, **, and *** represent the significant levels of 10%, 5%,
and 1% respectively.

TABLE 11 | Mediating effect test result.

model (14) model (15) model (10)

(1) (2) (3)

explained variable iee energ iee
weight matrix w01 w01 w01
agg −1.686** −0.163*** −1.859***

(−2.47) (−3.73) (−2.73)
agg2 1.630** 0.088*** 1.808**

−2.23 −3.81 −2.49
agg3 −0.445* −0.498**

(−1.87) (−2.11)
energ −0.640***

(−2.80)
edu 0.098*** −0.007 0.079***

−4.03 (−1.26) −3.29
indus 0.523*** 0.028 0.589***

−3.46 −0.72 −3.89
lnpopul 0.185 0.217*** 0.179

−1.14 −4.01 −1.11
lnregul −0.008 0.006** −0.003

(−0.65) −1.99 (−0.26)
lnpaten 0.060*** −0.019*** 0.041**

−3.5 (−4.21) −2.3
spatial 0.780*** −0.003 0.810***
rho −18.22 (−0.02) −20.55
lambda −1.253*** 0.088 −1.243***

(−19.57) −0.57 (−19.78)
variance 0.004*** 0.000*** 0.004***
sigma2_e −13.06 −13.6 −13.11
inflection point 1 0.744 0.926 0.741
inflection point 2 1.698 – 1.679
n 300 300 300
r2 0.527 0.404 0.534
aic −737.86 −1,688.272 −741.462
bic −697.118 −1,651.235 −697.017

Note 1: t statistics in parentheses; *, **, and *** represent the significant levels of 10%, 5%,
and 1%
Note 2:When testing themediation effect, we first introduced the primary term, quadratic
term, and cubic term of “agg” into the spatial model, but found that the cubic term
coefficient was not significant, so they were removed, so Column (2) reports the
estimation results of the primary term and quadratic term.
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4.4 Mediation Effect Test
The diagnosis test result of the model (14) and model (15) are
shown in Columns (1)–-(2) of Table 7, indicating that the SAC
model with both fixed effects should be selected for the mediation
model. In order to show the mediation effect more clearly, we
listed the regression results of model (14) (15) and model (10) in
Table 11. Column (1) of Table 11 gives the regression result from
the model (14), it is found that the correlation coefficients of the
primary term, secondary term, and tertiary term of industrial
agglomeration are negative, positive, and negative respectively,
and which pass the significance test at different levels, indicating
that industrial agglomeration has an obvious influence on IEE,
and their relationship is inverted N-shape. Moreover, this
empirical result remains robust and reliable under the
different weight matrices. Column (2) of Table 11 reports the
regression result of the model (15), it can be illustrated that the
correlation coefficients of the primary and secondary terms of
industrial agglomeration are positive and negative respectively,
and both significant at different levels, indicating that industrial
agglomeration has a significant U-shaped impact on energy
intensity. When industrial agglomeration is lower than the
inflection point (agg = 0.926), it can reduce energy
consumption, but when it is higher than the inflection point,
it will increase energy consumption. Therefore, the result verifies
the second hypothesis of this paper, energy intensity acts as
mediating role between the industrial agglomeration and IEE.

5 CONCLUSION

This paper analyzes the spatial correlation of IEE by panel data of
30 provinces in China and constructs the SAC model to
investigate the complex impact of industrial agglomeration on
IEE. The main conclusions are as follows:

The relationship between industrial agglomeration and
IEE is inverted N- shaped. In the initial stage of industrial
agglomeration, it is difficult to generate economies of scale,
therefore it hinders IEE. When industrial agglomeration
develops to a relatively mature stage, the economies of
scale exceed the crowding effect, industrial agglomeration
can promote IEE. This non-linear relationship between them
has also been confirmed in previous studies (Cheng et al.,
2019; Guo et al., 2020). Furthermore, this study found that
when industrial agglomeration overexpands, it again hinders
IEE. Therefore, the level of industrial agglomeration should
be controlled at the second inflection point. And the result
shows that IEE indeed has a positive spatial spillover effect,
IEE in one region will be affected by IEE in neighboring areas.
Moreover, this study reveals that energy intensity plays a
mediating role in the impact of industrial agglomeration on
Deindustrialize agglomeration can affect IEE by influencing
energy intensity, which was not involved in previous studies,
as far as we know. The above conclusions are significant
under different spatial weight matrices, so the core conclusion
is reliable.

Based on the above conclusion, we propose the following
suggestions:

First, industrial agglomeration policies should be
differentiated according to the stage of regional industrial
agglomeration. In terms of China’s industrial
agglomeration, there are 11 provinces to the left of the first
inflection point, most of which are located in western China.
This result indicates that industrial agglomeration is still in the
early stage of development, so these regions should improve
the level of industrial agglomeration on the premise of
protecting the environment and promoting more regions to
cross the first inflection point. The government should
introduce preferential policies to encourage enterprises’
industrial cooperation, provide better infrastructure and
public resources, and therefore give full play to economies
of scale to improve IEE. At the same time, there are
18 provinces between the first and second inflection points,
mainly located in the eastern and central regions, illustrating
the rapid industrial development in these provinces, and
industrial agglomeration will continue to improve. However,
the level of industrial agglomeration should be controlled
before the second inflection point, and more attention to
improving the quality of industrial agglomeration. The
government should strictly restrict the entry of projects
with high energy consumption and high pollution into
industrial parks or industrial zones through environmental
regulations, and eliminate the existing backward industries.
The government can also introduce other preferential policies
to improve IEE, including human resources, technological
innovation, and industrial structure optimization.

Second, due to the existence of the spatial spillover effect, it is
verified that the Chinese government’s regional integration
industrial policy is reasonable and scientific, which needs to
adhere to in the future, such as the Yangtze River Delta
Economic Belt, Beijing-Tianjin-Hebei Economic Zone, and
Pearl River Delta Economic Zone in eastern China. A
collaborative mechanism should be established to improve
IEE, and decision-makers should formulate industrial
strategies from long-term interests, and achieve a “win-win”
effect between economic interests and environmental interests.
It is found that the energy intensity plays a mediation role
between industrial agglomeration and IEE, industrial
agglomeration affects energy intensity directly, so the
government should give priority to energy-saving policies to
improve energy efficiency.

Finally, it is suggested to formulate differentiated industrial
agglomeration policies and energy policies according to the
different stages of industrial agglomeration, so as to promote
regional industrial economy in favor of sustainable development.
This study found that energy intensity has a significant mediating
effect in the process of industrial agglomeration affecting IEE, so
the government is suggested to pay full attention to the role of
energy conservation policy when promoting sustainable
industrial development. Since industrial agglomeration has
been proved to have a non-linear relationship with energy
intensity, the government is suggested to set appropriate
emission reduction targets according to the level of industrial
agglomeration. Industrial agglomeration policy should
coordinate with energy conservation policy, to make industrial
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agglomeration and energy intensity play positive effects on IEE
simultaneously.

The limitation of this study lies in the availability of industrial
emissions data and the lack of unified measurement for CO2

emissions, resulting in the limited sample capacity. The future
research direction is to find the latest scientific input and output
indicators to measure IEE and to expand panel data to counties
and cities for further grouping analysis.

In the context of the current global COVID-19, the sustainable
development of the industry faces more uncertainties and
challenges, including economic policies (Işık et al., 2020), the
risk of SMEs closing down (Eggers, 2020), the increase in
enterprise costs, the decline of labor efficiency, the challenge
of environmental quality (Ahmad et al., 2021; Isik et al., 2021),
energy supply and other aspects, all of which might have a
significant impact on IEE, so they could be considered into
the study of industrial sustainable development in the future.
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