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Abstract: This study investigates the impact of industrial agglomeration on the upgrading
of China’s automobile industry (UCAI) using panel data from 28 Chinese provinces span-
ning 2000 to 2020. The automobile industry is vital to China’s manufacturing and service
sectors, with its upgrading capable of driving national economic growth and contributing
to sustainable development goals. We employ the Malmquist productivity index based on
the Data Envelopment Analysis (DEA) method, implemented through DEAP 2.1 software,
to assess the UCAI. System Generalized Method of Moments (GMM) analysis, conducted
using Stata 17 software, was used to examine the impact of industrial agglomeration on
this process, while also exploring the threshold effect of human capital and the moderating
effect of government. The results indicate that industrial agglomeration significantly en-
hances the upgrading of the automobile industry; however, human capital acts as a critical
threshold. Below this threshold, agglomeration does not have a significant impact on the
upgrading of the automobile industry, while exceeding it allows for significant positive
effects. Additionally, government has a moderating effect in facilitating this process by
implementing policies that support innovation and sustainable practices. Based on these
findings, this paper presents several policy implications aimed at further promoting the
UCAI and advancing sustainable development in the sector.
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1. Introduction
The automobile industry is a pillar of China’s economy and a key driver of upstream

and downstream industries, as well as job growth [1]. However, with the intensification of
competition in the global market, China’s automobile industry faces several challenges, in-
cluding lagging behind in technological innovation, the weak international competitiveness
of brands, and a shortage of skilled professionals. Particularly in workpiece manufacturing,
improving forming quality (e.g., precision casting, stamping defect control) remains a
critical yet understudied challenge, as evidenced by recent research on advanced manufac-
turing techniques [2]. These issues not only hinder the industry’s growth, but also limit its
potential for sustainable development. To maintain its competitive edge, the industry needs
to undergo significant upgrades, which are necessary for driving long-term sustainability
and competitiveness in a globalized market [3]. Upgrading China’s automobile industry
can foster the growth of related industries, such as parts manufacturing and technology
services, optimize the economic structure, and contribute to a more sustainable and resilient

Sustainability 2025, 17, 3090 https://doi.org/10.3390/su17073090

https://doi.org/10.3390/su17073090
https://doi.org/10.3390/su17073090
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com
https://doi.org/10.3390/su17073090
https://www.mdpi.com/article/10.3390/su17073090?type=check_update&version=1


Sustainability 2025, 17, 3090 2 of 25

national economy, especially in the face of economic fluctuations, which is crucial for the
country’s sustainable development goals.

The motivation for this study stems from the critical role of the automobile industry in
China’s economic development and the need to address its current challenges. By exploring
the impact of industrial agglomeration on the upgrading of China’s automobile industry
(UCAI), this research aims to provide actionable insights for policymakers and industry
stakeholders to enhance the industry’s competitiveness and sustainability. Specifically, the
study seeks to examine how industrial agglomeration influences the upgrading of China’s
automobile industry, while also exploring the threshold effect of human capital and the
moderating role of government in this process. By doing so, the research contributes to
both the academic literature and practical policy formulation, offering a comprehensive
understanding of the mechanisms driving industrial upgrading in the context of China’s
automobile sector.

Industrial agglomeration refers to the geographical concentration of enterprises and
institutions within the same or related industries in a specific area, which has significant im-
plications for industrial upgrading. On the one hand, by fostering resource sharing, creating
synergistic effects, and promoting specialized division of labor, enterprises within clusters
can reduce costs, accelerate innovation, attract investment, and draw in high-quality tal-
ent [4]. These factors contribute positively to industrial upgrading and the implementation
of sustainable practices. However, on the other hand, industrial agglomeration can also
lead to negative outcomes, such as path dependence, which may hinder the exploration
of new technologies and innovative solutions. Intense competition within clusters can
spark price wars, often at the expense of long-term research and development (R&D) and
green innovation. Furthermore, resource competition and industrial homogenization may
stifle the emergence of new, sustainable technologies and innovations [5]. Therefore, the
relationship between industrial agglomeration and industrial upgrading is complex, with
both positive and negative factors at play. This highlights the need for further investigation
into the role of agglomeration in driving industrial upgrading. Additionally, few studies
have examined its impact on the automobile industry. This research aims to explore how
industrial agglomeration influences the upgrading of China’s automobile industry (UCAI).

The influence of industrial agglomeration on industrial upgrading is closely tied to
the level of human capital. Specifically, inadequate human capital constrains the ability of
agglomeration to stimulate economic growth and improve labor productivity. In contrast,
an adequate level of human capital facilitates these processes and fosters sustainable
practices [6,7]. Here, human capital encompasses both the quantity and quality of the
workforce, particularly in terms of education, training, and specialized expertise. This
underscores that the mere existence of industrial agglomeration is insufficient to drive
desirable economic outcomes, as the quality and capabilities of human capital are crucial
in this relationship. Therefore, it is essential to further investigate the threshold effect
of human capital in the relationship between industrial agglomeration and industrial
upgrading. Understanding the human capital threshold is essential for leveraging industrial
clusters to achieve economic growth and sustainability.

Industrial development within a competitive market environment often results in
various market failures that can impede overall economic efficiency and growth. These
failures typically manifest as negative externalities, which compromise social welfare and
environmental sustainability. In this context, government intervention and regulation are
crucial for addressing these externalities and facilitating the adoption of more sustainable
practices [8]. Furthermore, government involvement is especially critical in the upgrading
of industrial agglomeration areas, particularly in regions with weak industrial founda-
tions. In such areas, local governments and market participants can capitalize on their
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respective strengths to foster high-quality innovation and enhance local industrial devel-
opment, ultimately driving economic advancement. In addition to fostering high-quality
innovation and enhancing local industrial development, the government can play a pivotal
role in several areas. For example, it can provide targeted subsidies for R&D activities,
implement tax incentives for green technologies, and establish industrial parks to promote
collaboration between enterprises and research institutions. Moreover, the government can
address market failures by enforcing environmental regulations and supporting infrastruc-
ture development, which are essential for sustainable industrial upgrading [9]. Therefore,
it is crucial to examine how government can successfully moderate the relationship be-
tween industrial agglomeration and industrial upgrading, ensuring that the benefits of
agglomeration are fully realized.

This study makes several key contributions to the existing literature on industrial
agglomeration and industrial upgrading, particularly in the context of China’s automobile
industry. First, it extends the theoretical framework of agglomeration economies by provid-
ing empirical evidence on how industrial agglomeration influences the upgrading of the
automobile industry in an emerging market. While prior studies have largely focused on
developed economies, this research fills a critical gap by examining the unique dynamics
of industrial upgrading in China, a context characterized by rapid industrialization and
significant government intervention. By doing so, it offers new insights into the role of
agglomeration in enhancing both industrial competitiveness and sustainability, thereby
advancing the literature on agglomeration economies in emerging markets.

Second, this study introduces human capital as a threshold variable in the relationship
between industrial agglomeration and industrial upgrading, a perspective that has been
underexplored in the existing literature. By demonstrating that the impact of agglomeration
on upgrading is contingent upon the level of human capital, this research provides a more
nuanced understanding of the mechanisms through which agglomeration drives innovation
and productivity. This contribution not only enriches the theoretical discourse on industrial
upgrading, but also offers practical implications for policymakers seeking to leverage
human capital as a catalyst for sustainable industrial development.

Finally, this study examines the moderating role of government in the relationship
between agglomeration and industrial upgrading, addressing a critical gap in the literature.
While previous research has acknowledged the importance of government intervention,
few studies have systematically analyzed how government policies can enhance the ef-
fectiveness of agglomeration in fostering industrial upgrading. By identifying specific
mechanisms through which government intervention—such as R&D subsidies, tax incen-
tives, and environmental regulations—can address market failures and promote sustainable
practices, this research provides a comprehensive framework for understanding the inter-
play between agglomeration, government, and industrial upgrading.

Overall, this study not only advances the theoretical understanding of industrial
agglomeration and upgrading, but also provides actionable insights for policymakers and
industry stakeholders, particularly in the context of China’s automobile industry and other
emerging markets.

The structure of this study is organized as follows: Section 2 presents the literature
review and research hypotheses, while Section 3 outlines the data sources, measurement
methods for variables, and model specification. Section 4 exhibits the results. Finally,
Section 5 presents the discussion and conclusions, which encompass the following compo-
nents: key findings, theoretical and practical implications, policy recommendations, and
limitations and future research.
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2. Literature Review
2.1. Industrial Agglomeration and Industrial Upgrading

To understand the role of industrial agglomeration in industrial upgrading, it is
essential to first define these concepts and explore their theoretical foundations. The
concept of industrial agglomeration, first articulated by Alfred Marshall in his seminal
work, “Principles of Economics”, underscores the advantages of geographical concentration
for firms through the notion of “industrial districts.” Marshall identified key factors, such
as the availability of specialized labor, proximity to suppliers, and knowledge spillovers, as
critical elements enhancing productivity and innovation within clustered industries [10].

Building on Marshall’s work, Michael Porter’s Cluster Theory further emphasizes the
role of agglomeration in fostering competitive advantage through localized networks of
firms, suppliers, and institutions [11]. Additionally, the New Economic Geography theory
by Paul Krugman highlights the role of economies of scale and transportation costs in
shaping industrial agglomeration [12]. These theoretical frameworks provide a robust
foundation for understanding the dynamics of industrial agglomeration and its impact on
industrial upgrading.

The primary drivers of industrial agglomeration encompass transport cost savings,
labor market pooling, and technology transfer, all contributing to the economic benefits
that firms experience when they cluster together [13]. Industrial agglomeration offers
substantial benefits, including economies of scale, enhanced innovation, labor market
pooling, market expansion, and improved infrastructure. These advantages collectively
enhance productivity and competitiveness, and promote sustainable economic growth [14].

Expanding on this, industrial upgrading involves transforming industries to enhance
their value-added capabilities, efficiency, and competitiveness. This process can mani-
fest in various forms, such as the adoption of advanced technologies, the improvement
of workforce skills, the introduction of higher-quality products, and the optimization of
production processes [15]. Industrial upgrading is essential for industries to maintain
competitiveness and ensure long-term sustainability. Furthermore, industrial upgrading
is characterized by the continuous enhancement of manufacturing skills and capabilities,
progressing from simpler to more complex tasks. This ongoing adaptation to environmen-
tal changes and technological innovations improves industry demands and capabilities.
By fostering higher-level development within industry chains and reducing reliance on
limited resources, industrial upgrading enhances the resilience and stability of the en-
tire industrial ecosystem, ultimately contributing to sustainable economic growth and
development [16–18].

However, the relationship between industrial agglomeration and industrial upgrad-
ing is inherently complex, containing both positive and negative dimensions that merit
thorough examination. On the positive side, agglomeration fosters an environment that
promotes knowledge spillovers, facilitating close interactions among firms that enable the
rapid exchange of ideas, expertise, and innovations [19]. This collaborative atmosphere
not only encourages firms to innovate, but also enhances their operational capabilities,
significantly contributing to the process of industrial upgrading. In contrast, potential
negative implications may arise within such agglomerated areas. Over time, firms may
become excessively focused on existing technologies and established practices, resulting in
a “lock-in” effect that can hinder innovation and limit the exploration of new upgrading
opportunities [20]. Furthermore, the overconcentration of industrial activities in specific
areas can result in overcrowding and congestion, which may strain local infrastructure and
exacerbate traffic issues. Industrial agglomeration can also give rise to negative externali-
ties, such as increased noise pollution, land degradation, and higher energy consumption.
These challenges can have lasting impacts on the sustainability of the region [21].
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Despite these complexities, the analysis within the automobile industry supports the
view that industrial agglomeration predominantly facilitates upgrading. The collabora-
tive dynamics inherent in automotive clusters encourage firms, including manufacturers
and suppliers, to share knowledge and innovate collectively, leading to advancements
that benefit all participants. Concentration of the automotive industry in specific regions
enables economies of scale, reducing production costs and enhancing competitiveness.
This is particularly evident in regions with a high density of automotive manufacturers
and suppliers [22]. Furthermore, automotive clusters facilitate the sharing of knowledge
and technological advancements among firms. This collaborative environment acceler-
ates innovation and the adoption of new technologies, which are crucial for industrial
upgrading [23].

Based on this, hypothesis 1 is proposed as follows:

H1. Industrial agglomeration positively affects the upgrading of China’s automobile industry.

2.2. The Threshold Effect of Human Capital

While industrial agglomeration creates opportunities for collaboration and innovation,
its effectiveness in driving industrial upgrading is contingent upon the level of human capi-
tal. In regions of industrial agglomeration, the concentration of firms facilitates knowledge
sharing and collaboration. However, the ability of firms to absorb and implement new
knowledge depends heavily on the quality and quantity of their human capital [24]. This
aligns with Human Capital Theory by Becker (1964), which emphasizes that investments
in education and training enhance workforce productivity and innovation capabilities [25].

Highly skilled employees are better positioned to absorb new knowledge and imple-
ment innovative practices. Agglomerations with a higher concentration of skilled labor
yield better innovation outcomes compared to those with lower levels of human capital [26].
However, a certain level of human capital must be reached for agglomeration to facili-
tate significant upgrading. Below this threshold, the benefits of agglomeration may not
materialize fully [27]. Therefore, we propose the following hypothesis:

H2. Human capital exhibits a threshold effect on the relationship between industrial agglomeration
and the upgrading of China’s automobile industry.

2.3. The Moderating Effect of Government

In addition to industrial agglomeration and human capital, government intervention
plays a critical role in shaping industrial upgrading. Michael Porter’s Diamond Model
provides a comprehensive framework for analyzing the competitive advantage of na-
tions and industries. This model consists of four interrelated components: firm strategy,
structure, and rivalry; demand conditions; related and supporting industries; and factor
conditions. Each of these elements plays a crucial role in shaping the competitive landscape
of an industry. Within this framework, the government plays a crucial role by enhancing
factor conditions through investments in education and infrastructure, shaping demand
through regulations that promote quality and innovation, and fostering competition and
collaboration among firms. By supporting related and supporting industries, the govern-
ment helps create a robust ecosystem that drives industrial upgrading and sustainable
development [11].

The effectiveness of government can significantly influence how firms within agglom-
erations upgrade their capabilities and competitiveness. For instance, governments can
create policies that encourage collaboration among firms within agglomerations. Policies
that promote research and development (R&D) funding, tax incentives, and grants can
stimulate innovation and technological advancement. Government-led initiatives that
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support cluster development can enhance knowledge sharing among firms, leading to
improved competitive advantages [28].

Moreover, the provision of adequate infrastructure is essential for the success of indus-
trial agglomerations. Governments are essential in building transportation, communication,
and utility infrastructures that enable the efficient movement of goods, services, and infor-
mation. Improved infrastructure can enhance connectivity among firms and institutions,
thereby fostering collaboration and innovation. Regions with better infrastructure tend
to experience more significant industrial upgrading due to reduced transaction costs and
improved access to resources, which also supports long-term sustainable development [29].

Based on the above analysis, hypothesis 3 is proposed:

H3. Government has a moderating effect on the impact of industrial agglomeration on the upgrading
of China’s automobile industry.

2.4. Conceptual Framework

In light of the preceding analysis, a conceptual framework is established as shown
in Figure 1. From Figure 1, it can be observed that the independent variable is industrial
agglomeration, the dependent variable is industrial upgrading, the threshold variable is
human capital, and the moderating variable is government. Additionally, control variables
such as technological innovation (TI), foreign direct investment (FDI), and global value
chain (GVC) are included to account for other factors influencing industrial upgrading.
This allows for a deeper analysis of the internal mechanisms through which industrial
agglomeration influences the upgrading of China’s automobile industry.
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3. Materials and Methods
3.1. Data Description
3.1.1. Measurement of Dependent Variable

In this study, the dependent variable is industrial upgrading, which is measured using
total factor productivity (TFP). This approach is based on the insights provided by Sun and
Xi [30], and Xu [31], who argue that TFP serves as a robust indicator of industrial upgrading
because it reflects the efficiency with which inputs are transformed into outputs, thereby
capturing improvements in productivity and technological advancement. This perspective
is supported by the work of Solow [32], who emphasizes that TFP is a critical determi-
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nant of long-term economic growth and competitiveness, and is also vital for achieving
sustainable development.

To measure TFP, this study employs the DEA–Malmquist method, which allows for
the assessment of productivity changes over time. The DEA (Data Envelopment Analysis)
approach utilizes linear programming to assess the efficiency of decision-making units,
while the Malmquist index specifically measures productivity changes by comparing TFP
between two periods. This method is well documented in the literature, notably in the
work of Färe et al. [33], who demonstrate the effectiveness of the DEA–Malmquist approach
in capturing productivity dynamics across various industries.

We acknowledge that the DEA–Malmquist method has certain limitations, such as
sensitivity to outliers and the challenge of distinguishing between statistical noise and
actual efficiency differences. Nevertheless, we contend that the DEA–Malmquist method is
particularly well suited for our study for several reasons. First, its non-parametric nature
allows for greater flexibility, as it does not require specific assumptions regarding the
functional form of the production frontier, making it adaptable to the complex dynamics of
the automotive industry. Second, the method’s ability to simultaneously handle multiple in-
puts and outputs is essential for capturing the multifaceted nature of industrial upgrading.
Finally, the widespread acceptance of the DEA–Malmquist approach in the literature, espe-
cially in the context of efficiency and productivity analysis related to industrial upgrading
and agglomeration, enhances the comparability of our findings with existing research.

The DEA–Malmquist method integrates the strengths of both Data Envelopment
Analysis (DEA) and the Malmquist productivity index to deliver a dynamic evaluation
of productivity shifts. This approach decomposes productivity change into two principal
components: efficiency change and technological progress. To analyze alterations in total
factor productivity (TFP), we employ the Malmquist productivity index derived from the
DEA framework. An index value greater than 1 signifies an enhancement in TFP, indicating
potential industrial upgrading, while a value less than 1 reflects a decline, suggesting
possible stagnation or regression.

The selection of input and output indicators is crucial for conducting a comprehensive
DEA–Malmquist analysis, as the accuracy and relevance of these indicators directly influ-
ence the validity of the results. In this study, labor input is quantified by the end-of-year
employment figures within the automotive industry, aligning with the methodology es-
tablished by Qu and Meng [34]. This choice is justified, as employment levels reflect the
industry’s capacity to utilize human resources effectively, which is a critical component of
productivity assessments.

Capital input, on the other hand, is represented by the aggregate of fixed and current
assets specific to the automotive sector, in accordance with the approach taken by Fu [35].
By incorporating both fixed and current assets, this indicator captures a broader perspective
of the capital available for production, thus providing a more comprehensive view of the
industry’s investment.

To measure output, the total production value of the automotive industry is utilized,
following the framework set forth by Lu and Wen [36]. This metric serves as a robust
indicator of the industry’s overall performance and economic contribution, encapsulating
the value generated from automotive production activities.

TFP is computed using the DEA–Malmquist model, with the TFP value for the base
year set at 1. The values for the subsequent years are derived by multiplying the Malmquist
index of each year by the TFP value of the preceding year [37]. The data utilized in this
DEA–Malmquist model are sourced from authoritative publications, namely the China
Industrial Statistical Yearbook and the China Automotive Industry Yearbook, ensuring
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that the information is both reliable and relevant, with 2000 used as the base period
for deflation.

3.1.2. Measurement of Independent Variable

This study, building on the work of Zhang et al. [38], employs the method of location
quotient (LQ) index to assess the agglomeration degree of the automotive industry. The
use of location entropy as a tool for measuring industrial agglomeration is advantageous,
as it effectively captures both the distribution of industries and their relative concentration
within specific regions. This method allows for comparisons of agglomeration levels across
different regions and time periods, revealing the competitive advantages arising from geo-
graphic concentration, such as enhanced collaboration among firms, access to specialized
labor markets, and the development of regional supply chains [39]. The measurement
formula of industrial agglomeration is as follows:

AGGi =
ASi/Si

AS/S
(1)

The variable AGGi denotes the degree of agglomeration of the automobile industry
in province i. The term ASi refers to the total output value of the automobile industry in
province i, while Si represents the overall industrial output value of that province. AS
signifies the total output value of the national automobile industry, and S indicates the
total industrial output value of the country. When AGGi > 1, it indicates that province
i possesses a comparative advantage in the automobile industry relative to the national
context. Conversely, if AGGi < 1, this suggests that the specialization level of the automobile
industry in province i is below the national average, indicating a competitive disadvantage.
The data are from the China Industrial Statistical Yearbook, China Statistical Yearbook, and
China Automotive Industry Yearbook.

3.1.3. Measurement of Threshold Variable and Moderator

The threshold variable identified in this study is human capital, a critical determi-
nant that significantly influences the relationship between industrial agglomeration and
industrial upgrading. In this study, human capital is primarily measured by the average
years of schooling, which serves as a proxy for the overall educational attainment of the
workforce [40,41]. It is specifically obtained by calculating the weighted average using the
population proportion of each education level and the corresponding years of education.
The data of human capital are sourced from the China Statistical Yearbook. While more
detailed indicators, such as the number of R&D personnel or the proportion of engineers,
would provide a richer understanding of human capital, these data are not consistently
available at the provincial level for the entire study period (2000–2020). Nevertheless,
average years of schooling is a widely used and accepted measure in the literature, as it
captures the general level of education and skills within the workforce, which is a critical
component of human capital. Future research could explore more granular measures if
data availability improves.

In addition to human capital, the role of government as a moderator variable is
examined in this study. Specifically, the government’s influence is assessed through the
ratio of regional government general public budget expenditures to GDP [42,43]. This
metric serves as an indicator of the government’s financial commitment to public services
and infrastructure, which are essential for fostering a conducive environment for industrial
growth and agglomeration. The data are sourced from the China Statistical Yearbook. While
more specific policy indicators, such as industrial subsidies or tax incentives, could provide
a more nuanced understanding of government intervention, these data are not consistently
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available at the provincial level for the entire study period (2000–2020). The ratio of
government expenditures to GDP provides a broad measure of government involvement
in the economy.

3.1.4. Measurement of Control Variables

The control variables included in this study are global value chain (GVC), technological
innovation (TI), and foreign direct investment (FDI), each of which impacts the upgrading
of the automobile industry in China.

Firstly, the positioning of China’s automobile industry within the global value chain
significantly influences its upgrading [44]. The GVC position index, as referenced in the
work of Koopman et al. [45], is employed to assess this positioning. This index provides a
nuanced understanding of how integrated the Chinese automobile sector is within global
market dynamics. The GVC data utilized in this analysis are sourced from the OECD-TiVA
2023 database, which offers comprehensive information up to the year 2020.

Secondly, technological innovation is recognized as a pivotal driver for UCAI [46]. In
this study, we measure technological innovation by adopting the methodology put forth
by Yu et al. [47]. Specifically, we calculate the proportion of internal research and develop-
ment (R&D) expenditure relative to the gross domestic product (GDP) of each province.
This proportion is then multiplied by the total output value of the automobile industry
within that province. This approach can reflect the level of technological innovation in the
automotive industry, allowing for a more comprehensive analysis of how technological
innovation contributes to industry upgrading. The data are sourced from China Statistical
Yearbook and China Automotive Industry Yearbook. The unit is billion CNY.

Lastly, foreign direct investment is another critical variable impacting the UCAI [48].
To quantify the influence of FDI, this study follows the methodology established by
Shen [49]. We measure foreign direct investment by examining the proportion of an-
nual automobile output value in relation to the regional GDP for each province. This figure
is then multiplied by the total foreign direct investment inflow into the automotive industry.
The data are also sourced from the China Statistical Yearbook and China Automotive
Industry Yearbook. The unit is billion CNY. The variables, abbreviations, and data sources
are summarized in Table 1.

Table 1. List of variables, abbreviations, data sources, and measurements.

Variable Type Variable Abbreviation Data Source Measurement

Dependent
Variable

Industrial
Upgrading Upgrade

China Industrial Statistical
Yearbook;

China Automotive
Industry Yearbook

Measured using total
factor productivity (TFP),

based on [30,31].

Independent
Variable

Industry
Agglomeration AGG

China Industrial Statistical
Yearbook;

China Statistical Yearbook;
China Automotive
Industry Yearbook

Measured using the
location quotient (LQ)
index, as supported by

[38].

Threshold
Variable Human Capital HC China Statistical Yearbook

Measured by the average
years of schooling,
following [40,41].

Moderating
Variable Government GOV China Statistical Yearbook

Measured by the ratio of
regional government
general public budget
expenditures to GDP,

based on [42,43].
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Table 1. Cont.

Variable Type Variable Abbreviation Data Source Measurement

Control Variables

Global Value
Chain GVC OECD-TiVA 2023 database

Measured by GVC position
index, as referenced in the

work of [45].

Technological
Innovation TI

China Statistical Yearbook;
China Automotive
Industry Yearbook

Measured as the
proportion of internal R&D
expenditure to provincial

GDP, multiplied by the
total output value of the

local automobile industry,
following [47].

Foreign Direct
Investment FDI

China Statistical Yearbook;
China Automotive
Industry Yearbook

Measured by the
proportion of annual

automobile output value to
regional GDP, multiplied
by total FDI inflows into
the automotive industry,

based on [49].

3.2. Model Specification

In this study, the dynamic panel of System Generalized Method of Moments (GMM) is
employed to examine the impact of industrial agglomeration on the UCAI. The Generalized
Method of Moments (GMM), as defined by Arellano and Bond [50], is a robust estimation
technique that addresses endogeneity issues using instrumental variables. This method is
particularly suitable for dynamic panel data models, as it allows for the inclusion of lagged
dependent variables and accounts for unobserved heterogeneity.

Since industrial upgrading is inherently a dynamic process influenced by past perfor-
mance, the inclusion of the lagged dependent variable in the model is necessary. However,
this inclusion may lead to endogeneity issues, potentially biasing the estimation results
and affecting the validity of the conclusions. The system GMM estimator is particularly
well suited to address these endogeneity concerns, as it leverages both level and differ-
enced equations, utilizing a richer set of instruments and improving estimation efficiency.
Moreover, by combining moment conditions from these two equations, system GMM can
enhance the robustness and reliability of empirical results.

We used lagged values of the endogenous variables and the dependent variable as
instruments, which is a common and well-established practice in dynamic panel data
analysis [51,52]. These instruments are theoretically relevant because past values of the
variables are likely to influence their current values, but are not directly correlated with
the error term in the current period. Specifically, the lagged values of the dependent
variable help capture the dynamic nature of the relationship, while the lagged values of the
endogenous variables address potential simultaneity bias.

The analysis utilizes data from 28 Chinese provinces over a 21-year period (2000–2020),
excluding those with missing information. We selected data from 28 Chinese provinces
because data for Qinghai, Ningxia, and Tibet were incomplete or unavailable, which would
have compromised the consistency and reliability of our analysis. These 28 provinces
represent the majority of China’s automobile industry output and cover diverse regional
characteristics, ensuring a comprehensive representation of the industry. The period
2000–2020 was chosen because it captures the rapid development and structural changes in
China’s automobile industry, characterized by rapid growth, technological advancements,
and significant structural changes. This period aligns with China’s accession to the WTO in
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2001, which spurred foreign investment and technological modernization, as well as key
government policies. Additionally, data from 2000 onward are more consistent and reliable
at the provincial level, ensuring the accuracy of our analysis.

To meet the GMM model’s requirement for a short panel (N > T), the data are averaged
over three-year intervals, resulting in seven data periods. This approach increases the
gap between N and T, thereby enhancing the validity of the GMM model. While this
sample size is relatively small, we used the xtabond2 command in Stata, which includes
the collapse and small options to handle small sample issues. The collapse option reduces
the number of instruments by collapsing the instrument matrix, mitigating the problem
of instrument proliferation, which can lead to overfitting and biased estimates in GMM
models with limited data. This ensures the model remains parsimonious and efficient.
The small option adjusts standard errors to account for finite-sample bias, improving the
reliability of hypothesis tests and confidence intervals. Together, these options enhance the
efficiency and robustness of the GMM estimates, ensuring our findings are both statistically
valid and economically meaningful.

The automotive industry underwent rapid development and significant structural
changes during the period from 2000 to 2020. While segmenting the data into smaller
sub-periods could provide valuable insights into these dynamics, the current data structure
imposes limitations on such an approach due to sample size constraints. To meet the
requirements of the GMM model, we aggregated the data into three-year intervals, resulting
in seven distinct time periods. Further segmentation of these periods would substantially
reduce the sample size, undermining the robustness of the model estimates. Nevertheless,
we acknowledge the importance of examining temporal heterogeneity and suggest that
future research consider segmenting the data at different stages when larger datasets
become available. This would enable a more nuanced analysis of the automotive industry’s
evolution over time.

3.2.1. Baseline Model

The baseline model is designed to study the direct impact effect of industrial agglom-
eration on the UCAI. The following baseline model 1 is established:

Upgradei,t = α0 + α1Upgradei,t−1 + α2AGGi,t + α3Xi,t + εi,t (2)

Among them, i is province. t is time. Upgradei,t is dependent variable, indicating
the upgrading of the automobile industry; Upgradei,t−1 represents the lag period of the
dependent variable; and AGGi,t represents the independent variable, which signifies
industrial agglomeration. Xi,t represents the control variables, including GVC (global value
chain), TI (technological innovation) and FDI (foreign direct investment). α0 is the constant
term, and εi,t is the random error term. The coefficient α2 represents the direction and
magnitude of the impact of industrial agglomeration on the UCAI.

3.2.2. Threshold Effect Model

To examine the threshold role of human capital in the connection between industrial
agglomeration and the UCAI, this paper applies the dynamic panel threshold model
proposed by Seo et al. [53]. This model effectively integrates the characteristics of dynamic
panel data with threshold effect analysis, thereby facilitating a more nuanced understanding
of threshold dynamics while addressing endogeneity concerns. The following dynamic
panel threshold model 2 is established for this purpose:

Upgradei,t = β0 + β1Upgradei,t−1 + β2AGGi,t•I (HC i,t ≤ c) + β3AGGi,t•I (HCi,t > c) + β4Xi,t + εi,t (3)
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where HCi,t represents the human capital of province i in year t, serving as the threshold
variable for this study. The symbol c denotes the threshold value, while I() indicates the
indicator function. β2 and β3 signify the extent of the impact of AGGi,t on Upgradei,t when
HCi,t ≤ c and HCi,t > c, respectively.

3.2.3. Moderating Effect Model

To examine the moderating role of government in the impact of industrial agglomera-
tion on the UCAI, this study establishes moderating model 3 utilizing system GMM, as
follows:

Upgradei,t = θ0 + θ1Upgradei,t−1 + θ2AGGi,t + θ3AGGi,t*GOVi,t + θ4GOVi,t + θ5Xi,t + εi,t (4)

In the equation above, GOVi,t denotes government in province i during year t,
while the term AGGi,t*GOVi,t represents the interaction between industrial agglomer-
ation (AGGi,t) and government (GOVi,t). When θ2 and θ3 are significant, it indicates that
the government has played a moderating role in the influence of industrial agglomeration
on the UCAI.

To analyze the relationships between industrial agglomeration, human capital, gov-
ernment, and the upgrading of China’s automobile industry, we employ a combination
of advanced analytical techniques. These techniques are tailored to address the direct,
moderating, and threshold effects in our research framework. For clarity, we summarize
the analytical approaches in Table 2.

Table 2. Analytical techniques for direct, moderating, and threshold effects.

Relationship Type Analytical Technique Description

Direct Relationship DEA–Malmquist model,
System GMM

Measures the direct impact
of industrial agglomeration

on industrial upgrading.

Moderating Effect Interaction terms in
regression model

Tests how government
moderates the relationship

between industrial
agglomeration and

industrial upgrading.

Threshold Effect Dynamic panel threshold
model

Analyzes the threshold
effect of human capital on
the relationship between
industrial agglomeration
and industrial upgrading.

3.2.4. Interaction Effects Model

To explore the interaction effects between industrial agglomeration, human capital, and
government, we included interaction terms between industrial agglomeration (AGG) and
human capital (HC), as well as between industrial agglomeration (AGG) and government
(GOV), in our regression models. These interaction terms allow us to examine how the
combined effects of these factors influence the upgrading of the automotive industry. Based
on this approach, we establish model 4 as follows:

Upgradei,t = ω0 + ω1Upgradei,t−1 + ω2AGGi,t + ω3AGGi,t*GOVi,t + ω4AGGi,t*HCi,t + ω5GOVi,t + ω6HCi,t + θ7Xi,t + εi,t (5)

where AGGi,t*GOVi,t and AGGi,t*HCi,t are interaction terms that capture the combined
effects of industrial agglomeration with government and human capital, respectively. The
interaction terms (ω3 and ω4) must be statistically significant to confirm the presence of
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interaction effects. Additionally, the direction (positive or negative) and magnitude of the
coefficients provide insights into how these factors jointly influence industrial upgrading.

4. Results
4.1. Descriptive Statistics

This study examines the impact of industrial agglomeration on the UCAI, incorporat-
ing the threshold effect of human capital and the moderating effect of government. Table 3
presents the descriptive statistics for all variables. The statistical findings indicate that
the average value of industrial upgrading is 3.0704 (standard deviation = 2.3097), with
a minimum value of 0.2768 and a maximum value of 15.1788, demonstrating significant
variability in industrial upgrading across provinces and years. The average value of indus-
trial agglomeration is 1.1627 (standard deviation = 1.4262), with a minimum of 0.0119 and
a maximum of 8.5466, reflecting disparities in industrial agglomeration across provinces
within the industry. The human capital variable has a mean of 8.6542 (standard deviation
= 1.0744), indicating a generally concentrated level of skills in the industry. The govern-
ment variable shows an average of 0.1937 and a standard deviation of 0.0770, highlighting
relatively minor variations in government capacity across provinces, with a minimum of
0.0757 and a maximum of 0.4575. Among the control variables, GVC has a mean of 0.5830,
technological innovation averages 2.5193, and FDI has a mean of 2.8040.

Table 3. Descriptive statistics.

Variable Obs Mean Std.dev. Min Max

Upgrade 196 3.0704 2.3097 0.2768 15.1788
AGG 196 1.1627 1.4262 0.0119 8.5466
HC 196 8.6542 1.0744 6.0535 12.5817

GOV 196 0.1937 0.0770 0.0757 0.4575
GVC 196 0.5830 0.2819 0.0132 1.3025

TI 196 2.5193 5.1349 0.0006 29.2029
FDI 196 2.8040 4.4684 0.0002 27.3320

4.2. Result of Total Factor Productivity

This study employs the DEA–Malmquist method to assess the total factor productivity
of the automobile industry across 28 provinces in China from 2000 to 2020, excluding
provinces with missing data. TFP is used in this context as a proxy variable for the UCAI.
Table 4 presents the average annual rate of change in total factor productivity, along with
its components.

From 2000 to 2020, the average rate of change in total factor productivity (TFP) of
China’s automobile industry was 1.063, indicating a growth rate of 6.3% during this period.
The rates of change for technological progress and technical efficiency were 1.034 and 1.028,
respectively, reflecting growth rates of 3.4% and 2.8%. Thus, the growth in total factor
productivity was primarily driven by technological progress. Notably, the automotive
industry’s TFP experienced the most significant increases during the periods of 2001–2002
and 2015–2016, with growth rates of 34.6% and 59.1%, respectively. Conversely, negative
growth in TFP was observed during the periods of 2007–2008, 2010–2012, 2013–2014,
and 2017–2020.

Figure 2 illustrates the average rate of change in total factor productivity (TFP) of
the automotive industry across 28 provinces in China (2000–2020). The data reveal that
Beijing exhibited the highest average rate of change in TFP at 1.153, corresponding to a
growth rate of 15.3%. In contrast, Gansu Province recorded a TFP rate of 0.924, indicating
a negative growth rate of 7.6%. Therefore, while the overall TFP in China’s automotive
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industry has shown an upward trend, certain regions and provinces have experienced
negative growth. This highlights the pressing need for further upgrades in TFP within the
Chinese automotive sector.

Table 4. Change rate and decomposition index of total factor productivity of automobiles in China
from 2000 to 2020.

Year Effch Techch Tfpch

2000–2001 1.068 1.134 1.211
2001–2002 0.968 1.390 1.346
2002–2003 1.381 0.812 1.121
2003–2004 0.849 1.183 1.005
2004–2005 1.418 0.753 1.069
2005–2006 1.011 1.135 1.148
2006–2007 1.127 0.956 1.078
2007–2008 0.812 1.176 0.955
2008–2009 0.982 1.172 1.151
2009–2010 1.217 0.842 1.025
2010–2011 0.798 1.068 0.852
2011–2012 1.038 0.961 0.997
2012–2013 1.005 1.022 1.026
2013–2014 0.982 0.995 0.977
2014–2015 1.141 0.926 1.057
2015–2016 1.218 1.306 1.591
2016–2017 1.057 0.985 1.042
2017–2018 0.864 1.084 0.937
2018–2019 0.723 1.315 0.950
2019–2020 1.229 0.763 0.938

Mean (2000–2020) 1.028 1.034 1.063
Notes: Techch is the technological change; tffch is the technical efficiency change; tfpch is the total factor
productivity change.
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4.3. Results of Baseline Effect

In this paper, the System Generalized Method of Moments (GMM) is employed to
analyze the effect of industrial agglomeration on the UCAI, utilizing Stata software for
the analysis.
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Table 5 displays the results of the baseline regression. It can be observed that the
p-value for AR(1) is 0.049, which is below 0.1; in contrast, the p-value for AR(2) is 0.421,
exceeding 0.1, and the p-value for the Hansen test is 0.228, which also exceeds 0.1. These
results indicate that all conditions of system GMM have been met, confirming the validity
of the test outcomes.

Table 5. Baseline effect results.

Variable
Model 1
Upgrade

L1.Upgrade 0.8206 ***
(0.0334)

AGG
0.5141 ***
(0.0380)

GVC
−1.1003 **

(0.4130)

FDI
−0.1019 ***

(0.0207)

TI
0.1549 ***
(0.0203)

Constant
0.9256 ***
(0.2486)

Number of groups 28

Number of instruments 25

AR(1) 0.049

AR(2) 0.421

Hansen 0.228
Notes: 1. Figures in parentheses are standard errors. 2. ***, **, and * indicate significant significance at 1%, 5% and
10% levels of significance.

L1.Upgrade represents the lagged value of the dependent variable industrial upgrad-
ing (Upgrade), with a coefficient of 0.8206. This value is statistically significant at the 1%
level, indicating that past performance in automobile industry upgrading significantly
influences current upgrading efforts. This finding further supports the rationale for em-
ploying the GMM model in this analysis. The coefficient for industrial agglomeration
(AGG) is 0.5141 and statistically significant at the 1% level, indicating that a 1% increase in
industrial agglomeration leads to a 0.5141% increase in industrial upgrading. This finding
supports hypothesis 1 and highlights the economic significance of agglomeration in driving
innovation, knowledge spillovers, and economies of scale.

For control variables, global value chain (GVC) and foreign direct investment (FDI)
have significant negative effects on the UCAI due to structural dependencies and limited
technology transfer. GVC confines domestic firms to low-value-added activities, while
foreign firms dominate R&D and branding, stifling local innovation [54,55]. FDI prioritizes
foreign interests, reducing technology spillovers and suppressing domestic capabilities [56].
Conversely, technological innovation significantly drives industrial upgrading by enhanc-
ing R&D capacities, enabling advancements in product quality and facilitating the transition
to high-value-added production [57].
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4.4. Results of Threshold Effect

This paper examines the threshold effect of human capital regarding the connection
between industrial agglomeration and the UCAI, utilizing the xthenreg command in Stata
software. Table 6 displays the findings.

Table 6. Dynamic panel threshold results.

Variable
Upgrade Upgrade

Lower Regime Upper Regime

Threshold value
8.5099 ***
(0.2939)

L1.Upgrade 0.2360 *** −0.1921 ***
(0.0329) (0.0312)

AGG
0.0466 0.8348 ***

(0.0683) (0.1133)

HC
−0.0513 2.6228 ***
(0.2890) (0.3673)

Constant
−23.6507 ***

(3.0658)

Number of provinces 28

Bootstrap p-value for
linearity 0.000

95% confidence interval [7.9338, 9.0859]
Notes: 1. Figures in parentheses are standard errors. 2. ***, **, and * indicate significance at 1%, 5% and 10% levels
of significance.

Table 6 reveals a threshold value of human capital (HC) at 8.5099, situated within
a robust 95% confidence interval of 7.9338 to 9.0859, indicating a statistically significant
threshold effect in the analyzed relationship. The linearity test further supports this finding,
with a p-value significant at the 1% level, validating the presence of a threshold relationship.

The dynamic panel threshold model proposed by Seo et al. [53] is particularly well
suited for our dataset, as its modified structure ensures an adequate number of observations
for reliably estimating threshold effects. With a total of 196 observations, our model exhibits
strong statistical power, facilitating the accurate detection of threshold effects [58]. The
bootstrap p-value for linearity is 0.000, confirming the statistical significance and robustness
of our findings [59]. Overall, the identified threshold value of human capital not only
underscores the precision of our estimates, but also reinforces our conclusions regarding
the impact of industrial agglomeration on the upgrading of the automobile industry.

The analysis demonstrates that industrial agglomeration exerts no notable positive
influence on the upgrading of China’s automobile industry when HC levels fall below
8.5099. However, once human capital exceeds this threshold, the effect becomes strongly
positive (coefficient = 0.8348), highlighting the critical role of a skilled workforce in unlock-
ing the benefits of agglomeration. This finding supports hypothesis 2 and has important
policy implications. It suggests that investments in education and training are essential
for enabling firms to fully leverage the advantages of industrial agglomeration, such as
knowledge spillovers and collaborative innovation. Regions with lower levels of hu-
man capital may struggle to achieve industrial upgrading, even in the presence of strong
agglomeration effects.
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4.5. Results of Moderating Effect

This study further verifies the moderating effect of government on the impact of
industrial agglomeration on the UCAI, as presented in Table 7. The analysis was conducted
using the System Generalized Method of Moments (GMM) approach and implemented
through Stata software.

Table 7. Moderating effect results.

Variable
Model 3
Upgrade

L1.Upgrade 0.8089 ***
(0.0370)

AGG
0.8789 ***
(0.1539)

GOV_AGG
−2.0297 **

(0.8964)

GOV
2.9648 ***
(0.7203)

GVC
−1.0341 *
(0.5453)

FDI
−0.0741 ***

(0.0190)

TI
0.1260 ***
(0.0206)

Constant
0.3395

(0.3592)

Number of groups 28

Number of instruments 27

AR(1) 0.050

AR(2) 0.422

Hansen 0.164
Notes: 1. Figures in parentheses are standard errors. 2. ***, **, and * indicate significance at 1%, 5% and 10% levels
of significance. 3. GOV_AGG is the interaction term between GOV and AGG.

The results, presented in Table 7, show that while industrial agglomeration has a
positive and significant effect on upgrading (coefficient = 0.8789), the interaction term
between government intervention and agglomeration (GOV_AGG) is negative and signifi-
cant (−2.0297). This suggests that the current capacity of the Chinese government is not
sufficient to fully support the benefits of agglomeration, potentially due to inefficiencies
in policy implementation or resource allocation [60]. These findings underscore the need
for improved governance and more effective policy frameworks to enhance the impact
of industrial agglomeration. For instance, targeted subsidies, infrastructure investments,
and innovation incentives could help amplify the positive effects of agglomeration while
mitigating its limitations.

4.6. Results of Interaction Effects

To address the potential interaction effects between industrial agglomeration, human
capital, and government, we included interaction terms in our regression models, which
were implemented using the System GMM method in Stata. The results are presented in
Table 8.
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Table 8. Interaction effects results.

Variable
Model 4
Upgrade

L1.Upgrade 0.4819 ***
(0.0399)

AGG
4.3294 ***
(0.6699)

GOV_AGG
−10.0660 ***

(1.8647)

HC_AGG
0.7401 ***

0.1084

GOV
5.5291 ***
(1.2099)

HC
0.4183 ***

0.1284

GVC
−0.8413
(0.5671)

FDI
−0.3184 ***

(0.0463)

TI
0.1627 ***
(0.0136)

Constant
−2.5042 **

(0.9629)

Number of groups 28

Number of instruments 27

AR(1) 0.037

AR(2) 0.556

Hansen 0.311
Notes: 1. Figures in parentheses are standard errors. 2. ***, **, and * indicate significant at 1%, 5% and 10% levels
of significance. 3. GOV_AGG is the interaction term between GOV and AGG. HC_AGG is the interaction term
between HC and AGG.

The interaction term between industrial agglomeration and human capital (HC_AGG)
is positively significant (ω4 = 0.7401, p < 0.01), indicating that the presence of a highly
skilled workforce enhances the positive impact of industrial agglomeration on industrial
upgrading. This suggests that regions with higher levels of human capital are better able
to leverage the benefits of agglomeration, such as knowledge spillovers, collaborative
innovation, and economies of scale [61].

In contrast, the interaction term between industrial agglomeration and government
intervention (GOV_AGG) is negatively significant (ω3 = −10.0660, p < 0.01). This result
suggests that the current capabilities of the Chinese government may not be sufficient
to fully leverage the benefits of industrial agglomeration. This underscores the need for
improved governance and more effective policy frameworks to enhance the impact of
industrial agglomeration.

The results of model 4 demonstrate that industrial agglomeration, human capital,
and government intervention jointly influence the upgrading of the automotive industry.
While human capital enhances the positive impact of agglomeration, the current capa-
bilities of the Chinese government may not be sufficient to fully leverage the benefits of
agglomeration. These findings underscore the importance of aligning government poli-
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cies and human capital development with industrial agglomeration strategies to promote
sustainable industrial upgrading.

4.7. Robustness Checks

To further validate the reliability of our results, we conducted a series of robustness
checks using alternative model specifications and estimation methods, referencing the
studies of Yang et al. [62] and Wang et al. [63], as shown in Table 9.

Table 9. Robustness check results.

Variable
SYS-GMM Fixed Effects Random

Effects DIFF-GMM

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

L1.Upgrade 0.7731 *** 0.5759 ***
(0.0476) (0.0952)

AGG
0.6542 *** 0.3446 ** 0.2579 * 0.3247 ***
(0.0941) (0.1582) (0.1446) (0.1063)

GVC
−2.0058 *** 2.4140 *** 1.6968 ** −1.6004 *

(0.5808) (0.9124) (0.7921) (0.8384)

FDI
−0.0182 0.0850 0.0160 0.0474
(0.0241) (0.0709) (0.0673) (0.0427)

TI
0.1169 *** 0.1212 ** 0.1663 *** 0.1169 ***
(0.0189) (0.0517) (0.0509) (0.0189)

ER
0.1749 *** 0.1332 ***
(0.0197) (0.0357)

Constant
−0.0562 0.7187 1.3177 **
(0.4012) (0.4899) (0.5091)

Number of
groups 28 28

Number of
instruments 25 18

AR(1) 0.065 0.012

AR(2) 0.482 0.324

Hansen 0.196 0.247

Hausman Test 0.0024
Notes: 1. Figures in parentheses are standard errors. 2. ***, **, and * indicate significance at 1%, 5% and 10% levels
of significance.

First, in Column (1), we introduced an additional control variable, environmental
regulation (ER), measured as the ratio of industrial pollution treatment investment to
industrial added value. The results indicate that industrial agglomeration (AGG) remains
positively significant at the 1% level, consistent with our baseline findings.

In Columns (2) and (3), we employed fixed effects (FE) and random effects (RE)
models to address potential unobserved heterogeneity. Both models confirm that industrial
agglomeration has a significantly positive impact on industrial upgrading, with coefficients
significant at the 5% and 10% levels, respectively. The Hausman test yields a p-value of
0.0024, strongly favoring the fixed effects model over the random effects model, further
supporting the robustness of our findings.

Finally, in Column (4), we utilized the Difference GMM (DIFF-GMM) method to
address potential endogeneity and dynamic panel bias. The results remain consistent with
our baseline System GMM (SYS-GMM) estimates, as industrial agglomeration continues
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to exhibit a positive and statistically significant effect at the 1% level. Diagnostic tests for
DIFF-GMM, including the AR(1) and AR(2) tests, confirm the absence of second-order
serial correlation, while the Hansen test indicates valid instruments (p = 0.247).

Overall, the robustness checks across different model specifications and estimation
methods consistently support our baseline conclusion that industrial agglomeration signifi-
cantly promotes the upgrading of China’s automotive industry. These findings underscore
the reliability and generalizability of our results.

5. Discussion and Conclusions
This study investigates the influence of industrial agglomeration on the upgrading of

China’s automobile industry, while also exploring the threshold effect of human capital
and the moderating role of government. The findings provide valuable insights into the
mechanisms driving industrial upgrading and offer important implications for theory,
policy, and practice.

5.1. Key Findings and Implications

The baseline model reveals that industrial agglomeration significantly promotes the
upgrading of China’s automobile industry. This is primarily achieved through knowledge
spillovers, economies of scale, and enhanced collaboration among firms. The concentration
of firms fosters innovation, improves production processes, and enhances product quality,
creating a competitive ecosystem that drives sustainable development. However, it is
important to acknowledge that industrial agglomeration may also have negative effects,
such as increased competition for resources, rising costs, and potential environmental
degradation. In the context of China, these challenges could manifest as overcapacity
in certain regions or inefficiencies in resource allocation. Policymakers must address
these issues by implementing balanced regional development strategies and promoting
sustainable practices within agglomerated areas [64].

The dynamic panel threshold model highlights the critical role of human capital as
a threshold factor in the relationship between industrial agglomeration and industry up-
grading. A skilled workforce is essential for fully leveraging the benefits of agglomeration,
such as innovation and productivity gains. When human capital levels are below a cer-
tain threshold, firms struggle to exploit these advantages, limiting the positive impacts of
agglomeration. Conversely, higher levels of human capital enable firms to drive innova-
tion and efficiency, significantly enhancing the upgrading process. This underscores the
need for targeted education and training programs to equip the workforce with advanced
skills, particularly in emerging areas such as electric vehicles and autonomous driving
technologies [7].

The analysis of the moderating effect demonstrates that government plays a crucial
role in amplifying the benefits of industrial agglomeration. By addressing market fail-
ures, providing infrastructure, and implementing supportive policies, the government
can facilitate knowledge spillovers, innovation, and collaboration among industry players.
However, ineffective or excessive government intervention could lead to inefficiencies or
distortions in the market. Therefore, it is essential for governments to adopt a balanced
approach, focusing on creating a conducive regulatory environment while avoiding over-
regulation. Local governments must strengthen their capabilities in resource allocation,
policy implementation, and coordination among stakeholders to ensure that the advantages
of agglomeration are effectively harnessed for industrial upgrading [65,66].
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5.2. Theoretical and Practical Implications

This study contributes to the theoretical understanding of industrial agglomeration
by highlighting the interplay between agglomeration, human capital, and government
intervention in driving industry upgrading. It extends the existing literature by incorpo-
rating threshold and moderating effects, providing a more nuanced perspective on the
mechanisms underlying industrial upgrading. From a practical standpoint, these findings
offer actionable insights for policymakers and industry stakeholders. Our results suggest
that fostering industrial agglomeration alone is insufficient; targeted investments in human
capital and supportive government policies are essential for sustainable industrial upgrad-
ing. Specifically, fostering industrial clusters, investing in human capital development, and
enhancing government capacity are critical strategies for promoting sustainable growth in
China’s automobile industry.

5.3. Policy Recommendations

Based on these findings, the following policy recommendations are proposed:
Firstly, efforts should be made to promote industrial agglomeration by encouraging

the formation of industry-specific zones to facilitate collaboration and innovation while
addressing potential negative effects, such as resource competition and environmental con-
cerns. Policymakers should focus on creating incentives for firms to cluster together, such
as developing shared infrastructure, providing logistical support, and offering financial
incentives for sustainable practices. Additionally, regional development strategies should
be implemented to prevent overcapacity and ensure balanced growth across different areas.
By fostering a collaborative ecosystem, industrial agglomeration can drive innovation and
efficiency while minimizing its adverse impacts.

Secondly, it is crucial to invest in human capital by developing targeted education
and training programs to equip the workforce with advanced skills, ensuring that firms
can fully leverage the benefits of agglomeration. Collaborations between educational
institutions and industry players should be strengthened to align curricula with market
needs, particularly in emerging fields such as electric vehicles, autonomous driving, and
advanced manufacturing techniques. Furthermore, fostering a culture of lifelong learning
will help workers adapt to rapidly changing technological landscapes, ensuring sustained
growth in the sector and maintaining a competitive edge on a global scale.

Thirdly, enhancing government capacity is essential to maximize the benefits of indus-
trial agglomeration. This involves strengthening the government’s ability to implement
effective policies, allocate resources efficiently, and foster collaboration among stakeholders.
Policymakers should develop clear metrics for evaluating policy success, improve coordina-
tion among stakeholders, and create a transparent governance framework. By addressing
market failures and providing a supportive regulatory environment, the government can
amplify the positive effects of agglomeration while mitigating potential inefficiencies.
Proactive government involvement is key to transforming regional automobile hubs into
centers of innovation and excellence.

5.4. Limitations and Future Research

This study has certain limitations that should be acknowledged. Firstly, our research
focuses on direct relationships, moderating effects, and threshold effects, and does not
explore mediation effects. While the Baron and Kenny model is a widely used approach
for mediation analysis, it was not employed in this study because our research design
does not center on indirect pathways. Future studies could examine mediation effects
using advanced techniques, such as the Baron and Kenny model or structural equation
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modeling, to provide a more comprehensive understanding of the mechanisms driving
industrial upgrading.

Secondly, due to data availability constraints, our measurement of human capital is
limited to average years of schooling. Although widely used, this proxy may not fully
capture the quality and structure of human capital, such as the proportion of engineers
or R&D personnel. Similarly, the measurement of government intervention is restricted
to the ratio of regional government general public budget expenditures to GDP. While
this indicator provides a broad measure of government involvement, it does not capture
more specific policy instruments, such as industrial subsidies, tax incentives, or targeted
support for innovation. Future research could incorporate more granular measures to better
understand the role of human capital and government intervention in industrial upgrading.

Thirdly, while we employed the DEA–Malmquist method to measure industrial up-
grading through total factor productivity (TFP), this approach is sensitive to outliers and
cannot distinguish between statistical noise and actual efficiency differences. Future stud-
ies could consider combining DEA with other methods, such as bootstrapping DEA or
Stochastic Frontier Analysis (SFA), to further enhance the robustness of the results.
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