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Abstract: In the context of accelerating global climate change, it has become increasingly important 
to study the vital relationship between industrial agglomeration and urban carbon emissions for 
sustainable development. The present study focuses on the influence of industrial agglomeration on 
urban carbon emissions, by investigating a sample of 280 prefecture-level cities in China from 2009 
to 2021. Methodologically, this study empirically tests the effect of industrial agglomeration on the 
urban carbon emissions through the use of a spatial Durbin model and mediating effect model. The 
following are the main conclusions: first, the impact of industrial agglomeration on urban carbon 
emissions shows an inverted U-shaped relationship, which first intensifies and then inhibits, and 
has spatial spillover effect; second, industrial agglomeration has different impacts on urban carbon 
emissions in the eastern, central and western regions. Industrial agglomeration shows different im-
pacts on urban carbon emissions between resource-based and non-resource-based cities. Industrial 
agglomeration shows different impacts on urban carbon emissions between old industrial cities and 
non-old industrial cities. Third, green technology innovation and green talent agglomeration medi-
ate the relationship between industrial agglomeration and urban carbon emissions. This study high-
lights the significance of industrial agglomeration in promoting sustainable urban development and 
offers valuable insights for the planning and formulation of industrial development policies. 
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1. Introduction 
On the issue of global warming, the overwhelming majority of countries have 

reached the consensus that the increase in carbon dioxide concentration is the main cause 
of global climate fluctuation [1]. By the U.S. Carbon Dioxide Information Center (CDIAC), 
global carbon emissions skyrocketed from 3 million tons of carbon in 1751 to 9.855 billion 
tons in 2014. As the world’s top carbon emitter, China has taken up 80% of the increase in 
carbon dioxide since 2008 [2]. Recognizing the grave challenges of global climate change, 
many countries have joined hands to strengthen the awareness of sustainable develop-
ment. On 22 September 2020, during the general debate of the United Nations General 
Assembly’s 75th session, China committed itself to peaking its carbon emissions by 2030 
and reaching carbon neutrality before 2060. However, the problem of reducing carbon 
emissions is inseparable from China’s national industrial development [3]. Currently, 
China’s economy has embarked on a new stage of robust developments. Traditional pro-
duction models are facing severe challenges, while economic growth needs to focus on 
improving economic quality. Obviously, substantive economic progress cannot be sepa-
rated from high-quality industrial agglomeration [4], and industrial agglomeration as a 
spatial type of interaction between production factors has higher organizational efficiency 
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[5]. However, pollution emission patterns resulting from the early agglomeration have 
caused serious ecological problems [6]. Within the background of the “Dual Carbon” tar-
get, environmental issues and industrial development should be carefully considered and 
coordinated [7]. Therefore, studying whether the spillover effects of industrial agglomer-
ation are environmentally favorable or unfavorable has important theoretical and practi-
cal implications for promoting sustainable development. However, the current studies on 
the relationship and causal mechanism between industrial agglomeration and urban car-
bon emissions remain insufficient. 

As such, this research aims to examine the impacts of industrial agglomeration and 
urban carbon emissions. Furthermore, this study seeks to clarify the transmission mecha-
nism in the course of industrial agglomeration affecting carbon emissions in Chinese cit-
ies. To start with, this research selects the data of China’s 280 prefecture-level cities from 
2009 to 2021 to calculate their industrial agglomeration level and carbon emissions over 
the years. The temporal and spatial agglomeration trends of the two are then analyzed. 
Second, in accordance with the spatial Durbin model, this study draws on the data of 
China’s National Bureau of Statistics, examines the impacts of industrial agglomeration 
on urban carbon emissions and spatial spillover impacts, and carries out heterogeneity 
analysis. Finally, this research combines the mediating effect model with the spatial Dur-
bin model to illustrate the influencing mechanism of industrial agglomeration on urban 
carbon emissions. 

The contributions of this study are threefold: first, it focuses on the effects of indus-
trial advances on urban sustainability from a standpoint of industrial agglomeration, thus 
expanding the research scope of industrial economics. Second, previous studies have 
mostly centered on the causal factors of carbon emissions in light of China’s provincial-
level data, while this study looks into the link between industrial agglomeration and car-
bon emissions with more substantive data from China’s prefecture-level cities, while test-
ing the impacts of their divergent results in light of the different developmental charac-
teristics of various cities. Third, on the influences wrought by the process of industrial 
agglomeration, few scholars have integrated the green technology innovation and green 
talent agglomeration effect into the conceptual framework for analysis as a mechanism 
variable. This study incorporates green technology innovation and green talent agglom-
eration into the research model, and targets at analyzing the internal mechanism between 
industrial agglomeration and urban carbon emissions. A further understanding into the 
causal factors of regional carbon emissions and their mechanisms can provide solid scien-
tific foundation of policy-making for economy-cum-environment sustainability in China’s 
development. 

The remainder of this article is structured as follows: Section 2 provides the literature 
review. Section 3 explains the theoretical framework and proposes the research hypothe-
ses. Section 4 introduces the materials and methods. Section 5 summarizes and interprets 
the statistical findings and analytical implications. Last, Section 6 concludes the research 
and expands on its meanings. 

2. Literature Review 
2.1. Industrial Agglomeration 

In terms of environmental externalities of industrial agglomeration, there are three 
prevalent views on this topic: first, the environmental degradation theory argues that in-
dustrial agglomeration drives up economic scale, but the resultant expansion of produc-
tion capacity, together with the relaxing environmental regulations by local governments, 
inevitably brings about pollution emissions. Grounded on the panel data of European cit-
ies, Leeuw et al. confirmed that industrial agglomeration results in the increase in air pol-
lution emissions [8]. Zhao et al. reviewed the panel data of China’s resource-based cities 
and concluded that industrial agglomeration will cause environmental pollution [9]. Sec-
ond, the environmental improvement theory emphasizes that industrial agglomeration 
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could lower pollution emissions, through reducing environmental governance expenses 
[10] and enhancing technology spillovers [11]. Third, different from the above two linear 
views, the nonlinear relationship theory holds that industrial agglomeration has a com-
plex nonlinear relationship with environmental pollution. Ye et al. took the data of China’s 
prefecture-level cities as samples and discovered that the relationship between haze pol-
lution in the central and eastern areas caused by industrial agglomeration presented a 
typical inverted U-shaped trajectory [12]. Chen et al. further employed the spatial econo-
metric model to explore the link between industrial agglomeration and spatial pollution 
and found that industrial agglomeration shows an inverted U-shaped effect on urban air 
pollution via the knowledge spillover effect, and this effect has a spatial spillover impact. 
[13]. Zhao et al. applied the same spatial measurement model, treating technological in-
novation as the mechanism variable. They discussed the relationship between industrial 
agglomeration and spatial pollution and found that industrial agglomeration demon-
strates an inverted U-shaped effect on urban haze, while this effect also has a spatial spill-
over result [14]. In line with the spatial dynamic panel model and treating technological 
innovation as the mediating variable, some scholars posit an N-shaped relationship be-
tween industrial agglomeration and environmental pollution [15]. 

While reviewing the above literature, the present study finds that, though the current 
research on the environmental externalities of industrial agglomeration is quite expansive, 
their observations and judgements are quite divergent, which seems to be most contro-
versial. This study suggests that there can be more than one linear tie between industrial 
agglomeration and environmental pollution. At the same time, if the panel data are used 
and the spatial spillover effect is ignored, the result will be unreliable. 

2.2. Carbon Emissions 
There have been abundant studies on carbon emissions. The relevant literature 

mainly centers on the measurement of carbon emissions and the influencing factors of 
carbon emissions. In terms of carbon emission measurement methods, index decomposi-
tion analysis method [16], structural decomposition analysis method [17], IPCC method 
[18] and so on are mainly applied in nature. The metric objects of carbon emissions mostly 
concentrate on the national level [19], provincial level [18] and municipal level [20]. 

The studies on the impacting factors of carbon emissions are mostly divided into 
macro perspective and micro perspective. From the macro perspective, classical studies 
on the factors affecting carbon emissions primarily focus on the effects of environmental 
regulation [21] and economic growth [22]. From the micro perspective, most research fo-
cuses on the factors affecting corporate carbon emissions. Doda et al. studied the effects 
of corporate carbon management on corporate carbon emissions for the first time [23]. 
Konadu et al. investigated the impacts of gender divergences in the board of directors on 
corporate carbon emission reduction [24]. Li et al. discussed in depth the mechanism of 
ESG rating in reducing corporate carbon emissions [25]. To sum up, scholars have ob-
tained fruitful results on carbon emission measurements and influencing factors from dif-
ferent perspectives. 

2.3. Industrial Agglomeration and Carbon Emissions 
There have been various studies on the link between industrial agglomeration and 

carbon emissions. Yet, there is no uniform conclusion on the direction of industrial ag-
glomeration’s effects on carbon emissions. Some scholars believe that industrial agglom-
eration will only aggravate carbon emissions [26,27], while other scholars hold the oppo-
site view, suggesting that appropriate industrial agglomeration can reduce regional car-
bon emissions [28,29]. Nevertheless, most scholars agree on a nonlinear relationship be-
tween industrial agglomeration and carbon emissions. Li et al. based their study on pro-
vincial panel data and applied the dynamic panel model to reveal the inverse U-shaped 
tie between industrial agglomeration and carbon emission intensity. They point out that 
technological progress acts as the intermediary mechanism of industrial agglomeration 
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impacting carbon emission intensity [30]. Tian et al. believe that the clustering of manu-
facturing and service industries demonstrates a U-shaped impacting trajectory on carbon 
emission efficiency by propelling urban green progress, accompanied by the spatial spill-
over effect and geographical location diversity [31]. 

Clearly, current studies have not led to a consensus on the impacts of industrial ag-
glomeration on carbon emissions, and the impact mechanism of carbon emissions remains 
to be clarified. Specifically, most studies take provinces as the target samples, which ig-
nore the differences between prefecture-level cities within said provinces. This also ne-
glects regional heterogeneity in the relationship between industrial agglomeration and 
carbon emissions. To address this significant deficiency, this study selects 280 prefecture-
level cities in China as the sample and conducts heterogeneity analysis according to those 
cities’ geographical and development differences. In addition, most scholars take conven-
tional technological innovation as the transmissive mechanism between the two. How-
ever, not all technological innovations can play a role in pollution control. Compared with 
conventional technology innovation, green technology innovation with preference orien-
tation has more externalities of environmental governance and knowledge spillover. 
Therefore, this study takes green technology innovation and green talent agglomeration 
as the mediating variables to more accurately reveal the transmissive path of industrial 
agglomeration on urban carbon emissions. As such, this study enlarges the current under-
standing and knowledge on this topic and improves the quality and efficiency of the pol-
icy-making process in support of sustainable development. 

3. Theoretical Analysis 
3.1. Influence of Industrial Agglomeration on Urban Carbon Emissions 

In the field of economics, the Kuznets theory, introduced by Simon Kuznets during 
the 1950s, aimed to illustrate the dynamic interplay between income inequality and eco-
nomic growth. Subsequently, Grossman et al. adapted this concept to environmental sci-
ence, formulating the environmental Kuznets curve [32]. This curve suggests that envi-
ronmental pollution tends to escalate in the initial phases of economic development but 
begins to decline after surpassing a critical threshold, thereby exhibiting an inverted U-
shaped trajectory. Similarly, the relationship between industrial agglomeration and urban 
carbon emissions might also display a nonlinear pattern, where the inverted U-shape is 
primarily influenced by the specific characteristics associated with varying levels of ag-
glomeration. [33]. At the early stage of industrial agglomeration, on the one hand, the scale 
of the cluster gradually expands and leads to an increase in the total production capacity, 
which makes the urban carbon emissions increase significantly [34]. On the other hand, 
according to the pollution haven hypothesis (PHH) [35], at the early stage of industrial 
agglomeration, manufacturers pay more attention to the changes on the demand side, 
while the access standard of enterprises in the agglomeration area remains low [27]. 
Hence, most regions tend to rely on the improvement in supply quantity to achieve in-
dustrial development, while ignoring the quality of supply. This results in the lack of im-
plementation of environmental protection in the operation and management of most en-
terprises, culminating in various problems due to a high proportion of backward produc-
tion capacity [36]. 

With significant advancements in the level of industrial agglomeration, stricter su-
pervision of pollution concentrations has been implemented [37], effectively mitigating 
environmental risks associated with pollutant emissions and enabling regions to achieve 
benefits in energy conservation and emission reductions. Simultaneously, the enhance-
ment of industrial agglomeration facilitates a more rapid circulation of production factors, 
promotes their optimal allocation and enhances efficiency in the division of labor and col-
laborative processes [38]. The coopetition relationship of various agglomeration subjects 
drives knowledge spillover and innovation competition, while promoting the green mode 
of production [39,40]. For instance, the improvement in industrial agglomeration level has 
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gradually changed China’s path of dependence on traditional production, thus helping it 
achieve the goal of sustainable development [41]. In short, driven by multiple agglomer-
ation subjects, high-level industrial agglomeration can inhibit the increase in urban carbon 
emissions. 

Additionally, industrial agglomeration influences regional carbon emissions and 
transcends geographical boundaries, leading to spatial spillover effects on adjacent areas. 
In the initial phases of expansion, industrial agglomeration can result in overlapping car-
bon emissions across regions, transferring outdated and surplus capacity to neighboring 
areas, which in turn leads to a concentration of carbon emissions in those areas. [30]. With 
the improvement in industrial agglomeration level, it will trigger the “demonstration-
cum-imitation” effect in the surrounding areas, improve the original over-production 
mode of the surrounding cities, introduce a large number of green and clean technologies 
and achieve the continuous emission reduction [42]. Moreover, the improvement in in-
dustrial agglomeration level can also promote the sharing of high-quality production fac-
tors, form the factor base of low-carbon production, and achieve the goal of sustainable 
urban development. 

Based on the above theoretical review and conceptual foundation, this study puts 
forward Hypothesis 1: 

Hypothesis 1. Industrial agglomeration has an inverted U-shaped relationship with spatial spill-
over effect on urban carbon emissions. 

3.2. Analysis of the Influencing Mechanism of Industrial Agglomeration on Urban Carbon Emis-
sions 

Technological innovation plays an increasingly crucial role in the optimization of in-
dustrial structure. The heterogeneity of technological innovation preferences brought 
about by industrial development changes the impact path of production technology on 
the environment. When scientific research and innovation adhere to green orientation, it 
will inhibit the damage of production and business activities to environmental quality 
[43]. First, according to Marshall’s Principles of Economics and Perroux’s growth pole the-
ory on technological externalities of industrial agglomeration, industrial agglomeration 
can promote the diffusion of technology in the agglomeration area [38], realize the inter-
disciplinary integration of technologies in different fields and improve the capacity to ac-
quire key green technology information, thus promoting the output of green technology 
innovation [44]. This process provides technical support for urban sustainable develop-
ment. Second, Weber, in his theory of industrial location, argued that industrial agglom-
eration can reduce costs. After the improvement in industrial agglomeration level, pro-
duction costs can be saved through sharing infrastructure and other means, which can in 
turn drive enterprises’ green technology innovation, induce enterprises’ “innovation com-
pensation” and enhance enterprises’ low-carbon production and continuous emission re-
duction [45]. Third, according to Porter’s competitive advantage theory, the competition 
effect and learning effect formed by industrial agglomeration can effectively enhance re-
gional innovation ability and build regional competitive advantage [46]. Specifically, high-
tech industries with higher requirements for new energy technology, green products and 
green innovation resources have a more intense competitive ecology within their agglom-
eration areas. In addition, with the increase in similar enterprises in the cluster area, the 
limited space, market share and resources and the elevation of the industry entry thresh-
old will also increase the competitive pressure of these high-tech enterprises [47]. There-
fore, enterprises in the agglomeration area will continue to carry out green innovation to 
obtain competitive advantages, and this competition and demonstration effect will also 
promote other agglomeration areas in the adjacent region to adopt green innovation strat-
egies to improve their green innovation efficiency [48]. Then, in the mature stage of indus-
trial agglomeration, carbon emissions of cities and surrounding areas can be reduced. 

Based on the above analysis, this study puts forward Hypothesis 2: 
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Hypothesis 2. Industrial agglomeration can affect urban carbon emissions through green tech-
nology innovation. 

Industrial agglomeration reduces the cost of information search, creates a favorable 
innovative atmosphere for the region and attracts talents from related industries [49]. First 
of all, the new economic geography theory represented by Krugman’s “center-periphery” 
model holds that the cross-regional flow of human resources will make the centripetal 
force of resource concentration dominate in a certain region and form a central region 
dominated by the concentration of high-quality human resources [50]. The characteristics 
of the production network of industrial clusters can generate the accumulation of infor-
mation factors, form a reservoir of highly skilled labor and provide environmental pro-
tection and professional personnel support for enterprises’ sustainable development [51]. 
Second, Jacob’s externality theory also highlights the effect of industrial agglomeration on 
cross-industry and intra-industry knowledge spillover [45]. Industrial agglomeration pro-
motes the exchange of environmental protection technicians between heavy polluting en-
terprises and non-heavy polluting enterprises [52]. Environmental protection knowledge 
spillover between upstream and downstream enterprises can promote the low-carbon 
transformation of the industry. Finally, according to sustainable development theory, the 
effect of green talent accumulation brought about by industrial agglomeration can also 
improve the cultural and environmental literacy of residents in and around the cities 
where the agglomeration area is located [53]. The promotion of environmental protection 
concepts has made the public inclined to develop green living habits and cooperate to 
reduce urban carbon emissions. 

Based on the above analysis, this study puts forward Hypothesis 3: 

Hypothesis 3. Industrial agglomeration can affect urban carbon emissions through green talent 
agglomeration. 

Consistent with the proposed hypothesis, Figure 1 illustrates the conceptual model 
framework of this study. 

 
Figure 1. The conceptual model diagram of this research. 
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4. Materials and Methods 
4.1. Variable Selection and Data Sources 
4.1.1. Dependent Variable 

In this study, urban carbon emissions (CO2) are used as the explained variable and 
calculated by the IPCC method. According to the calculation method of Kena Mi et al. 
[29], when calculating the carbon emissions of each prefecture-level city, this study selects 
the consumption of 17 kinds of energy such as crude oil, liquefied petroleum gas and gas-
oline to calculate the carbon emissions of each city. The specific formula is as follows: 

i

17

1i
i2 CBCO ×=

=

 (1)

Among them, CO2 is carbon emissions. Bi is the consumption of the ith energy. Ci is 
the carbon emission coefficient of the ith energy. i is the number of energy types. 

4.1.2. Independent Variable 
Referring to the practice of Zhang et al. [26], this study uses the location entropy 

method to measure the industrial agglomeration level (Agg) of each city, and its calcula-
tion formula is as follows: 
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where Eij represents the output value of industry i in region j;  =
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1i ijE  represents the 

total output value of region j;  =
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1j ijE  represents the total output value of industry i; 


i

n

j ijE  represents the total national output value. 

4.1.3. Mediating Variable 
Green technology innovation (GTI). In the aspect of green technology innovation, 

most traditional studies take patents as the simple index. While the number of patents is 
valuable, it may not multidimensionally reflect the overall level of green technology inno-
vation in cities. In order to provide a more comprehensive view of green technology in-
novation, thus capturing both the number of innovations and their actual environmental 
benefits, this study refers to the practice of Liu et al. [54], and adopts the super-efficiency 
SBM model. By adding unwanted outputs to the model, the problem of slack and rank 
juxtaposition of input and output can be effectively solved. 
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In Formula (3), it is assumed that there are n DMUs, and each DMU is composed of 
input m, expected output and undesired output. x, yd, yu are the elements in the corre-
sponding input matrix, expected output matrix and undesired output matrix. r* is urban 
GTI. 

This study initially examines three categories of innovation input factors crucial for 
urban green innovation activities. These consist of: (1) Capital input, assessed by urban 
science and technology expenditures (ten thousand yuan), indicating the level of local 
government support for scientific and technological innovation [55]. (2) Labor input, eval-
uated by the workforce involved in water, urban environment and public services (ten 
thousand individuals) [56]. (3) Energy input, measured by total industrial energy con-
sumption (tons) [57]. Subsequently, this study identifies six output variables, comprising 
three expected and three unexpected outcomes. Among the expected outputs, economic 
output is gauged by the sales revenue of new green products (ten thousand yuan), which 
signifies the degree of commercialization of green innovation achievements. Technologi-
cal output, determined by the number of green patents granted (in pieces), refers to the 
classification in the Green List of International Patent Classifications’ issued by WIPO in 
2010. Ecological output is quantified by the green coverage rate of built-up areas (%), as 
per existing studies [58]. For unexpected outputs, metrics include emissions of industrial 
sulfur dioxide (tons), industrial wastewater (tons) and industrial solid waste (tons). 

Green talents agglomeration (STA). Referring to the way of measuring the agglomer-
ation degree of scientific and technological talents in the existing research [49], the ag-
glomeration degree of green talents is measured and used as the second mediating varia-
ble. 

TL/ST
TL/STSTA ii

i =  (4)

where STi represents the number of green talents in city i, and TLi represents the year-end 
population of city i; ST and TL denote the national number of green talents and the na-
tional year-end population, respectively. For the selection of indicators of green talents, 
according to the standard of industry classification of National Economy (GBT 4754-2011), 
this study selects the number of employees in urban units of research and experimental 
development, environment and public facilities management, science and technology pro-
motion and application service as the proxy variable of green skilled talents, and performs 
logarithmic processing. 

4.1.4. Controlled Variable 
Referring to the existing research, the regional economic development level [27], pop-

ulation [12], fixed asset investment [59], urban electricity consumption [29] and the num-
ber of industrial enterprises above the designated size are also the main influencing factors 
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of urban carbon emissions [60]. The above variables are selected as control variables in 
this study. Among them, per capita GDP is the ratio of urban GDP to the average popula-
tion of the region in the current year. The population size is the number of urban popula-
tion inhabitants at the end of the year. Investment in fixed assets is the measure of annual 
average net value of urban fixed assets. Urban electricity consumption is the annual elec-
tricity consumption of the city. The number of industrial enterprises above the designated 
size refers to the number of enterprises with a main business income of more than 20 mil-
lion yuan in the sample cities. 

Table 1 shows the measurement methods, units and reference sources of independent 
variables, dependent variables, mediating variable variables and control variables in de-
tail. 

Table 1. Measurement and origin of variables. 

Variable Implication Measurement Mode Unit Reference 

CO2 Carbon dioxide emissions IPCC method 
Ten thousand 

tons [29] 

Agg Industrial agglomeration level Location entropy method —— [26] 

pop Urban population Urban population at the end of the 
year 

Thousands of 
people 

[12] 

rgdp Per capita GDP GDP/urban population Yuan per person [27] 

scal Investment in fixed assets 
Average annual net value of urban 

fixed assets 
Ten thousand 

yuan [59] 

ele Urban electricity consumption The urban’s total annual electricity 
consumption 

Ten thousand kil-
owatt–hours 

[29] 

enter 
Number of industrial enterprises above 

designated size 

The number of enterprises in the city 
whose main business income exceeds 

20 million yuan 
Pieces [60] 

GTI Green technology innovation Super-efficiency SBM model —— [54] 
STA Green talents agglomeration Location entropy method —— [49] 

4.1.5. Data Sources 
This study selects the panel data of 280 prefecture-level cities in China from 2009 to 

2021 (excluding Hong Kong, Macao and Taiwan) as the research sample. The relevant data 
mainly come from the China Statistical Yearbook, China Statistical Yearbook on Environment, 
China Statistical Yearbook on Cities, China Statistical Yearbook on Energy and China Statistical 
Yearbook on Population and Employment over the years, as well as the statistical yearbooks 
and statistical bulletins of relevant prefecture-level cities. Missing data were completed by 
moving average method and linear interpolation method. In addition, considering the 
unification of data dimensions and the reduction in heteroscedasticity, the logarithm and 
winsorization of urban carbon emissions and control variables are carried out. Before the 
empirical analysis, the IPS and LLC methods are used to conduct the unit root test on the 
panel data. Through further cointegration analysis, all statistics pass the test at the signif-
icance level of 5%, and it can be judged that there is a long-term stable equilibrium rela-
tionship among the industrial agglomeration level, urban carbon emissions and each con-
trol variable. Table 2 displays descriptive statistics for each variable index value in this 
study. 

Table 2. Descriptive statistics of the variables. 

Variable Observations Mean Std.Dev. Min Max 
CO2 3640 8.059 0.537 6.391 11.316 
Agg 3640 0.518 0.176 0.075 3.898 
pop 3640 5.912 0.663 3.400 8.136 
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rgdp 3640 10.657 0.626 4.595 13.055 
scal 3640 16.282 0.985 9.773 19.401 
ele 3640 13.143 1.314 6.536 17.034 

enter 3640 5.526 1.264 0 9.475 
GTI 3640 0.215 0.048 0.005 2.941 
STA 3640 0.611 0.487 0.103 3.177 

4.2. Spatial Autocorrelation Test 
Before studying the spatial effect of industrial agglomeration on carbon emissions, 

Moran’s I should be used to test the spatial autocorrelation of the research objects. Among 
them, the global Moran’s I can reflect the overall spatial autocorrelation of variables, while 
the local Moran’s I measures the agglomeration characteristics of different individuals of 
variables. The global Moran’s I can be calculated as follows: 
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= represent the variable value of the 

i city and the j city and the variance of the variable value. wij is the element in the spatial 
weight matrix. Selecting an appropriate spatial weight matrix is the premise and key to 
accurately evaluate the spatial effect of industrial agglomeration on urban carbon emis-
sions. Since geographically adjacent cities have similar resource endowments, the spillo-
ver effect of environmental pollution and low-carbon technology may be more significant. 
Firstly, the spatial weight matrix of geographical distance (W1) is established, and the con-
struction formula is as follows: 
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In Equation (7), element dij of W1 represents the nearest surface distance between the 
center point of cities i and j. In addition, the industrial structure of cities will exhibit simi-
larities when their economic growth trajectories align. Therefore, the spatial weight matrix 
of economic distance (W2) is constructed, and the formula is as follows: 
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In Equation (8), element iy and jy represent the annual per capita GDP of i city and 
j city, respectively. However, considering that the spatial weight matrix of geographical 
distance (W1) cannot fully include economic development factors, and the economic dis-
tance weight matrix (W2) is prone to endogenous problems, this study further constructs 
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and finally uses the geographic economy nested spatial matrix (W3). In this way, it not 
only considers the geographical distance between cities, but also incorporates the radia-
tion effect among different economic zones, thereby providing a more comprehensive re-
flection of the spatial correlation of cities, as follows: 

( ) 213 W-1WW φ+φ=  (9)

In Equation (9), the value of φ  ranges from 0 to 1. Referring to the practice of Yang 
et al. [61], the value of φ  is 0.5, indicating that the proportion of economic weight matrix 
and geographical weight matrix is 50%, respectively. 

The global Moran’s I and Geary’s C for urban industrial agglomeration and carbon 
emissions are derived from the nested matrix of economic geography (W3). As demon-
strated in Table 3, these indicators for industrial agglomeration and urban carbon emis-
sions are significant at the 1% level, indicating a notable spatial correlation between them. 
Hence, employing a spatial econometric model for analysis is justified. 

Table 3. Moran’s I and Geary’s C statistics of China’s industrial agglomeration and carbon emissions 
from 2009 to 2021. 

Year Industrial Agglomeration 
Moran’s I 

Industrial Agglomeration 
Geary’s C 

Carbon Emissions 
Moran’s I 

Carbon Emissions 
Geary’s C 

2009 0.456 *** 0.536 *** 0.358 *** 0.661 *** 
2010 0.462 *** 0.515 *** 0.356 *** 0.686 *** 
2011 0.439 *** 0.522 *** 0.358 *** 0.683 *** 
2012 0.429 *** 0.566 *** 0.359 *** 0.682 *** 
2013 0.420 *** 0.555 *** 0.364 *** 0.677 *** 
2014 0.428 *** 0.557 *** 0.324 *** 0.689 *** 
2015 0.441 *** 0.537 *** 0.366 *** 0.676 *** 
2016 0.486 *** 0.487 *** 0.373 *** 0.669 *** 
2017 0.475 *** 0.506 *** 0.378 *** 0.670 *** 
2018 0.499 *** 0.480 *** 0.370 *** 0.673 *** 
2019 0.516 *** 0.461 *** 0.361 *** 0.679 *** 
2020 0.518 *** 0.460 *** 0.333 *** 0.692 *** 
2021 0.509 *** 0.473 *** 0.303 *** 0.706 *** 

Note: *** indicates statistical significance at 1% level. 

In order to further illustrate the spatial agglomeration relationship between indus-
trial agglomeration level and carbon emissions among cities, this study draws Moran scat-
ter plot of industrial agglomeration level and carbon emissions at three time nodes in 2009, 
2015 and 2021. As shown in Figure 2, from 2009 to 2021, the number of cities with the 
industrial agglomeration level of “high-high” or “low-low” increased slightly, and some 
cities with the industrial agglomeration level of “low-low” had a trend of transformation 
to “high-high.” In other words, the regions with a high level of urban industrial agglom-
eration tend to have a high level of industrial agglomeration in their adjacent cities, and 
the overall positive correlation of industrial agglomeration space is improved. From 2009 
to 2021, the number of cities with “high-high” carbon emissions shows a decreasing trend, 
and gradually shifts to the “low-low” type in the third quadrant. This shows that the ag-
glomeration pollution of urban carbon emissions has been alleviated. The spatial correla-
tion between industrial agglomeration level and carbon emissions is verified again. 
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Figure 2. Scatter plot of Moran index of industrial agglomeration and carbon emissions (2009, 2015, 
2021). 

4.3. Model Selectivity Test 
There are three considerations when selecting spatial econometric models: first, de-

termining whether the spatial Durbin model can simplify into either a spatial error model 
or a spatial lag model; second, choosing between fixed and random effects; and third, as-
sessing whether panel data necessitate dual-fixed effects over time and space. In this 
study, the LM test, Hausman test and joint significance test are employed to evaluate these 
factors and identify the most suitable spatial econometric model. As depicted in Table 4, 
all statistical p-values from the four LM tests are below 0.01. Consequently, the hypothesis 
that the spatial Durbin model can simplify into a spatial lag or error model is rejected, 
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suggesting that the spatial Durbin model is the most appropriate choice for the empirical 
analysis conducted in this study. 

Table 4. Model selection test. 

Inspection Method Statistic p-Value 
LM inspection—Spatial lag 219.348 *** 0.000 

Robust LM inspection—Spatial lag 54.100 *** 0.000 
LM inspection—Spatial error 876.211 *** 0.000 

Robust LM inspection—Spatial error 710.964 *** 0.000 
Note: *** indicates statistical significance at 1% level. 

After the LM test initially determines the spatial Durbin model, this study further 
tests the robustness and specific form selection of the model. The p-value of the Wald test 
and LR test in Table 5 is less than 0.01, which indicates that the hypothesis that the SDM 
model degenerates into the SLM or SEM model is rejected at the 1% level, again verifying 
the robustness of selecting the SDM model. The Hausman test p-value less than 0.01 indi-
cates that the random effect model is rejected, and the specific form of fixed effect needs 
to be further selected. The corresponding p-values of the LR statistics of the individual 
fixed effect and the LR statistics of the time fixed effect are both less than 0.01, so the hy-
pothesis that the two fixed effects do not exist is rejected. 

Table 5. SDM model robustness and specific form tests. 

Inspection Method Statistic p-Value 
Wald inspection—Spatial lag 33.29 *** 0.000 
Wald inspection—Error lag 74.61 *** 0.000 

LR inspection—Spatial error 70.32 *** 0.000 
LR inspection—Error error 3237.93 *** 0.000 

Hausman test 498.50 0.000 
LR Individual fixed effects test 57.55 *** 0.000 

LR Time fixed effects test 95.24 *** 0.000 
Note: *** indicates statistical significance at 1% level. 

4.4. Model Design 
4.4.1. Benchmark Regression Model 

The model of the impact of industrial agglomeration on urban carbon emissions con-
structed in this study is as follows: 

itti
n

1i itijit
n
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itij2

n

1i
2
it2itij1it1

n

1i 2ij002

ControlWControlAggW

AggAggWAggCOWCO
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+β+γ+β+ρ+α=
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==

==  (10)

where i represents the city and t represents the year. Controls represents a set of control 
variables. itε  is the error term. itW represents the spatial weight matrix. iδ  is the indi-

vidual-fixed effect. tθ   represents time-fixed effects. 0α   represents the constant term. 

1β , 2β  and σ  are the coefficients to be estimated. 0ρ , 1γ , 2γ  and τ  are the spatial 
effect coefficients of the explained, explanatory and control variables, respectively. The 
other parameters have the same meaning as the general model above. 

4.4.2. Mediating Effect Model 
In order to investigate the influence mechanism of industrial agglomeration on urban 

carbon emissions, in this study, the spatial Durbin model is combined with the three-step 
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method of mediating effect to carry out stepwise regression. On the basis of Equation (10), 
the mediating effect model is as follows: 

In the first stage, we examine the effects of industrial agglomeration on potential me-
diating variables as follows: 

                  itti
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In the second stage, we examine the effects of mediating variables on urban carbon 
emissions through the following formula: 
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On the premise that both η and ξ  are significant, continue to compare the regres-
sion coefficients of Equations (12) and (10). If both ψ  and ω  are significant and lower 
than β  and γ  in Equation (10), it indicates that there is a partial mediating effect. If 1ψ
, 2ψ , 1ω  and 2ω  are not significant but 3ψ  and 3ω  are significant, it indicates that 
there is a complete mediating effect. 

5. Empirical Analysis 
5.1. The Baseline Regression Result 

Although it has been proved that the SDM model is more suitable for empirical re-
search, this study still presents the results of the OLS model, SLM model and SEM model 
to play an auxiliary role in the benchmark regression analysis. The results are shown in 
Table 6. 

Table 6. Model regression results. 

Variable OLS SLM SEM SDM 
Agg 0.980 *** (0.011) 0.924 *** (0.013) 0.971 *** (0.011) 0.974 *** (0.014) 
Agg2 −0.847 *** (0.010) −0.799 *** (0.011) −0.839 *** (0.010) −0.787 *** (0.012) 
pop −3.416 *** (0.040) −3.222 *** (0.044) −3.388 *** (0.039) −3.218 *** (0.050) 
rgdp 1.625 *** (0.020) 1.531 *** (0.022) 1.608 *** (0.020) 1.497 *** (0.024) 
scal −0.001 (0.004) −0.000 (0.003) 0.001 (0.003) −0.000 (0.006) 
ele 0.151 *** (0.025) 0.136 *** (0.023) 0.151 *** (0.025) 0.167 *** (0.033) 

enter 1.394 *** (0.138) 1.351 *** (0.126) 1.430 *** (0.138) 1.958 *** (0.213) 
W × Agg    0.116 ** (0.058) 
W × Agg2    −0.114 ** (0.051) 
W × pop    −0.288 (0.205) 
W × rgdp    0.263 *** (0.099) 
W × scal    −0.005 (0.026) 
W × ele    0.115 (0.077) 

W × enter    −0.988 *** (0.383) 
constant 8.379 *** (0.922)    

Ind-fixed effect YES YES YES YES 
Time-fixed effect YES YES YES YES 

ρ (λ )  0.183 *** (0.024) 0.175 *** (0.042) 0.124 *** (0.043) 
Sigma  0.146 *** (0.003) 0.148 *** (0.004) 0.148 *** (0.004) 

R2 0.794 0.230 0.824 0.250 
N 3640 3640 3640 3640 
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Note: ** and *** indicate statistical significance at 5% and 1% levels, respectively. 

The empirical results reveal that industrial agglomeration’s effect on urban carbon 
emissions is significant at the 1% level, with a positive coefficient for the primary term and 
a negative one for the quadratic term. This indicates a non-linear, inverted U-shaped rela-
tionship. Additionally, the spatial spillover effects of both terms on urban carbon emis-
sions are significant at the 5% level, further supporting the inverted U-shaped pattern. 
These findings align with the conclusions of [30]. At the same time, this conclusion con-
tradicts a series of studies that support the view of environmental degradation [8,9] or 
environmental improvement [10,11], which suggest that industrial agglomeration has a 
single linear effect on urban carbon emissions. The results show that low industrial ag-
glomeration has a significant spatial spillover effect while increasing local carbon emis-
sions. With the improvement in industrial agglomeration level, it gradually promotes the 
reduction in carbon emissions in the region and neighboring cities. This result proves Hy-
pothesis 1. The economic significance of this conclusion may lie in the fact that, in the early 
stage of industrial agglomeration, a large number of enterprises poured into the agglom-
eration area, many of which were traditional manufacturing industries with high energy 
consumption and high emissions. This rapid economic growth and urbanization process 
has led to a rapid rise in energy demand, increasing carbon emissions. As the economy of 
the agglomeration area matures, enterprises turn to low-carbon and green technologies, 
improving energy efficiency and reducing carbon emissions per unit of output. Moreover, 
environmental policies have become more stringent, using market instruments (carbon 
trading) and administrative measures (emission standard setting) to encourage enter-
prises in the cluster to adopt more environmentally friendly production methods. Ag-
glomeration and neighboring regions often achieve coordinated emission reductions 
through regional cooperation policies, thus achieving an overall reduction in emissions 
on a wider geographical scale. 

5.2. Spatial Matrix Sensitivity Analysis Results 
This study conducts a sensitivity analysis of the spatial matrix to validate the scien-

tific and rational application of spatial econometric regression analysis using an economic 
geographic weight matrix. The procedure involves employing the spatial Durbin model 
to perform regressions with a geographical distance matrix (W1) and an economic distance 
matrix (W2) individually. The results are then compared with those obtained using the 
economic geography nested matrix (W3). The findings from the sensitivity analysis of the 
spatial matrix are presented in Table 7. 

Table 7. Sensitivity analysis of spatial matrix selection. 

Variable W1 W2 W3 
Agg 0.977 *** (0.012) 1.489 *** (0.537) 0.974 *** (0.014) 
Agg2 −0.831 *** (0.008) −0.821 * (0.429) −0.787 *** (0.012) 
pop −3.353 *** (0.039) 0.009 (0.019) −3.218 *** (0.050) 
rgdp 1.592 *** (0.020) −0.039 *** (0.014) 1.497 *** (0.024) 
scal 0.001 (0.004) −0.0012 (0.013) −0.000 (0.006) 
ele 0.153 *** (0.025) 0.345 *** (0.068) 0.167 *** (0.033) 

enter 1.677 *** (0.138) 0.407 (0.389) 1.958 *** (0.213) 
W × Agg 0.513 ** (0.143) 0.592 *** (0.104) 0.116 ** (0.058) 
W × Agg2 −0.498 *** (0.051) −0.195 ** (0.075) −0.114 ** (0.051) 
W × pop −1.795 (0.510) 0.001 (0.028) −0.288 (0.205) 
W × rgdp 1.089 *** (0.244) −0.014 (0.027) 0.263 *** (0.099) 
W × scal 0.038 (0.050) 0.032 (0.034) −0.005 (0.026) 
W × ele −0.892 ** (0.375) 0.171 (0.132) 0.115 (0.077) 

W × enter 1.677 *** (0.138) 0.372 (0.709) −0.988 *** (0.383) 
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Ind-fixed effect YES YES YES 
Time-fixed effect YES YES YES 

ρ (λ ) 0.173 *** (0.024) 0.175 *** (0.042) 0.124 *** (0.043) 
Sigma 0.156 *** (0.003) 0.148 *** (0.004) 0.148 *** (0.004) 

R2 0.173 0.124 0.250 
N 3640 3640 3640 

Note: *, ** and *** indicate statistical significance at 10%, 5% and 1% levels, respectively. 

The sensitivity analysis results indicate significant regression coefficients and spatial 
spillover effects of industrial agglomeration when applying the geographic matrix (W1) 
and economic distance matrix (W2). However, the R2 values for regressions using the ge-
ographic distance matrix (W1) and economic distance matrix (W2) are lower compared to 
those using the economic geographic nested weight matrix (W3). This shows that the 
goodness of fit of the model is higher when the economic geographic weight matrix is 
used for regression. It can be proved that it is reasonable to choose economic geographical 
weight matrix as the matrix of spatial econometric model in this study. 

5.3. Spatial Effect Decomposition 
In order to further reveal the direct impact and spillover effects of industrial agglom-

eration on urban carbon emissions, this study further decomposed the spatial effects of 
the SDM model with the partial differential method, and demonstrated the direct, indirect 
and overall effects of the SDM model. The direct effect represents the influence of various 
influencing factors on carbon emissions in the region, and the indirect effect represents 
the influence of regional influencing factors on carbon emissions in neighboring regions. 
The total effect is the sum of the two, representing the overall impact of the factors in the 
region on carbon emissions in all regions. The decomposition results are shown in Table 
8. 

Table 8. Spatial effect decomposition results. 

Variable Direct Effect Indirect Effect Total Effect 
Agg 0.992 *** (0.011) 0.100 *** (0.016) 1.092 *** (0.020) 
Agg2 −0.857 *** (0.009) −0.087 *** (0.014) −0.944 *** (0.018) 
pop −3.469 *** (0.039) −0.387 *** (0.057) −3.856 *** (0.069) 
rgdp 1.639 *** (0.019) 0.119 *** (0.029) 1.758 *** (0.036) 
scal 0.002 (0.004) 0.004 (0.010) 0.006 (0.012) 
ele 0.140 *** (0.025) 0.069 * (0.041) 0.209 *** (0.053) 

enter 1.650 *** (0.132) 0.820 *** (0.216) 2.470 *** (0.249) 
Note: * and *** indicate statistical significance at 10% and 1% levels, respectively. 

Analyzing the decomposition of the spatial spillover effect reveals that both the direct 
and indirect effects, as well as the total impact of industrial agglomeration’s primary and 
quadratic terms, exhibit consistent signs: positive for the primary term and negative for 
the quadratic term. The significance test confirms that industrial agglomeration’s impact 
on urban carbon emissions—locally, in neighboring areas and across all regions—follows 
an inverted U-shaped trajectory, initially enhancing emissions before subsequently reduc-
ing them. This indicates a pronounced spatial spillover effect. During the initial phases of 
industrial agglomeration, the concentration level is modest, primarily attracting low-end 
industries characterized by high energy consumption and pollution, thereby elevating ur-
ban carbon emissions and worsening environmental conditions in nearby cities. This pat-
tern aligns with the prevalent developmental concept of prioritizing economic growth 
over environmental protection, with remediation postponed. As industrial agglomeration 
intensifies, competition spurs technological innovation within firms, leading to enhanced 



Sustainability 2024, 16, 10270 17 of 28 
 

resource efficiency and a decline in carbon emissions per unit of output. Moreover, the 
high concentration of interconnected enterprises facilitates collaborative pollution man-
agement, lowering associated costs. At this juncture, the beneficial externalities of indus-
trial agglomeration on carbon emissions underscore a significant spatial spillover effect, 
contributing to an overall decrease in emissions. This evidence supports the validity of 
Hypothesis 1. 

5.4. Robustness Test Result 
In order to validate the scientific rigor and logical soundness of the empirical findings 

mentioned above, this study undertakes the following robustness checks: first, the eco-
nomic geography nested matrix(W1×W2) is replaced by the economic geography weight 
matrix. Second, referring to the practice of Yan et al. [62], the nearest railway mileage be-
tween cities is used to replace the surface distance between cities, and a new nested matrix 
of economic geography is constructed. The construction steps are consistent with the spa-
tial nested matrix. Thirdly, we refer to the range emission method of Cong et al. [63] to 
calculate urban carbon emissions to replace the explained variable. Lastly, this study re-
fers to the practice of Yang et al. [64], replacing the calculation method of the independent 
variable. The number of urban employment (10,000 people) is divided by the administra-
tive area (square kilometers), instead of the location entropy method to estimate the level 
of industrial agglomeration. We employed the same spatial Durbin model to evaluate the 
four strategies discussed earlier, with detailed results from the robustness tests presented 
in Table 9. 

Table 9. Robustness test results. 

Variable Economic Geography 
Weight Matrix 

The Reconstructed 
Nested Matrix of Eco-

nomic Geography 

Replace the Dependent 
Variable 

Replace the Independent 
Variable 

Agg 1.113 *** (0.012) 0.969 *** (0.009) 1.491 *** (0.536) 1.003 *** (0.013) 
Agg2 −0.891 *** (0.011) −0.837 *** (0.010) −0.721 * (0.377) −0.863 *** (0.011) 
pop −3.623 *** (0.044) −3.379 *** (0.040) 0.009 (0.019) −3.493 *** (0.046) 
rgdp 1.685 *** (0.022) 1.611 *** (0.019) −0.039 *** (0.014) 1.636 *** (0.023) 
scal 0.003 (0.004) 0.003 (0.002) −0.001 (0.013) 0.002 (0.004) 
ele 0.113 *** (0.025) 0.156 *** (0.025) 0.345 *** (0.068) 0.146 *** (0.025) 

enter 1.976 *** (0.166) 1.379 *** (0.145) 0.407 (0.389) 1.586 *** (0.174) 
W × Agg 0.252 *** (0.028) 0.115 *** (0.040) 0.581 *** (0.104) 0.165 *** (0.031) 
W × Agg2 −0.218 *** (0.024) −0.097 *** (0.035) −0.194 ** (0.075) −0.142 *** (0.026) 
W × pop −0.932 *** (0.097) −0.398 *** (0.143) 0.001 (0.028) 0.596 *** (0.106) 
W × rgdp 0.359 *** (0.049) 0.179 ** (0.071) −0.014 (0.027) −0.219 *** (0.052) 
W × scal −0.005 (0.012) 0.009 (0.011) 0.032 (0.034) 0.004 (0.011) 
W × ele −0.071 (0.049) −0.132 (0.089) 0.153 (0.135) 0.094 * (0.048) 

W × enter 1.245 *** (0.276) 0.146 (0.296) 0.412 (0.709) −1.152 *** (0.268) 
Ind-fixed effect YES YES YES YES 

Time-fixed effect YES YES YES YES 
ρ (λ ) 0.125 *** (0.020) 0.067 * (0.034) 0.107 *** (0.023) 0.060 *** (0.022) 

Sigma 0.142 *** (0.004) 0.160 *** (0.038) 0.314 *** (0.012) 0.135 *** (0.004) 
R2 0.825 0.804 0.157 0.817 
N 3640 3640 3640 3640 

Note: *, ** and *** indicate statistical significance at 10%, 5% and 1% levels, respectively. 

Regardless of whether the matrix or the core variable is altered, the inverted U-
shaped effect of industrial agglomeration on urban carbon emissions remains consistent, 
with minimal variation. This stability further validates the scientific basis for using the 
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spatial Durbin model in our estimations, as well as the rationale behind the inverted U-
shaped impact observed. 

5.5. Endogeneity Test 
Urban carbon emissions could negatively influence the development trajectory of in-

dustrial agglomeration. The presence of bidirectional causality may result in endogeneity 
issues. To address the endogeneity arising from omitted variables and reverse causality, 
the instrumental variable approach (2SLS) was employed for testing. In regression models 
that include endogenous variables and their quadratic terms, it is common practice to con-
duct instrumental variable tests using one instrumental variable and its quadratic term. 
This study considers that optimizing the business environment promotes the facilitation 
of various industries and drives the development of industrial agglomeration. But the 
quality of the business environment does not have a direct impact on urban emissions. 
This study innovatively selects the business environment index (envir) and its quadratic 
term (envir2) of prefecture-level cities as instrumental variables. The specific measurement 
method of the index refers to the research of Yang et al. [65]. The test results are shown in 
Table 10. 

Table 10. Endogeneity test. 

Variables 
The First Stage The Second Stage 

(1) envir (2) envir2 (3) CO2 
Agg 0.231 *** (0.019) 0.260 *** (0.022) 1.066 *** (0.075) 
Agg2 0.027 *** (0.002) 0.031 *** (0.003) −0.919 *** (0.065) 

Control YES YES YES 
Ind-fixed effect YES YES YES 

Time-fixed effect YES YES YES 
N 3640 3640 3640 
R2 0.591 0.566 0.845 
F 748.01 *** 674.89 *** 989.85 *** 

Unidentifiable test   63.724 *** 
Weak instrumental variable test   32.351 *** 

Note: *** indicates statistical significance at 1% level. 

Columns (1)–(2) show that endogenous variables have a significant impact on instru-
mental variables in the first-stage estimation. The results of column (3) show that the in-
strumental variable passes the unidentifiable test and weak instrumental variable test. The 
2SLS method is used for estimation. The impact of the primary term and the secondary 
term of the industrial agglomeration level on carbon emissions is still significant and ba-
sically consistent with the benchmark regression results. 

5.6. Mediating Effect Test 
Green technology innovation and green talent agglomeration are used as mediating 

variables for further regression. The regression results are shown in Table 11. 

Table 11. Regression results of the mediation model. 

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

GTI Carbon Emission STA Carbon Emission 
Agg −0.084 *** (0.002) 1.035 *** (0.012) −0.021 *** (0.002) 0.865 *** (0.013) 
Agg2 0.066 *** (0.014) −0.884 *** (0.011) 0.037 *** (0.003) −0.763 *** (0.011) 
GTI  −0.044 *** (0.015)   
STA    −0.037 ** (0.017) 
pop −0.303 *** (0.057) −3.638 *** (0.044) 0.018 (0.013) −3.492 *** (0.047) 



Sustainability 2024, 16, 10270 19 of 28 
 

rgdp 0.179 *** (0.029) 1.694 *** (0.022) −0.005 (0.010) 1.635 *** (0.024) 
scal −0.016 *** (0.006) −0.003 (0.004) 0.016 ** (0.008) −0.007 (0.007) 
ele −0.058 * (0.033) 0.110 *** (0.025) 0.152 *** (0.043) 0.292 *** (0.036) 

enter 1.470 *** (0.218) 2.043 *** (0.168) 0.566 ** (0.243) 2.197 *** (0.202) 
W ×Agg −0.021 * (0.011) 0.247 *** (0.028) −0.011 *** (0.004) 0.085 *** (0.030) 

W × Agg2 0.023 * (0.013) −0.212 *** (0.024) 0.097 ** (0.024) −0.069 * (0.035) 
W × GTI  −0.210 *** (0.026)   
W × STA    −0.161 *** (0.034) 
W × pop 0.682 *** (0.103) 0.947 *** (0.098) −0.036 * (0.020) −0.688 *** (0.104) 
W × rgdp −0.037 (0.052) −0.367 *** (0.049) −0.021 (0.019) 0.277 *** (0.052) 
W × scal −0.028 * (0.016) 0.004 (0.012) 0.010 (0.021) −0.023 (0.018) 
W × ele −0.097 (0.065) 0.071 (0.050) 0.163 * (0.084) −0.060 (0.070) 

W × enter −0.086 (0.364) −1.287 *** (0.279) 0.208 (0.447) 0.702 * (0.372) 
Ind-fixed effect YES YES YES YES 

Time-fixed effect YES YES YES YES 
ρ (λ ) 0.128 *** (0.025) 0.127 *** (0.019) 0.145 *** (0.032) 0.148 *** (0.021) 

Sigma 0.245 *** (0.006) 0.142 *** (0.004) 0.167 *** (0.005) 0.114 *** (0.003) 
R2 0.497 0.823 0.293 0.766 
N 3640 3640 3640 3640 

Note: *, ** and *** indicates statistical significance at 10%, 5% and 1% levels, respectively. 

First, we need to examine the effect of the independent variable on the intermediary 
variable. In columns (1) and (3), the influence coefficients of the primary term and the 
quadratic term of the industrial agglomeration level on the number of urban green inno-
vation efficiency and the agglomeration degree of urban green talents are both significant 
and have spatial spillover effect. In an economic sense, in the early stage of industrial ag-
glomeration, enterprises in the agglomeration area usually compete for limited resources. 
In addition, this competitive environment can lead to under-appreciated needs for envi-
ronmentally friendly talent, as companies focus more on short-term economic benefits and 
market share than on long-term sustainability goals. In this case, environmentally friendly 
talents may choose to leave or be reluctant to enter the area due to the lack of suitable 
employment opportunities, resulting in a lower degree of talent concentration. In the later 
stage of agglomeration, the government may pay more attention to environmental protec-
tion, propose stricter environmental standards and encourage enterprises to carry out 
green transformation, thus further promoting green innovation in the region and sur-
rounding areas. Moreover, with the implementation of environmental policies in various 
regions, enterprises in the cluster area have gradually realized the importance of environ-
mentally friendly talents in sustainable development. Enterprises, scientific research insti-
tutions and government departments in various regions may establish cooperative rela-
tionships to jointly conduct environmental technology research and development and 
personnel training. With the formation of this cooperation network, the demand and at-
tractiveness of environmentally friendly talents has increased significantly, further pro-
moting the concentration of talents in the region and surrounding areas. Next, the inde-
pendent variable and the mediating variable are included in the model, and the dependent 
variable is regressed. The coefficients for the primary term of industrial agglomeration in 
columns (2) and (4) remain significantly positive, while those for the quadratic term are 
significantly negative, confirming the original inverted U-shaped hypothesis and indicat-
ing spatial spillover effects. Integrating mediating variables into the regression model re-
veals that both green technology innovation and green talent agglomeration significantly 
inhibit urban carbon emissions and exhibit spatial spillover. These findings demonstrate 
that these green factors substantially lower urban carbon emissions locally and in neigh-
boring areas. A comparison of regression coefficients reveals that, in columns (2) and (4) 
of Table 11, the absolute values of coefficients for both primary and quadratic terms of 
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industrial agglomeration are less than those in Table 6, indicating a partial mediating ef-
fect of the tested variables. Thus, the results suggest that the inverted U-shaped impact of 
industrial agglomeration on urban carbon emissions is partially mediated by urban green 
technology innovation and green talent agglomeration. In the early stage of industrial ag-
glomeration, carbon emissions rose due to the high intensity of energy consumption and 
the inability of infrastructure to meet the needs of rapid development. However, with the 
introduction and development of green innovation and green talents, the growth rate of 
carbon emissions is gradually slowed down in the middle stage, and carbon emissions are 
significantly reduced in the later stage, forming an inverted U-shaped trend. This process 
is not only dependent on technological progress and talent leadership, but also closely 
related to the government’s tax relief, innovation incentive policy guidance and the active 
transformation of enterprises in the cluster area. Hypotheses 2 and 3 are verified. 

5.7. Analysis of Heterogeneity 
(1) Heterogeneity tests based on geographic region. The terrain of our country pre-

sents the features of a ladder. Geographical differences may lead to certain differences in 
the policy orientation, resource endowment and industrial structure of different cities. 
Under the condition of economic geography nested matrix (W3), this study conducts re-
gression according to the eastern, central and western regions. The results are shown in 
Table 12. 

Table 12. Geographical heterogeneity test. 

Variable East Middle West 
Agg 0.936 *** (0.018) 0.697 *** (0.014) 0.122 (0.184) 
Agg2 −0.800 *** (0.016) −0.489 *** (0.010) −0.106 (0.161) 
pop −3.277 *** (0.063) −0.034 ** (0.125) 0.417 (0.673) 
rgdp 1.539 *** (0.033) −0.562 *** (0.095) 0.417 *** (0.067) 
scal 0.154 ** (0.069) −0.059 (0.079) 0.002 (0.003) 
ele 0.201 *** (0.064) 0.034 (0.070) 0.088 *** (0.024) 

enter 1.588 *** (0.234) −0.565 *** (0.207) −0.736 (0.943) 
W × Agg 0.285 *** (0.070) 0.800 *** (0.224) 0.067 (0.115) 
W × Agg2 −0.069 (0.060) −0.500 *** (0.163) 0.049 (0.099) 
W × pop 0.305 *** (0.024) −0.616 *** (0.200) 0.555 (0.388) 
W × rgdp −0.945 *** (0.122) −4.982 *** (1.243) −0.0944 (0.184) 
W × scal 0.125 (0.201) 0.069 (0.424) −0.001 (0.006) 
W × ele 0.100 (0.156) −0.922 ** (0.451) 0.249 *** (0.084) 

W × enter −0.586 (0.464) −1.290 (2.900) 2.862 (2.631) 
Ind-fixed effect YES YES YES 

Time-fixed effect YES YES YES 
ρ (λ ) 0.571 *** (0.049) 1.191 *** (0.267) 0.037 (0.063) 

Sigma 0.303 *** (0.012) 0.296 *** (0.013) 0.077 *** (0.004) 
R2 0.661 0.354 0.190 
N 1300 1300 1040 

Note: ** and *** indicate statistical significance at 5% and 1% levels, respectively. 

In both the eastern and central regions, the coefficients for the primary and quadratic 
terms of industrial agglomeration level are significant at the 1% level concerning urban 
carbon emissions. However, the spatial spillover effect of the quadratic term in the eastern 
region is not significant. This indicates that, as industrial agglomeration advances in the 
eastern region, it continues to contribute to rising carbon emissions in neighboring areas. 
The government has adopted preferential policies for the eastern region to encourage in-
vestment by enterprises of all parties, attracting a large amount of capital. However, due 
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to the lack of perfect environmental compensation mechanism, the environmental im-
provement in the eastern region is not as strong as that of the central region [66]. The 
spatial spillover effects of industrial agglomeration in the central region on urban carbon 
emissions are all significant at the significance level of 1%. The inverted “U” shape as-
sumption is satisfied. This shows that factors such as the industrial nature in the central 
region lead to the spatial spillover of carbon emissions in the early stage of industrial ag-
glomeration in the central region. With the improvement in industrial agglomeration 
level, the efficiency of factor allocation within clusters in the central region has improved. 
It has a technology spillover effect on the surrounding cities. Therefore, the surrounding 
cities are promoted to reduce carbon emissions. Whether it is the local effect or the spatial 
spillover effect, the regression coefficient of industrial agglomeration in western cities is 
not significant. This is consistent with the conclusions of Yuan et al. [67]. This result may 
be due to the following reasons. On one hand, the western region is complex and far from 
trading ports. As a result, most enterprises do not choose to invest and build factories 
there, which makes the industrial agglomeration scale in the western region far smaller 
than that in the central and eastern regions, and does not have a profound impact on urban 
carbon emissions. On the other hand, the gap between the economic base of western cities 
is too large. For example, most cities in Xinjiang, Qinghai and Gansu are quite different 
from Chengdu and Chongqing. As a result, there are also large differences in the produc-
tion mode and scientific and technological level of cities, and the concept of green devel-
opment will also be different. They choose different ways to deal with pollution. 

(2) Heterogeneity analysis based on urban development characteristics: variations in 
urban resource endowment influence the level of industrial agglomeration and subse-
quently affect a city’s carbon emissions. Following the National Sustainable Development 
Plan for Resource-based Cities (2013–2020), this study categorizes the sample of prefec-
ture-level cities into resource-based and non-resource-based. From the perspective of re-
source endowment, we examine how industrial agglomeration differently impacts urban 
carbon emissions. The findings are presented in columns (1) and (2) of Table 13. 

Table 13. Heterogeneity test of urban resources. 

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

Non-Resource-Based 
Cities Resource-Based Cities Non-Old Industrial 

Cities Old Industrial Cities 

Agg 1.118 *** (0.014) 0.705 *** (0.088) 1.135 *** (0.012) 0.679 *** (0.127) 
Agg2 −0.824 *** (0.010) 0.107 (0.154) −0.884 *** (0.011) 0.117 (0.154) 
pop −3.940 *** (0.125) −0.419 (0.643) −3.638 *** (0.044) −0.101 (0.204) 
rgdp 1.922 *** (0.095) 0.206 *** (0.031) 1.694 *** (0.022) −0.305 (0.194) 
scal −0.001(0.079) 0.001 (0.003) −0.000 (0.004) 0.339 *** (0.116) 
ele 0.092 *** (0.070) 0.084 *** (0.023) 0.110 *** (0.025) 0.211 * (0.109) 

enter −4.176 *** (0.207) −0.680 (0.913) 2.043 *** (0.168) −0.647 * (0.391) 
W × Agg 0.471 *** (0.109) 0.377 ** (0.191) 0.247 *** (0.028) 0.365 (0.291) 
W × Agg2 −0.373 *** (0.095) −0.103 (0.413) −0.212 *** (0.024) −0.051 (0.048) 
W × pop −1.691 *** (0.379) −0.140 (0.407) 0.947 *** (0.098) 0.935 * (0.544) 
W × rgdp 0.404 *** (0.171) 0.655 *** (0.187) −0.367 *** (0.049) −0.911 ** (0.374) 
W × scal 0.013 * (0.007) 0.008 (0.006) 0.004 (0.012) −0.231 (0.346) 
W × ele 0.170 * (0.095) 0.202 * (0.089) 0.071 (0.050) 0.034 (0.265) 

W × enter 5.019 ** (2.381) 0.482 (2.579) −1.287 *** (0.279) 0.028 (0.734) 
Ind-fixed effect YES YES YES YES 

Time-fixed effect YES YES YES YES 
ρ (λ ) 0.633 *** (0.064) 0.149 (0.671) 0.127 *** (0.019) 0.226 *** (0.435) 

Sigma 0.101 *** (0.004) 0.873 *** (0.034) 0.142 *** (0.004) 0.874 *** (0.034) 
R2 0.778 0.115 0.823 0.105 
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N 2236 1404 1235 2405 
Note: *, ** and *** indicate statistical significance at 10%, 5% and 1% levels, respectively. 

In non-resource-based cities, industrial agglomeration exhibits a clear inverted U-
shaped correlation with a spatial spillover effect on carbon emissions. Conversely, re-
source-based cities remain in a phase wherein carbon emissions are intensifying, accom-
panied by spatial spillover effects. The later stages of industrial agglomeration in resource-
based cities do not significantly contribute to emission reduction. In resource-based cities, 
industrial agglomeration is usually concentrated in high energy consumption and high 
pollution industries such as exploitation and primary processing of natural resources [9]. 
Because these industries rely on the in situ use of resources, it is difficult to achieve signif-
icant improvements in energy efficiency or effective control of pollution through techno-
logical innovation in a short time. This special industrial structure makes the industrial 
agglomeration of resource-based cities directly lead to the increase in carbon emissions. 
Not only will emissions increase in the region due to the agglomeration of highly pollut-
ing industries, but the surrounding regions may also experience an increase in carbon 
emissions due to transport entry, expansion of supporting industries and pollution trans-
fer. In contrast, in non-resource-based cities, industrial agglomeration may involve more 
diversified and technology-intensive industries. With the deepening of agglomeration de-
gree, carbon emissions showed an upward trend at the beginning due to the scale effect 
and the increase in economic activities. However, when the economy reaches a certain 
scale, enterprises may be more inclined to adopt clean technologies and more efficient 
management modes in order to reduce costs and improve efficiency, so as to achieve the 
reduction in carbon emissions, that is, an inverted U-shaped trend. 

The characteristics of industrial structures significantly influence urban environmen-
tal stress. This study explores the varying effects of industrial agglomeration on the carbon 
emissions of both old industrial and non-old industrial cities. The findings are detailed in 
columns (3) and (4) of Table 13. Initially, industrial agglomeration exacerbates carbon 
emissions in non-old industrial cities. However, as agglomeration progresses, it gradually 
carbon curbs emissions in these cities, exhibiting an inverted U-shaped pattern and a spa-
tial spillover effect. In contrast, for old industrial cities, agglomeration continues to in-
crease carbon emissions without any spatial spillover present. Due to historical reasons, 
old industrial bases may lag behind other regions in terms of technological upgrading, 
and even if there is capital accumulation, this capital may be used more for maintaining 
the operation of existing facilities than for technological upgrading [68]. In this way, in-
dustrial agglomeration does not bring about effective carbon efficiency improvement; on 
the contrary, the concentrated use of old equipment and processes increases the carbon 
emission burden. Moreover, due to the inherent economic influence of the old industrial 
base cities, the spillover of the industrial chain often drives the joint development of the 
surrounding areas, but it also leads to the diffusion of pollutants and carbon emissions. In 
contrast, industrial agglomeration in non-old industrial cities may involve more environ-
mental protection technology and service industries. With the expansion of economic 
scale, they have more ability and motivation to improve technology, improve production 
efficiency, and achieve effective control of carbon emissions, thus reflecting the inverted 
U-shaped trend in the process of industrial agglomeration. 

6. Discussion and Conclusions 
6.1. Discussion 

First, the current study finds that industrial agglomeration has a significant inverted 
U-shaped impact on urban carbon emissions, with distinct spatial spillover effects. Alt-
hough Li et al. [30] also put forward the same conclusion, they only considered the macro 
provincial perspective and could not offer an accurate account for the urban circum-
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stances. This study presents a new standpoint from the urban dimension. Due to the com-
petition effect and green technology spillover effect in inter-city industrial development, 
industrial agglomeration has a patently inverted U-shaped tie with spatial spillover im-
pact on urban carbon emissions. It is desirable to facilitate the formation of energy conser-
vation and emission reduction policy coordination mechanism among cities, so as to 
promptly help cities cross the inverted U-shaped turning point and achieve emission re-
duction targets. 

Second, the current transmission mechanism of industrial agglomeration impacting 
carbon emissions mostly centers on traditional technological innovation [30] and foreign 
investment [69]. But compared with traditional technology innovation, enterprise green 
innovation has both green and innovative dual concepts. It reflects the win-win effect of 
industrial development on urban environmental performance and economic perfor-
mance. Compared with foreign investment, green innovation efficiency and green talent 
concentration can better reflect the output results of urban green innovation. This study 
finds that industrial agglomeration not only has a reversed U-shaped effect on carbon 
emissions, but also indirectly affects carbon emissions by improving the efficiency of ur-
ban green innovation and the concentration of green talents. To broaden the current trans-
mission mechanism of industrial agglomeration will affect carbon emissions and achieve 
deeper knowledge about the relationship between them. 

Third, like most previous studies, this study also divides China into three geograph-
ical areas: east, middle and west, and explores the diverse relationships between industrial 
agglomeration and urban carbon emissions [69]. As a matter of fact, the relationship be-
tween industrial agglomeration and carbon emissions suggests that differences between 
cities with various types of industrial structures and resource endowments are much 
greater than their geographical divergences [68]. Thus, the contrastive analysis grounded 
on various industrial structure types and resource endowment types has far more practi-
cal guiding significance. 

6.2. Conclusions 
This study utilizes panel data from 280 Chinese prefecture-level cities covering the 

years from 2009 to 2021, applying the spatial Durbin model to explore the effects of indus-
trial agglomeration on urban carbon emissions and its mechanisms, and draws the fol-
lowing conclusions: 

First, industrial agglomeration and urban carbon emissions in Chinese cities exhibit 
notable spatial correlations. These relationships reflect “high-high” and “low-low” spatial 
clustering patterns, with urban carbon emissions gradually transitioning from “high-
high” to “low-low” clustering. Based on empirical findings from 280 prefecture-level cities 
in China, industrial agglomeration has an inverted U-shaped effect on urban carbon emis-
sions and neighboring cities. Initially, industrial agglomeration leads to increased carbon 
emissions in both local and surrounding areas. However, as industrial agglomeration in-
tensifies, it begins to limit carbon emissions within these areas. 

Second, the relationship between industrial agglomeration and urban carbon emis-
sions varies by region in Chinese cities, with differing spatial spillover effects. This re-
gional heterogeneity is distinct: in the eastern and central regions, industrial agglomera-
tion levels have an inverted U-shaped association with regional carbon emissions, while 
in the western region, this relationship is insignificant. The spatial spillover effect also 
varies by region; in the eastern and western regions, the reduction effect on surrounding 
areas’ carbon emissions is minimal, whereas in the central region, industrial agglomera-
tion often surpasses the inverted U-shaped threshold, leading to significant reductions in 
surrounding areas’ carbon emissions. 

Third, the inherent differences in the urban resource foundations contribute to the 
heterogeneity in the impact of industrial agglomeration on carbon emissions. In non-re-
source-based cities, industrial agglomeration impacts carbon emissions in an inverted U-
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shaped manner, while in resource-based cities, it generally leads to an increase in emis-
sions. Regarding spatial spillover effects, industrial agglomeration in non-resource-based 
cities has an inverted U-shaped impact on the emissions of surrounding cities. In contrast, 
in resource-based cities, it tends to exacerbate emissions in neighboring areas. Addition-
ally, in non-old industrial cities, industrial agglomeration follows an inverted U-shaped 
trend with carbon emissions, whereas in old industrial cities, it intensifies regional carbon 
emissions. 

Fourth, industrial agglomeration fosters green technology innovation and talent ag-
glomeration. On one hand, the rising level of agglomeration enhances both urban green 
technology innovation and talent agglomeration, which in turn help to curb carbon emis-
sions. Clearly, green innovation and the concentration of green talent serve as key inter-
mediaries in the inverted U-shaped connection between industrial agglomeration and ur-
ban carbon emissions. Thus, the advancement of urban green technology driven by indus-
trial agglomeration acts as a crucial catalyst for sustainable urban development. 

6.3. Recommendations 
Based on the above conclusions, this study proposes the following policy-making 

suggestions for relevant Chinese governmental authorities: 
First, in the early stage of industrial agglomeration, the industrial and environmental 

authorities should optimize the layout of urban industries and the plan of the boundary 
of industrial development. Industrial development should give full play to synergistic ef-
fects of agglomeration, while accelerating the breakthrough of the critical point of indus-
trial agglomeration from aggravating pollution to curbing carbon emissions. When the 
level of industrial agglomeration has significantly improved, the governments should 
avoid the homogeneous competition of industrial clusters caused by limited resources to 
reduce the negative impact of inefficient production capacity on regional carbon emis-
sions. In terms of policies, the eastern region should be encouraged to transfer energy-
intensive and high-polluting industries to neighboring regions or central and western re-
gions, and promote the concentrated development of green and low-carbon industries 
through tax incentives, land policy support and other means to reduce the pressure on 
carbon emissions in neighboring regions. 

Second, the governments should take measures in light of local conditions, rationally 
allocate technology and capital development factors and pursue regional characteristics 
of the industrial agglomeration path. The eastern region should rely on its advantages of 
factor agglomeration in geographical location, talent capital and market technology, so as 
to break the barriers of factor flow between regions. By contrast, the central and western 
regions should actively develop regionally characteristic industries based on their own 
advantages in the cost of factors such as resources, land and labor. Meanwhile, the gov-
ernments should focus on solving problems, such as single industry and resource curse, 
while making efforts to cultivate the mechanism of industrial agglomeration in the west-
ern region to inhibit carbon emissions. In particular, the government should promote the 
reform of the energy market in the western region and establish a renewable energy con-
sumption quota system in the industrial agglomeration area to promote green production. 
At the same time, carbon financial services should be provided to encourage enterprises 
in the western industrial clusters to reduce carbon emission costs by purchasing carbon 
credits. 

Third, in line with the different developmental characteristics and basis of each city, 
the governments should guide the reasonable agglomeration of urban industries accord-
ingly. The governments should provide preferential policies and support measures in 
those resource-based cities to attract and support green industry enterprises. At the same 
time, it is advisable to establish a carbon emission monitoring and accounting system in 
those resource-based cities, in order to track the impacts of industrial agglomeration on 
urban carbon emissions. Those non-resource-based cities should promote the green de-
velopment of surrounding areas, share resources and green technologies and promote the 
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formation of green industrial clusters. For the existing old industrial agglomeration areas, 
the governments should introduce clean production technology to improve the manage-
ment level of carbon emissions. For those non-old industrial cities, digital industrial ag-
glomeration should be developed to promote the industrial transition to high-tech and 
high-value-added fields and reduce carbon emissions. 

Fourth, the governments should utilize industrial agglomeration to accelerate the 
progress level of urban green technology. The governments should provide tax relief, 
R&D financial support and other measures for all entities in the cluster to incentivize en-
terprises to invest in R&D and the application of green technologies. For example, those 
enterprises within the cluster that adopt clean energy should be given tax-reduction in-
centives. In recent years, China’s green innovation efficiency has shown a slowdown, 
while the transformative efficiency of green achievements remains low. Thus, the govern-
ments should promote industry–university research cooperation, build a platform for 
technological innovation and exchange and promote the R&D and achievement conver-
sion of green technologies. For instance, regular green technology expos, seminars and 
other activities should be held to promote know-how sharing and technological coopera-
tion. 

Fifth, the governments should make use of industrial agglomeration to enhance the 
introduction of green technology talents. The governments should formulate preferential 
policies to attract highly skilled talents and experts in green industries to work in indus-
trial clusters, provide housing subsidies and research funding, set up green-talent award 
programs to commend individuals or teams who have made outstanding contributions to 
green technology innovation and environmental protection, so as to improve their social 
status and public influences. Meanwhile, the governments should also actively support 
green technology training, provide opportunities for continuing education and upskilling 
for in-service personnels and encourage the switch to green production fields. 

6.4. Limitations and Future Directions 
There are still some limitations in this study, which is also the direction of future 

research. First of all, the carbon emission factor plays a decisive role in urban carbon emis-
sion measurement methods. But this method assumes that the carbon emission factor of a 
given energy source is fixed. However, due to the differences in economic development 
and technical level of cities, carbon emission factors are not uniform and unchanged, 
which will lead to errors in measurement results. In view of the above problems, a variety 
of accounting methods will be used in the following research to make the results more 
robust and reliable. Secondly, no dummy variables are added, such as “low-carbon pilot 
cities” as the external impact of policies. In future studies, policies closely related to urban 
carbon emissions should be included in the model. Lastly, in terms of data, due to data 
defects and difficulties in finding them, this study only included the data of 280 prefec-
ture-level cities in the modeling of urban spatial panel data, and did not include the data 
of prefecture-level cities in the model one by one. In the future research, the sample will 
be further expanded, or the research object will more accurately reflect the county’s ad-
ministrative region for specific analysis. In addition, we will further discuss whether the 
conclusions of this study are applicable to other rapidly industrializing countries and the 
nonlinear relationship between industrial agglomeration and urban carbon emissions and 
the relevance of global climate policy. 
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