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  Abstract 
This study investigates the impact of industrial synergistic agglomeration on ur-
ban green total factor energy efficiency (GTFEE), taking Chinese prefec-ture-level 
cities as the research sample. Based on panel data from 2010 to 2020, a fixed ef-
fects model is constructed to empirically examine the relationship, while further 
exploring the mediating role of technological innovation and the heterogeneous 
effects of urban location. The results show that industrial syner-gistic agglomera-
tion significantly improves urban GTFEE, with part of this effect transmitted 
through enhanced technological innovation. These findings remain robust across 
multiple sensitivity tests. Heterogeneity analysis reveals that the positive effects 
are more pronounced in eastern and southern cities, indicating that locational 
factors play a moderating role in the effectiveness of agglomera-tion. Policy im-
plications suggest that regionally differentiated development strategies should be 
adopted based on local conditions. Strengthening techno-logical innovation and 
promoting coordinated development across the eastern, central, and western re-
gions are essential to advancing the green and low-carbon transition. 
 

Keywords 
Industrial Synergistic Agglomeration; Urban Green Total Factor Energy Efficiency; 
Manufacturing Industry; Producer Services 

1. Introduction  

In recent years, as China has entered a new stage of high-quality development, con-
straints related to resources and the environment have become increasingly prom-
inent, rendering the traditional extensive growth model unsustainable. Guided by 
the national strategic goals of “carbon peaking” and “carbon neutrality,” improving 
energy efficiency and promoting green, low-carbon transformation have emerged as 
core issues in regional economic development in the new era. Among relevant indi-
cators, Green Total Factor Energy Efficiency (GTFEE) has attracted growing atten-
tion. As a comprehensive metric that considers energy inputs, economic outputs, 
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and environmental emissions, GTFEE provides a critical gauge for evaluating both 
energy use efficiency and environmental coordination, and has become a key indi-
cator of green development. 
Meanwhile, China’s continuing urbanization and industrialization have led to pro-
found changes in the pattern of industrial agglomeration. Traditional single-industry 
agglomeration models have revealed several shortcomings, including short indus-
trial chains, low resource allocation efficiency, and concentrated environmental 
pollution. In contrast, the emerging model of industrial synergistic agglomeration 
emphasizes inter-industry connectivity, complementarity, and coordinated collabo-
ration. This model not only promotes urban economic growth, resilience, industrial 
upgrading, and technological innovation [1], but also enhances resource sharing and 
ecological efficiency at a broader scale, increasingly serving as a critical driver of 
green urban transformation [2].The Chinese government has placed high im-
portance on integrating regional coordination with ecological civilization.  
Nevertheless, existing studies on GTFEE primarily focus on individual cities or pro-
vincial-level regions, and are largely limited to traditional explanatory perspectives 
such as technological progress [3], the intensity of environmental regulation [4], and 
industrial structure evolution [5]. Research that systematically examines industrial 
synergistic agglomeration, a more complex and integrated form of industrial organ-
ization, remains limited. The internal mechanisms, potential effects, and regional 
heterogeneity between such agglomeration and green efficiency are still underex-
plored. On the one hand, synergistic agglomeration may enhance green efficiency 
through mechanisms such as infrastructure sharing, transportation cost reduction, 
green technology diffusion, and scale-related energy savings. On the other hand, it 
may also pose new environmental risks due to mismatched industrial coupling, in-
creased energy dependence, or spatial misallocation. 
Therefore, this paper focuses on the prefecture-level city scale in China and con-
structs a multidimensional index of industrial synergistic agglomeration. GTFEE is 
measured using a Slack-Based Measure–Global Malmquist–Luenberger (SBM–GML) 
model with undesirable outputs. The study aims to reveal the dynamic relationship 
and underlying mechanisms between industrial synergistic agglomeration and 
GTFEE. Furthermore, it examines the heterogeneous effects under varying regional 
development foundations and policy environments, offering both theoretical in-
sights and practical implications for formulating green industrial policies and opti-
mizing regional collaboration strategies at the urban level. 

2. Literature Review 

As a critical metric for evaluating both energy use efficiency and environmental 
performance, Green Total Factor Energy Efficiency (GTFEE) has attracted wide-
spread attention from scholars domestically and internationally in recent years. 
Early studies primarily employed methods such as Data Envelopment Analysis (DEA) 
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[6] and Stochastic Frontier Analysis (SFA) [7] to measure energy efficiency, but of-
ten failed to fully account for undesirable outputs such as environmental pollution. 
With the advancement of DEA models incorporating undesirable outputs, the 
Slack-Based Measure (SBM) model proposed by Tone (2001) [8] has been widely 
adopted in measuring green efficiency, significantly enhancing the accuracy of effi-
ciency evaluation. In recent years, researchers have continuously expanded the 
measurement framework of GTFEE. For instance, Chen (2019) integrated the su-
per-efficiency SBM model with the Malmquist-Luenberger index to examine the spa-
tial-temporal evolution of inter-provincial energy efficiency in China, identifying en-
vironmental regulation and technological progress as key drivers of green efficiency 
improvement [9]. Wang et al. (2017), from an urban perspective, constructed a 
comprehensive input-output framework that includes energy, capital, labor, and 
pollution emissions[10], highlighting the influence of city development stages on 
green efficiency. 
Existing literature mainly investigates the influencing factors of green energy effi-
ciency from three dimensions. First, technological advancement and innovation ca-
pacity—particularly green technological innovation—are regarded as core drivers 
of GTFEE enhancement [11]. Second, environmental regulations and policy instru-
ments—such as emissions trading schemes and energy-saving target assess-
ments—are seen to promote technological upgrades and efficiency improvements 
through “pressure-induced mechanisms” [12] Third, industrial structure optimiza-
tion and factor allocation efficiency are crucial, as a rational industrial structure 
helps reduce energy intensity and improve resource utilization [13]. However, most 
studies have focused on technological, regulatory, and structural aspects, with lim-
ited systematic analysis of industrial organization forms—especially the impact of 
inter-industry collaboration on energy efficiency. 
Industrial agglomeration is a key topic in regional economics and new economic 
geography. According to Marshall’s (1890) theory of external economies, agglomer-
ation improves efficiency through technology diffusion, market sharing, and spe-
cialization [14]. Industrial collaborative agglomeration refers to the spatial concen-
tration of heterogeneous but complementary industries within a specific geographic 
area, forming a value network characterized by interdependence and resource com-
plementarity through close collaboration and interaction. Compared to traditional 
industrial agglomeration, the distinguishing feature of collaborative agglomeration 
lies in the deep cooperation and integrated development among interrelated indus-
tries with strong linkages. In this context, enterprises across different sectors form 
closely knit networks, building an efficient industrial ecosystem through comple-
mentary advantages and shared resources. Unlike general agglomeration, collabora-
tive agglomeration emphasizes vertical (upstream-downstream) and horizontal 
(cross-sector) integration and innovation [15]. 
Industrial collaborative agglomeration not only fosters high-quality urban economic 
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development [16], but also significantly promotes innovation [17] and green devel-
opment [18]. It helps reduce regional carbon emission intensity and influences re-
gional GTFEE [19], with evident spatial spillover effects and regional heterogeneity 
[20]. 
Despite these developments, direct investigations into the relationship between in-
dustrial collaborative agglomeration and green total factor productivity remain lim-
ited. Some scholars have identified an inverted U-shaped effect of collaborative ag-
glomeration between high-tech industries and producer services on green total fac-
tor productivity, indicating the existence of an optimal level of agglomeration [21]. 
Theoretically, the mechanisms through which collaborative agglomeration pro-
motes green productivity are mainly through reducing operational costs, improving 
resource allocation efficiency, and stimulating technological innovation [22]. In 
terms of spatial effects, studies confirm that collaborative agglomeration not only 
enhances local green productivity but also generates significant positive spillovers 
to surrounding cities [23], with these effects varying across industries. For example, 
studies on urban agglomerations show that industrial collaborative agglomeration 
in the Yangtze River Delta significantly promotes green productivity, with clear het-
erogeneity across sectors . 
In summary, although the current literature has extensively explored the measure-
ment methods and influencing factors of GTFEE and the concept of industrial col-
laborative agglomeration is becoming increasingly well-defined, systematic research 
on the impact of collaborative agglomeration on green efficiency remains underde-
veloped. There is a notable lack of large-sample empirical studies at the city level. 
Therefore, this paper builds on existing research by constructing an industrial col-
laborative agglomeration index system for Chinese prefecture-level cities, measur-
ing GTFEE using the undesirable-output SBM model, and further employing panel 
data models to examine the causal relationship and underlying mechanisms be-
tween the two. The findings aim to provide both theoretical insights and empirical 
evidence to support regional development policies under the framework of green 
transformation[24]. 

3. Mechanism Analysis 

3.1. The direct impact of industrial collaborative agglomeration on 
green total factor energy efficiency 

Green total factor energy efficiency (GTFEE) comprehensively considers inputs such 
as energy, capital, and labor, as well as the relationship between economic output 
and pollutant emissions. It serves as a key indicator for evaluating the greenness of 
economic development [26]. Against the backdrop of green transformation, im-
proving GTFEE has become a critical task for sustainable urban development. As a 
new form of agglomeration, industrial collaborative agglomeration addresses the 
problems of industrial hollowing-out and negative environmental externalities often 
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associated with traditional homogeneous industrial clusters [25] 
Specifically, the impact pathways of industrial collaborative agglomeration on 
GTFEE are reflected in three main aspects: 
First, collaborative agglomeration facilitates optimal resource allocation and coor-
dinated production through specialization and cooperation among enterprises, 
thereby reducing energy input per unit of output and improving production effi-
ciency [27].Second, interactions among different industries accelerate the spillover 
and diffusion of technologies, promoting the rapid dissemination and application of 
green technologies and energy-saving equipment across sectors, which enhances 
overall green productivity [28].Third, collaborative agglomeration enables inte-
grated planning and pollution control at the regional level—such as shared 
wastewater treatment systems and waste heat recovery facilities—effectively low-
ering the marginal cost of environmental governance and improving emission con-
trol efficiency [29]. 
Existing studies have shown that the deep integration of manufacturing and services 
can optimize the energy structure and improve energy use efficiency. A coordinated 
multi-industry layout at the regional level can also alleviate resource and environ-
mental pressures. Therefore, this study proposes the following hypothesis regarding 
the direct effect: 
Hypothesis 1: Industrial collaborative agglomeration has a significant positive 
impact on urban green total factor energy efficiency. 

3.2. The Mechanism of Technological Innovation 

Existing studies suggest that industrial collaborative agglomeration enhances re-
gional technological innovation capacity by facilitating knowledge exchange and re-
source sharing. Polanyi argued that tacit knowledge is primarily transmitted 
through face-to-face interaction, and collaborative agglomeration provides a favora-
ble environment for such exchanges. As a result, some scholars have found that col-
laborative agglomeration strengthens tacit knowledge spillovers and promotes 
technological innovation [30]. At the same time, competitive pressure among indus-
tries within agglomerations drives firms to accelerate the development of green 
technologies to maintain competitive advantage [31]. However, excessive agglom-
eration may lead to congestion effects and path dependency, which can suppress 
innovation activities [32]. Therefore, industrial collaborative agglomeration exerts a 
dual effect on technological innovation. 
Technological innovation is a core driving force for achieving green transformation. 
According to endogenous growth theory and the Porter Hypothesis, technological 
progress—particularly green innovation—can improve resource use efficiency, 
while also reducing pollutant emissions through product substitution and process 
improvements, thereby achieving a win–win outcome for both the economy and the 
environment. In a collaborative agglomeration environment, firms are more likely to 



Yu Zhang. Chengsi Jian and Ruru Li 
 

 

DOI: 10.63313/EBM.9077 27 Economics & Business Management 
 

access knowledge and information resources from other industries, forming a sym-
biotic knowledge environment that promotes the generation and application of new 
technologies. Upstream and downstream enterprises, or related sectors, are more 
likely to establish joint R&D platforms, share innovation risks and costs, and accel-
erate the development cycle of green technologies . In addition, local governments 
often introduce supportive innovation policies alongside collaborative agglomera-
tion strategies, such as establishing shared technology platforms and offering subsi-
dies for green innovation. These mechanisms contribute to enhancing regional 
technological innovation capacity, which in turn promotes green total factor energy 
efficiency through cleaner production, energy substitution, and energy-saving tech-
nological upgrades. Therefore, this study further proposes the following mecha-
nism-based hypothesis: 
Hypothesis 2: Technological innovation plays a partial mediating role in the 
relationship between industrial collaborative agglomeration and green total 
factor energy efficiency. 

4. Research Design 

4.1. Model Construction 

To empirically test Hypothesis H1, a baseline panel regression model is constructed, 
as shown in Model (1). 

0 1it it x it i t itGTFEE a a COAGG a Control µ λ ε= + + + + +∑             （1） 
In Model (1), GTFEE is the dependent variable, representing the green total factor 
energy efficiency. COAGG is the core explanatory variable, denoting the industrial 
collaborative agglomeration index between the manufacturing and producer ser-
vices sectors. Controlrepresents a set of control variables. 𝛼𝛼0is the constant term, 
𝜇𝜇𝑖𝑖captures city fixed effects, 𝜆𝜆𝑡𝑡captures year fixed effects, and 𝜀𝜀𝑖𝑖𝑖𝑖 is the stochastic 
error term. 𝛼𝛼1 and 𝛼𝛼𝑥𝑥 are parameters to be estimated. The subscript i denotes city 
i, and t denotes year t. 
To examine the mechanism through which industrial collaborative agglomeration 
affects urban green total factor energy efficiency, the following mediation effect 
models are constructed to test Hypothesis H2. 

0 1it it x it i t itINN DID Controlβ β β µ λ ε= + ⋅ + ⋅ + + +∑                （2） 
In Model (2), the variable represents the mediating variable technological innova-
tion. 𝛽𝛽0is the constant term, and 𝛽𝛽1 is the coefficient to be estimated. The defini-
tions of the remaining variables are the same as in Model (1). 

4.2. Data Sources 

In this study, due to the unavailability of certain key data, the time span is restricted 
to the period from 2010 to 2020. Accordingly, the analysis is based on panel data 
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from 259 prefecture-level cities in China during 2010–2020. The primary data 
sources include the China City Statistical Yearbook and the China Statistical Year-
book. 

4.3. Variable Description 

（1）Core Explanatory Variable 
The industrial collaborative agglomeration index (COAGG) serves as the core ex-
planatory variable in this study. Following the approach of Yang (2013), this index is 
measured using an entropy-based method that captures the employment distribu-
tion between the producer services sector and the manufacturing sector. The spe-
cific method is as follows: first, the agglomeration index for each of the two indus-
tries is calculated separately using Equation (3). 
𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖𝑖𝑖 = (𝐸𝐸𝑖𝑖𝑖𝑖 𝐸𝐸𝑗𝑗)/(𝐸𝐸𝑖𝑖/𝐸𝐸)⁄                                               （3） 
In Equation (3), 𝐸𝐸𝑖𝑖𝑖𝑖  denotes the number of employees in industry 𝑗𝑗 in region 𝑖𝑖 in 
a given year, where 𝑗𝑗 represents the producer services sector (𝑚𝑚) and the manu-
facturing sector (𝑛𝑛). 𝐸𝐸𝑖𝑖 represents the total employment in region 𝑖𝑖 in that year, 
𝐸𝐸𝑗𝑗  denotes the total employment in industry 𝑗𝑗 nationwide, and 𝐸𝐸 refers to the to-
tal employment across all industries in the country in that year. After calculating the 
agglomeration index for each of the two industries separately, Equation (4) is used 
to compute the industrial co-agglomeration index between the two sectors. 
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖𝑖𝑖 = 1 − |𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖𝑖𝑖𝑚𝑚 − 𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖𝑖𝑖𝑛𝑛 |/(𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖𝑖𝑖𝑚𝑚 + 𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖𝑖𝑖𝑛𝑛)                           （4） 
The specific data for producer services and manufacturing are measured using the 
“number of employees at year-end by industry” from the statistical yearbooks[33].  
（2）Dependent Variable 
Green Total Factor Energy Efficiency (GTFEE) is the dependent variable in this study. 
GTFEE is adopted as the evaluation standard due to its broader applicability com-
pared to traditional single-factor energy efficiency metrics. By constructing an 
SBM–GML model that incorporates undesirable outputs, this study provides a more 
accurate measurement and assessment of GTFEE across cities. 
In terms of indicator selection, this study follows the approach of Zhang et al.[34]to 
develop a comprehensive indicator system for evaluating the GTFEE of prefec-
ture-level cities. The system includes three input variables: labor, capital, and ener-
gy input. Real GDP is set as the desirable output variable, while four undesirable 
output variables are incorporated: industrial sulfur dioxide emissions, industrial 
wastewater discharge, industrial dust (or particulate matter) emissions, and carbon 
dioxide emissions. 
Table 1. Indicators for Measuring Green Total Factor Energy Efficiency 
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Category Variable Description 

Input 

Energy Input 

Urban direct energy consumption mainly includes natural 
gas and liquefied petroleum gas (LPG), while indirect en-
ergy consumption primarily includes electricity use, meas-
ured in 10,000 tons of standard coal equivalent. 

Capital 
Input 

The capital stock (measured in 10,000 yuan) is estimated 
using the perpetual inventory method. 

Labor Input The number of employed persons in each prefecture-level 
city over the years (measured in 10,000 persons). 

Output 

GDP 
The gross domestic product (GDP) of each city is used as 
the measurement indicator, adjusted to constant 2009 prices 
(measured in 10,000 yuan). 

SO2 Industrial sulfur dioxide (SO₂) emissions (tons) 
CO2 Carbon dioxide (CO₂) emissions (tons) 
Industrial dust and 
wastewater 

Industrial particulate matter and wastewater emissions 
(100,000 tons) 

Accordingly, the model constructed in this study—an SBM-GML framework with 
undesirable outputs—is developed with reference to the method proposed by 
Wang[35] for measuring total factor energy efficiency. 
In this model, it is assumed that there are n decision-making units (DMUs). Each 
DMU includes m inputs, 𝑺𝑺𝟏𝟏desirable outputs, and 𝑺𝑺𝟐𝟐 undesirable outputs. Let 𝒙𝒙 ∈
𝑹𝑹𝒎𝒎 denote the input vector, 𝒚𝒚𝒅𝒅 ∈ 𝑹𝑹𝒔𝒔𝟏𝟏  the vector of desirable outputs, and 𝒚𝒚𝒖𝒖𝒖𝒖 ∈
𝑹𝑹𝒔𝒔𝟐𝟐  the vector of undesirable outputs. 
In this study, the green total factor energy efficiency of 259 prefecture-level cities in 
China is measured. The considered input factors include labor, capital, and energy 
inputs; the desirable output is the real gross domestic product (GDP); and the unde-
sirable outputs include industrial emissions of sulfur dioxide (SO₂), wastewater, 
particulate matter (dust), and carbon dioxide (CO₂). 
To ensure the accuracy and robustness of the evaluation results, the undesirable 
output-based SBM model is applied as follows: 
 

𝝋𝝋 = 𝒎𝒎𝒎𝒎𝒎𝒎
𝟏𝟏−𝟏𝟏

𝒎𝒎∑
𝒔𝒔𝒊𝒊
−

𝒙𝒙𝒊𝒊𝒊𝒊
𝒎𝒎
𝒊𝒊=𝟏𝟏

𝟏𝟏+ 𝟏𝟏
𝒔𝒔𝟏𝟏+𝒔𝒔𝟐𝟐

(∑ 𝒔𝒔𝒓𝒓𝒅𝒅

𝒚𝒚𝒓𝒓𝒓𝒓
𝒅𝒅 +∑

𝒔𝒔𝒕𝒕
𝒖𝒖𝒖𝒖

𝒚𝒚𝒕𝒕𝒕𝒕
𝒖𝒖𝒖𝒖)𝒔𝒔𝟐𝟐

𝒕𝒕=𝟏𝟏
𝒔𝒔𝟏𝟏
𝒓𝒓=𝟏𝟏

                                       （5） 

 

𝒔𝒔. 𝒕𝒕

⎩
⎪
⎨

⎪
⎧ 𝑿𝑿 ∙ 𝝀𝝀 + 𝒔𝒔− = 𝒙𝒙𝒌𝒌

𝒀𝒀 ∙ 𝝀𝝀 − 𝒔𝒔+ = 𝒚𝒚𝒌𝒌𝒅𝒅

𝑩𝑩 ∙ 𝝀𝝀 + 𝑺𝑺𝒃𝒃− = 𝒚𝒚𝒌𝒌𝒖𝒖𝒖𝒖

𝝀𝝀 ≥ 𝟎𝟎, 𝒔𝒔− ≥ 𝟎𝟎, 𝒔𝒔+ ≥ 𝟎𝟎, 𝒔𝒔𝒃𝒃− ≥ 𝟎𝟎

                                    （6）

  
In the model, the input, desirable output, and undesirable output are denoted by 𝒙𝒙𝒌𝒌，
𝒚𝒚𝒌𝒌𝒅𝒅, and 𝒚𝒚𝒌𝒌𝒖𝒖𝒖𝒖, respectively. The slack variables for input, desirable output, and unde-
sirable output are represented by 𝒔𝒔𝒊𝒊−，𝒔𝒔𝒓𝒓𝒅𝒅, and 𝒔𝒔𝒕𝒕𝒖𝒖𝒖𝒖, respectively. The matrices for 
inputs, desirable outputs, and undesirable outputs are denoted as X, Y, and B. Cor-
respondingly, the slack matrices for input, desirable output, and undesirable output 
are represented by 𝒔𝒔−、𝒔𝒔+, and 𝒔𝒔𝒃𝒃− . The intensity vector is denoted by 𝝀𝝀, repre-
senting the weights assigned to each decision-making unit (DMU). The efficiency 
value of a decision unit is denoted by 𝝋𝝋, which reflects the level of Green Total Fac-
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tor Energy Efficiency (GTFEE). 
（3）Mechanism Variable 
Technological innovation (INN) is selected as the mediating variable. Following the 
study by Li et al. (2023) [36], this variable is measured by the ratio of the number of 
granted patents to the population. Technological innovation plays a critical role in 
promoting green development and serves as an important mediating pathway link-
ing industrial collaborative agglomeration to green total factor energy efficiency. A 
higher number of granted patents indicates more active innovation activities and 
more significant technological progress in the city, which in turn contributes to re-
source conservation and improved energy efficiency. 
（4）Control Variables 
In order to ensure the accuracy and reliability of the empirical results, this study in-
corporates control variables into the model to account for other potential factors 
that may influence green total factor energy efficiency. Based on relevant literature, 
five control variables are selected: the level of economic development, human capi-
tal stock, educational attainment, infrastructure level, and the total number of green 
patent applications. Descriptive statistics for these variables are presented in Table 
2. 

Table 2. Descriptive Statistics of Variables 

 

Variable 
Type Variable Name Measurement Method Sample 

Size Mean SD min max 

Dependent 
Variable 

Green Total Factor 
Energy Efficiency 

(GTFEE) 

Estimated by the Su-
per-SBM Model 2493 0.290 0.085 0.147 0.697 

Independent 
Variable 

Industrial 
Co-agglomeration 

(COAGG) 

Entropy Index Used to 
Measure Industrial Collab-

orative Agglomeration 
2493 0.741 0.179 0.114 1.000 

Mediating 
Variable 

Technological Innova-
tion (INN) 

Measured by the ratio of the 
number of granted patents 

to the population 
2493 10.306 14.015 0.061 126.351 

Control 
Variable 

Economic Develop-
ment Level (lnEcoDP) 

The logarithm of per capita 
regional GDP 2493 2.464 0.047 2.330 2.569 

Human Capital Stock 
(lnLabors) 

The logarithm of the num-
ber of enrolled students in 
regular higher education 

institutions 

2493 10.805 1.218 8.011 13.706 

Educational Attain-
ment (lnEducat) 

The natural logarithm of the 
ratio of students enrolled in 

regular higher education 
institutions to the year-end 

total population 

2493 0.020 0.024 0.001 0.115 

Infrastructure Level 
(lnBaseInL) 

The natural logarithm of per 
capita highway freight 

volume 
2493 3.181 0.599 1.477 4.716 

Total Number of 
Green Patent Applica-

tions (lnTgree) 

The natural logarithm of the 
total number of green pa-

tent applications 
2493 5.185 1.554 1.792 9.216 

5. Empirical Results and Analysis 

5.1. Baseline Regression Results 
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Table 3 reports the baseline regression results on the impact of industrial collabora-
tive agglomeration on urban green total factor energy efficiency. Specifically, Col-
umns (1) and (2) present the estimation results without and with control variables, 
respectively. 
In Column (1), the regression coefficient of the industrial collaborative agglomera-
tion index is 0.031 and is statistically significant at the 1% level, indicating that even 
without controlling for other influencing factors, industrial collaborative agglomera-
tion exerts a significant positive effect on green total factor energy efficiency. 
Column (2) further incorporates control variables, including the level of economic 
development, human capital stock, educational attainment, infrastructure level, and 
the total number of green patent applications. The estimated coefficient of collabo-
rative agglomeration remains 0.031 and is still significant at the 1% level, suggest-
ing that the result is robust. 
Overall, whether or not control variables are included, industrial collaborative ag-
glomeration consistently shows a significant positive impact on urban green total 
factor energy efficiency, confirming its role as an important pathway for improving 
green development efficiency. This finding suggests that collaborative agglomera-
tion contributes to optimizing resource allocation, enhancing factor utilization effi-
ciency, and promoting technological spillovers, thereby facilitating improvements in 
urban GTFEE. Consequently, Hypothesis H1 is preliminarily supported. 

Table 3. Baseline Regression Results 

Variable （1） 
GTFEE 

（2） 
GTFEE 

COAGG 0.031*** 
 (0.011) 

0.031*** 
(0.010) 

 

lnEcoDP  0.469*** 
(0.081) 

lnLaborS  -0.016*** 
(0.005) 

lnEducat  -0.255 
(0.176) 

lnBaseInL  -0.012*** 
(0.003)  

lnTgree  -0.011*** 
(0.003)  

City Fixed Effects YES YES 
Year Fixed Effects YES YES 

Sample Size 2493 2493 
R2 0.110  0.135 

Note: Robust standard errors are in parentheses; “***”“**” “*” represent 1%, 5%, and 10% significance levels, 
respectively, below. 

5.2. Robustness Checks 

To ensure result robustness, two checks are conducted: addressing endogeneity and 
adjusting the sample period. To mitigate potential endogeneity from reverse causal-
ity or omitted variables, the study adopts a panel IV approach (Li et al., 2020), using 
one- and two-period lags of the agglomeration index as instruments. The IV regres-
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sion yields a coefficient of 0.056, significant at the 5% level, confirming the positive 
effect remains after endogeneity control. 
Additionally, to capture recent developments, the sample is restricted to 2015–2020. 
Results show a higher coefficient of 0.060 (significant at the 1% level), suggesting 
the effect of industrial collaborative agglomeration has strengthened with the 
deepening integration of manufacturing and producer services.Overall, these ro-
bustness checks affirm the reliability of the main findings. 
Table 4. Robustness Checks 

Variable 
（1） 

Instrumental Variable 
Method 

（2） 
The sample period is from 2015 to 

2020 

COAGG 0.056** 
(0.025) 

0.060*** 
(0.018) 

lnEcoDP 0.545*** 
(0.090) 

0.718*** 
(0.147) 

lnLaborS 0.007 
(0.007) 

-0.013 
(0.009) 

lnEducat -0.256 
(0.201) 

-0.667** 
(0.326) 

lnBaseInL -0.012*** 
(0.004) 

-0.002 
(0.005) 

lnTgree 0.010*** 
(0.002) 

-0.007 
(0.004) 

City Fixed Effects YES YES 
Year Fixed Effects YES YES 

Sample Size 1881 1453 
R2 0.109 0.110 

5.3. Mechanism Test and Analysis 

Table 5 reports the mechanism analysis using technological innovation as the medi-
ating variable. Results show that industrial collaborative agglomeration significantly 
inhibits technological innovation (coefficient = –2.981, p < 0.05), possibly due to in-
efficient resource allocation or weak innovation incentives. 
Despite this, the impact of agglomeration on green total factor energy efficiency re-
mains significantly positive (coefficient = 0.035, p < 0.02). Technological innovation 
also exerts a positive and highly significant effect on energy efficiency (coefficient = 
0.001, p < 0.01). 
These findings indicate that although agglomeration currently hampers innovation, 
technological progress still enhances green energy efficiency. Thus, efforts to foster 
industrial agglomeration should be accompanied by improved innovation environ-
ments to maximize its green development potential. 
Table 5. Results of the Mechanism Test 

Variable （1） 
INN 

（2） 
GTFEE 

COAGG -2.981** 
(1.272) 

0.035*** 
(0.010) 

INN  0.001*** 
(0.000) 

lnEcoDP -5.807 
(9.904) 

0.477*** 
(0.080) 

lnLaborS -1.958*** 
(0.623) 

-0.013*** 
(0.005) 
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lnEducat -5.104 
(21.496)  

-0.249 
(0.174) 

lnBaseInL -0.156 
(0.396) 

-0.012*** 
(0.003) 

lnTgree 1.143*** 
(0.349) 

-0.012*** 
(0.003) 

City Fixed Effects YES YES 
Year Fixed Effects YES YES 

Sample Size 2493 2493 
R2 0.440 0.157 

5.4. Heterogeneity Analysis 

To assess regional heterogeneity, the sample is divided into eastern, central, west-
ern, and northeastern regions for separate regressions. Results show the positive 
effect of industrial collaborative agglomeration is strongest in eastern cities (coeffi-
cient = 0.102, p < 0.01), reflecting advantages in market maturity and innovation. In 
contrast, the effect is insignificant in central and northeastern regions, while signifi-
cantly negative in the west (–0.037, p < 0.05), likely due to inefficiencies in resource 
allocation and infrastructure. 
A further north–south comparison reveals that agglomeration significantly pro-
motes green efficiency in southern cities (coefficient = 0.064, p < 0.01), driven by 
stronger industrial linkages and policy support. In northern cities, however, the ef-
fect is negative (–0.030, p < 0.10), suggesting structural barriers to green transfor-
mation. 
Overall, these findings highlight clear regional disparities. Policies should be tailored 
to local conditions to enhance the green benefits of collaborative agglomeration and 
reduce spatial development imbalances. 

Table 6. Results of the Heterogeneity Analysis 

Variable 
（1） 

Eastern 
cities 

（2） 
Central 
cities 

（3） 
Western 

cities 

（4） 
Northeastern 

cities 

（5） 
Northern 

cities 

（6） 
Southern 

cities 

COAGG 0.102*** 
(0.022) 

0.022 
(0.015) 

-0.037** 
(0.015) 

-0.013 
(0.041) 

-0.030* 
(0.017) 

0.064*** 
(0.013) 

lnEcoDP 0.334** 
(0.165) 

0.751*** 
(0.114) 

0.844*** 
(0.108) 

1.650*** 
(0.279) 

0.878*** 
(0.114) 

0.607***  
(0.101) 

lnLaborS -0.004 
(0.012) 

-0.001 
(0.007) 

-0.022*** 
(0.007) 

-0.010 
(0.021) 

-0.002 
(0.008) 

-0.015**  
(0.007) 

lnEducat -2.040*** 
(0.437) 

0.566** 
(0.241) 

-0.138 
 (0.215) 

3.184*** 
(1.106) 

-0.397 
(0.243) 

-0.245 
(0.253) 

lnBaseInL -0.007 
(0.007) 

-0.007* 
(0.004) 

-0.020*** 
(0.005) 

-0.033** 
(0.014) 

-0.018*** 
(0.005) 

-0.005 
(0.004) 

lnTgree 0.014*** 
(0.004) 

-0.006* 
(0.003) 

-0.004 
(0.003) 

0.023*** 
(0.006) 

0.008*** 
(0.003) 

-0.001 
(0.003) 

City Fixed Effects YES YES YES YES YES YES 
Year Fixed Ef-

fects YES YES YES YES YES YES 

Sample Size 857 746 628 230 1026 1435 
R2 0.119 0.170 0.135 0.297 0.157 0.088 

6. Conclusion and Recommendations 

Empirical results show that industrial collaborative agglomeration significantly im-
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proves urban green total factor energy efficiency (GTFEE) by enhancing resource 
allocation, factor flow, and information sharing. Promoting coordinated industrial 
development—especially the integration of manufacturing and advanced ser-
vices—is thus key to green growth. Governments should support this by planning 
collaborative industrial zones, fostering linkages among large and small firms, and 
promoting vertical and horizontal integration. 
Mechanism analysis reveals that agglomeration also indirectly enhances GTFEE via 
technological innovation, through knowledge spillovers, talent flow, and collabora-
tive R&D. Therefore, innovation should be positioned as the core driver of collabo-
ration. Policymakers should strengthen innovation systems, support research insti-
tutions, and promote green technology development and diffusion across the indus-
trial chain. 
Heterogeneity analysis finds that agglomeration effects are stronger in eastern and 
southern regions, reflecting their better economic and innovation foundations. In 
contrast, central, western, northeastern, and northern regions show weaker effects, 
calling for region-specific strategies. While advanced regions should build innova-
tion clusters and green collaboration platforms, less-developed areas need to im-
prove infrastructure, optimize the business environment, and enhance public ser-
vices to support green industrial collaboration and balanced regional development. 
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