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Abstract

China’s urban low-carbon transition requires clearer city-level evidence on whether and
how digitalization mitigates carbon emission intensity. Using panel data for 288 Chinese
prefecture-level and above cities from 2013 to 2022, this study constructs a multidimen-
sional Digital Economy Index and measures carbon emission intensity using EDGAR
emissions and GDP at constant 2013 prices. We employ two-way fixed effects, instrumen-
tal variables, System GMM, robustness checks, mediation analysis, heterogeneity tests,
and a Spatial Durbin Model. The results show that digital economy development sig-
nificantly reduces urban carbon emission intensity, and this conclusion remains robust
across alternative measurements, lag specifications, sample adjustments, fixed-effect struc-
tures, and endogeneity corrections. Mechanism analysis indicates that industrial structure
rationalization and upgrading are key transmission channels, whereas technological in-
novation may generate short-term adjustment costs consistent with a “green paradox.”
The carbon-reduction effect is stronger in old industrial base cities, cities with weaker
initial innovation foundations, and cities with lower initial population density. Spatial
analysis shows that digitalization generates significant carbon-reduction spillovers under
geographical proximity, while economic-linkage-based spillovers are more complex. These
findings provide theoretical and policy implications for digitally enabled and regionally
coordinated urban decarbonization.

Keywords: digital economy; carbon emission intensity; spatial Durbin model;
sustainable development

1. Introduction

Global climate change has become one of the most pressing sustainability challenges
facing human society, and reducing greenhouse gas emissions is essential for limiting
long-term climate risks. According to the Global Carbon Budget 2024, China remains
one of the world’s largest carbon emitters, underscoring its critical role in global climate
governance and low-carbon transition [1]. Figure 1 shows the global distribution of the
top ten carbon-emitting countries in 2024, providing the international background for
examining China’s carbon-reduction pathway. Against this background, China has pro-
posed its “dual-carbon” goals—peaking carbon emissions before 2030 and achieving carbon
neutrality before 2060—and has incorporated green and low-carbon development into the
broader agenda of ecological civilization construction. Meanwhile, the rapid expansion of
the digital economy has become an important force reshaping production, governance, and
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resource allocation. China’s digital economy has continued to expand in scale and strate-
gic importance, providing new opportunities for improving energy efficiency, promoting
industrial transformation, and supporting urban low-carbon development.
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Figure 1. Global Distribution of The Top Ten Carbon-Emitting Countries in 2024. Notes: Grey
areas indicate countries outside the top ten emitters. Data source: Global Carbon Project, Global
Carbon Budget 2024. Standard map GS(2016)1666 approved by the Ministry of Natural Resources of
China [2].

In parallel with the acceleration of low-carbon transition, digital technologies repre-
sented by big data, artificial intelligence, blockchain, cloud computing, and the Internet of
Things are profoundly reshaping the global economic system. The digital economy, with
data as a key factor of production, has become an important engine for promoting high-
quality development and improving sustainability performance. In China, the strategic
significance of the digital economy has been continuously strengthened. According to
the 2022 report of the State Council, the scale of China’s digital economy accounted for
41.5% of GDP, indicating that digitalization has become deeply embedded in economic and
social development. The 14th Five-Year Plan for the Development of the Digital Economy
explicitly emphasizes the use of digital technologies to promote a comprehensive green
transformation of economic and social systems. Similarly, the 2024 Government Work
Report places the vigorous development of the digital economy alongside the steady ad-
vancement of carbon peaking and carbon neutrality, providing a clear policy orientation for
integrating digital transformation with carbon mitigation. Theoretically, the digital econ-
omy may affect carbon emissions through both emission-reducing and emission-increasing
channels. On the one hand, digital technologies can reduce carbon emission intensity by
optimizing production processes, improving energy efficiency, enhancing resource alloca-
tion, facilitating intelligent environmental governance, and promoting the transformation
of industrial structures toward low-energy and service-oriented sectors. On the other
hand, the construction and operation of digital infrastructure, including data centers and
communication networks, may generate additional energy demand and lead to rebound
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effects. Thus, the net environmental impact of the digital economy remains an empirical
question. Figure 2 illustrates the trends in China’s urban digital economy development
index and carbon emission intensity from 2013 to 2022. The figure shows a clear negative
association: as the digital economy index increased steadily, carbon emission intensity
declined continuously. This preliminary pattern suggests that the digital economy may
have considerable potential to support carbon reduction. However, the observed correla-
tion does not necessarily imply causality, nor does it reveal the underlying transmission
mechanisms, spatial spillover effects, or heterogeneous impacts across different types of
cities. These issues require further rigorous empirical investigation.
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Figure 2. Trends of Digital Economy Index and Carbon Emission Intensity in China (2013-2022).

Although the observed correlation in Figure 2 suggests a close association between
digital economy development and carbon emission intensity, it does not by itself establish
causality or reveal the channels through which digitalization affects urban low-carbon
transition. To address these issues, this study constructs a city-level panel dataset covering
288 prefecture-level and above cities in China from 2013 to 2022 and examines the impact of
the digital economy on urban carbon emission intensity using fixed-effects models, media-
tion analysis, and a Spatial Durbin Model. This study contributes to the literature in four
main ways. First, it provides refined city-level evidence on the relationship between digital
economy development and carbon emission intensity. Compared with provincial-level
analyses, city-level data better capture intra-provincial heterogeneity and the role of cities
as operational units for digital infrastructure construction, industrial transformation, and
carbon governance. In particular, this study processes gridded carbon emission data from
EDGAR by spatially matching emission grids with prefecture-level administrative bound-
aries, aggregating grid-level emissions to the city-year level, and then calculating carbon
emission intensity using GDP deflated to constant 2013 prices. This procedure improves the
spatial comparability of urban carbon emission measurement and provides a more precise
empirical basis for city-level low-carbon analysis. Second, this study constructs a dual-path
mechanism framework linking the digital economy, industrial structure, technological
innovation, and carbon emission intensity. Rather than treating industrial upgrading and
technological innovation as independent explanatory variables, this paper compares their
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mediating roles within a unified analytical framework and further examines the possibility
that green technological innovation may generate a short-term “green paradox” effect
before its long-term carbon-reduction benefits are fully realized. Third, this study explicitly
incorporates spatial dependence into the analysis. Digital technologies are characterized
by network externalities and cross-regional diffusion, implying that digital economy de-
velopment in one city may affect not only local carbon emission intensity but also that of
neighboring cities. By employing a Spatial Durbin Model and decomposing direct and
indirect effects, this study identifies whether the carbon-reduction effect of the digital
economy operates mainly through local effects or spatial spillovers. Fourth, this study
examines the boundary conditions under which the carbon-reduction effect of the digital
economy varies across cities. Specifically, it investigates heterogeneity across different lev-
els of digital economy development, fiscal expenditure, and geographical location. These
analyses provide more targeted evidence for differentiated urban low-carbon policies and
help clarify how digital transformation can support sustainable development in different
types of cities.

The remainder of this paper is organized as follows. Section 2 reviews the relevant
literature and clarifies the theoretical positioning of this study. Section 3 presents the theo-
retical analysis and research hypotheses. Section 4 describes the research design, including
data sources, variable measurement, spatial weight matrix construction, and econometric
model specification. Section 5 reports the empirical results, including benchmark regres-
sion, endogeneity tests, robustness checks, mediation analysis, heterogeneity analysis,
and spatial effect decomposition. Section 6 summarizes the main conclusions, discusses
policy implications, and identifies the limitations of the study as well as directions for
future research.

2. Literature Review
2.1. Research on Measurement and Influencing Factors of Carbon Emission Intensity

Carbon emission intensity, usually measured as carbon emissions per unit of economic
output, is a key indicator for evaluating the carbon cost of economic growth and the quality
of low-carbon development. Compared with total carbon emissions, carbon emission inten-
sity better reflects the coordination between economic expansion and carbon mitigation,
especially for developing economies that still face the dual tasks of maintaining growth and
reducing emissions. Therefore, it has been widely used in studies of regional low-carbon
transition, urban sustainability, and carbon-reduction policy evaluation [3].

The measurement of carbon emission intensity depends first on the accurate estima-
tion of carbon emissions. Existing carbon accounting approaches can generally be divided
into three categories: emission-factor-based accounting, input output-based estimation,
and spatially explicit estimation based on remote sensing or gridded emission datasets.
Emission-factor methods are closely linked to energy consumption and industrial activity
data, but their application at the city level is often constrained by missing energy statistics
and inconsistent statistical calibers across regions. Input output methods are useful for
tracing embodied emissions across sectors and supply chains, but they are usually more
applicable to national or provincial analyses because city-level input output tables are often
unavailable or incomplete. In recent years, gridded emission datasets, nighttime-light-
based estimation, and near-real-time emission monitoring have improved the spatial and
temporal comparability of urban carbon emission measurement [4]. These approaches
make it possible to construct comparable city-level carbon emission indicators by matching
emission information with administrative boundaries or functional urban areas. Although
uncertainties remain across data sources, spatial resolutions, sectoral classifications, and
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boundary definitions, city-level emission datasets provide an important empirical founda-
tion for analyzing the spatial heterogeneity of carbon emission intensity [5].

Beyond measurement, existing studies have increasingly focused on the determinants
of carbon emission intensity. First, economic development level and urbanization are
important factors affecting carbon emission intensity. Economic growth may increase
energy demand and carbon emissions through scale expansion, but higher income levels
may also support cleaner technologies, stricter environmental governance, and more
efficient infrastructure. Therefore, the relationship between economic development and
carbon emission intensity may be nonlinear. Urbanization and population agglomeration
also have mixed effects. On the one hand, dense urban areas may improve infrastructure
sharing, public service efficiency, and energy utilization efficiency; on the other hand, rapid
urban expansion may increase transportation demand, construction activities, and energy
consumption [6].

Second, industrial structure and energy structure are widely regarded as core determi-
nants of carbon emission intensity. Cities with a higher share of heavy industry and energy-
intensive manufacturing usually face greater pressure to reduce carbon intensity, whereas
the expansion of services, high-technology industries, and knowledge-intensive sectors
tends to lower the carbon cost of economic output. Existing city-level evidence shows
that differences in infrastructure, industrial composition, and energy-related characteristics
are closely associated with the spatial heterogeneity of carbon intensity across Chinese
cities [7]. In particular, industrial structure optimization can reduce factor misallocation
across sectors and improve the coordination between output structure and employment
structure, while technical progress can reduce energy consumption and carbon emissions
per unit of output [8].

Third, technological progress and green innovation play important roles in reducing
carbon emission intensity. Technological progress can improve production efficiency,
promote cleaner production processes, and reduce the carbon cost of economic output.
However, the carbon-reduction effect of technological innovation may not be fully released
immediately. In the short run, research and development, equipment renewal, and the
coexistence of old and new production systems may increase energy inputs, while efficiency
improvement may also generate rebound effects. Therefore, the effect of technological
progress on carbon emission intensity may depend on the stage of technology diffusion,
local absorptive capacity, and industrial application conditions [8].

Fourth, environmental regulation, government intervention, and policy instruments
also affect carbon emission intensity. Stricter environmental regulation can force firms to
improve energy efficiency and adopt cleaner technologies, while fiscal expenditure, science
and technology investment, green finance, and low-carbon pilot policies may provide
institutional support for carbon reduction. However, the effectiveness of these policies
varies across cities because of differences in industrial foundations, governance capacity,
financial resources, and technology absorption ability. Empirical evidence from Chinese
cities suggests that environmental regulation can affect urban CO, emissions by promoting
industrial structure upgrading and technological innovation, but its effect may vary across
regions and stages of development [9].

In addition, carbon emission intensity is not spatially independent. Economic activity,
industrial linkages, energy flows, infrastructure networks, and environmental policies
can generate spatial interactions across neighboring cities. City-level studies show that
urban emission trajectories and emission peaks are shaped not only by local socioeconomic
conditions but also by regional development patterns and intercity linkages [10]. This
implies that carbon-intensity reduction should be analyzed not only from the perspective
of local characteristics but also from the perspective of spatial interaction.

https://doi.org/10.3390/sul8136726


https://doi.org/10.3390/su18136726

Sustainability 2026, 18, 6726

6 of 34

Overall, the existing literature has provided rich evidence on the measurement and
influencing factors of carbon emission intensity. Studies have shown that carbon emission
intensity is jointly shaped by emission-accounting methods, economic development, ur-
banization, industrial structure, energy structure, technological progress, environmental
regulation, population density, and spatial interaction. Nevertheless, several issues still
require further investigation. First, some studies focus on total carbon emissions rather
than carbon emission intensity, which may not fully reflect the carbon efficiency of urban
economic growth. Second, although existing studies have examined multiple influenc-
ing factors, the role of digital economy development in reshaping industrial structure,
technological innovation, and spatial spillovers remains insufficiently integrated into a
unified analytical framework. Third, city-level evidence based on spatially comparable
emission data is still needed to better capture intra-provincial heterogeneity and regional
interactions. Therefore, this study uses carbon emission intensity as the dependent variable
and examines how digital economy development affects urban carbon intensity through
direct effects, transmission mechanisms, heterogeneous impacts, and spatial spillovers.

2.2. Studies on the Impact of the Digital Economy on Industry and Technological Innovation

The digital economy has become an increasingly important factor affecting carbon
emissions and environmental performance. Digital technologies may influence carbon
emission intensity through multiple pathways. First, digital infrastructure and data-driven
production systems can improve energy efficiency by optimizing production processes,
reducing information asymmetry, and enabling real-time monitoring of energy consump-
tion, which can lead to lower carbon intensity at both firm and city levels [11,12]. Second,
digital platforms facilitate the allocation of resources by reducing transaction costs and
supporting the transfer of production factors from low-productivity and high-emission sec-
tors toward more efficient and low-carbon sectors, thereby mitigating emissions associated
with structural imbalances [12,13]. Third, by enhancing carbon monitoring, environmental
regulation transparency, and market-based policy implementation, digital technologies can
strengthen environmental governance and accelerate the diffusion of low-carbon standards
and practices [13].

Empirical studies have provided growing evidence that the digital economy is asso-
ciated with improved carbon performance. Using Chinese city-level panel data, Yi (2022)
found that digital economy development significantly improves urban carbon emission per-
formance by reducing energy intensity and fostering urban greening, although the effects
vary across regions and development stages [14]. At the provincial level, Bai et al. (2023)
employed a Spatial Durbin Model and reported that digital economy development exerts
both significant direct effects and spatial spillover effects in reducing carbon emissions, in-
dicating that digitalization in one region may benefit neighboring regions’ carbon outcomes
as well [15]. Ren (2021) further examined the nonlinear and spatial effects of the digital
economy on carbon emission intensity, emphasizing that the stage of technology adoption
and local industrial composition condition the strength of carbon-reducing effects [16].

Nevertheless, the environmental effect of the digital economy is not necessar-
ily uniform or unconditionally positive. The construction and operation of digital
infrastructure—including data centers, telecommunication networks, and other digital
facilities—may increase electricity demand and generate rebound effects, which could
offset part of the carbon savings from efficiency gains [17,18]. At the same time, pro-
ductivity improvements enabled by digital technologies may lower production costs and
stimulate output expansion the “scale effect, partly counteracting the unit-level emission
reductions [18]. These potential countervailing forces underscore that the relationship
between digital economy development and carbon emission intensity remains an empirical
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question, particularly at the city level where digital infrastructure, industrial composition,
and energy consumption patterns vary substantially across regions and over time.

2.3. Studies on the Carbon Reduction Effects of Industry and Technological Innovation

The impact of the digital economy on carbon emission intensity is closely related
to changes in industrial structure and technological innovation. From the perspective of
industrial structure, digital economy development can promote both industrial structure
rationalization and industrial structure upgrading. Industrial structure rationalization
improves the allocation efficiency of labor, capital, information, and technology across
sectors, thereby reducing factor misallocation and energy consumption per unit of output.
Industrial structure upgrading increases the share of services, high-technology industries,
and knowledge-intensive activities, which generally have lower carbon intensity than
traditional resource-based and heavy industrial sectors. Existing studies on China show
that the digital economy can promote industrial transformation and upgrading, and that
industrial structure upgrading plays an important mediating role in reducing carbon
emission intensity [19,20].

Technological innovation represents another important pathway through which the
digital economy may affect carbon emission intensity. Digital technologies reduce informa-
tion search costs, accelerate knowledge diffusion, and improve the efficiency of research
and development activities. Big data, artificial intelligence, industrial internet platforms,
and digital finance can support the development and adoption of green technologies by
improving the matching efficiency between technology supply and market demand. From
the perspective of directed technical change, innovation incentives can shift technological
progress from carbon-intensive production toward cleaner technologies when appropriate
market and policy conditions are present [21]. Empirical evidence based on patent data
also suggests that green technological innovation can contribute to carbon dioxide emission
reduction, although its effectiveness may depend on income level, technology absorption
capacity, and the stage of economic development [22].

However, the carbon-reduction effect of technological innovation may involve a time
lag. In the short run, green technology research and development, equipment renewal, and
the coexistence of old and new production systems may require additional energy inputs.
Moreover, efficiency improvements may reduce unit production costs and stimulate output
expansion, thereby generating rebound effects that partially offset energy savings and
emission reductions [23,24]. Therefore, technological innovation may generate a short-term
“green paradox” or masking effect before its long-term carbon-reduction benefits are fully
realized. This suggests that industrial structure optimization and technological innovation
should not be treated merely as separate control variables; rather, they should be examined
as potential transmission mechanisms through which the digital economy affects carbon
emission intensity.

2.4. Spatial Spillover Effects of the Digital Economy

Urban carbon emissions are not spatially independent. Economic activities, industrial
chains, technological diffusion, environmental regulation, and infrastructure networks all
generate spatial interactions among cities. Spatial econometric theory suggests that ignor-
ing spatial dependence may lead to biased or inconsistent estimates when the dependent
variable or key explanatory variables are spatially correlated. This issue is particularly
relevant for studies of digital economy impacts, because digital technologies are charac-
terized by network externalities and cross-regional diffusion patterns that may transcend
administrative boundaries [25].
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The spatial spillover effect of the digital economy may operate through several mech-
anisms. First, digital networks weaken geographical barriers to knowledge diffusion.
Innovative management practices, green production techniques, and digital monitoring
systems developed in one city can be transmitted to neighboring cities through patent
information flows, digital platforms, interregional cooperation, and talent mobility [25,26].
Second, digital supply-chain platforms can promote intercity coordination among upstream
and downstream firms. When leading firms or core cities adopt digital carbon-management
standards, these practices may diffuse to suppliers and partner cities along the production
network, thereby facilitating coordinated emission reductions [26]. Third, local govern-
ments may imitate successful digital and low-carbon policies adopted by neighboring cities
due to policy learning, demonstration effects, or intergovernmental competition, leading to
policy diffusion and strategic convergence [27].

Existing empirical studies have increasingly incorporated spatial econometric models
into the analysis of digital economy and carbon or environmental outcomes. A number
of studies using Spatial Durbin Models, spatial lag models, or spatial error models have
documented significant spatial spillovers, suggesting that digital infrastructure and digital
connectivity in one region can contribute to emission reductions in adjacent regions [11,15].
However, the magnitude and direction of spatial spillovers appear to depend on regional
characteristics such as economic development level, industrial composition, infrastructure
connectivity, and human capital endowments [11,12]. These findings indicate that the
carbon-reduction effect of the digital economy should be examined not only from a local
perspective but also from a regional and spatial perspective.

2.5. Literature Positioning of This Study

Overall, the existing literature provides important insights into urban carbon emission
measurement, the environmental effects of the digital economy, and the roles of industrial
structure, technological innovation, and spatial spillovers. However, three issues still re-
quire further investigation. First, although city-level research has increased, more evidence
is needed based on spatially comparable urban carbon emission indicators constructed
from gridded emission data. Second, the transmission mechanisms through which the
digital economy affects carbon emission intensity need to be examined within a unified
framework that compares industrial structure optimization and technological innovation.
Third, given the network externalities of digital technologies and the spatial dependence of
carbon emissions, it is necessary to distinguish local effects from spatial spillover effects.

In response to these issues, this study constructs a panel dataset of 288 Chinese
prefecture-level and above cities from 2013 to 2022. It examines the impact of the digital
economy on urban carbon emission intensity, identifies the mediating roles of industrial
structure and technological innovation, and uses a Spatial Durbin Model to decompose
direct and indirect effects. In doing so, this study provides city-level empirical evidence on
how digital transformation contributes to urban low-carbon transition and offers policy
implications for differentiated and regionally coordinated carbon reduction.

3. Theoretical Analysis
3.1. Conceptual Framework and Measurement Dimensions of the Digital Economy

The digital economy refers to an economic system in which data serve as a key produc-
tion factor, information networks provide the basic infrastructure, and digital technologies
are integrated into production, circulation, consumption, and governance. Rather than
representing only the expansion of information and communication technologies, the digi-
tal economy reflects a broader process of organizational restructuring, factor reallocation,
industrial transformation, and governance modernization.

https://doi.org/10.3390/sul18136726


https://doi.org/10.3390/su18136726

Sustainability 2026, 18, 6726

9 of 34

Consistent with the measurement framework of this study, the digital economy is con-
ceptualized along four interrelated dimensions: digital infrastructure, digital application,
digital industrialization, and industrial digitalization. These dimensions capture different
functional layers of digital development and provide the theoretical basis for examining its
impact on urban carbon emission intensity.

First, digital infrastructure constitutes the foundational condition for digital connectiv-
ity. It includes internet access, mobile communication networks, broadband facilities, and
other information transmission systems. By reducing information transmission costs and
improving data-processing capacity, digital infrastructure can support real-time energy
monitoring, more efficient production coordination, and intelligent urban management.
However, its construction and operation may also increase electricity demand, particularly
through data centers and communication networks.

Second, digital application reflects the diffusion of digital services into economic
transactions, financial activities, and public governance. Digital finance, online platforms,
and data-based services can reduce information asymmetry, improve market matching
efficiency, and facilitate access to financing for energy-saving investment and green tech-
nology adoption. In this sense, digital application may contribute to carbon intensity
reduction by improving allocation efficiency and strengthening the responsiveness of
environmental governance.

Third, digital industrialization refers to the development of industries that produce
digital goods and services, such as software, telecommunications, information technology
services, and data-related industries. As these sectors are generally more knowledge-
intensive and less dependent on fossil-fuel-based material inputs than traditional heavy
industries, their expansion may promote a shift toward higher value-added and lower-
carbon economic activities. Nevertheless, the growth of digital industries may also generate
additional energy demand, implying that its environmental effect depends on the balance
between structural upgrading and energy consumption.

Fourth, industrial digitalization captures the integration of digital technologies into
traditional industries, especially manufacturing, logistics, and producer services. Through
industrial internet platforms, intelligent equipment, digital supply-chain management, and
data-driven production systems, industrial digitalization can reduce factor misallocation,
improve energy efficiency, and enhance coordination across production networks. It
therefore constitutes a key pathway through which the digital economy may reduce carbon
emissions per unit of output.

More importantly, the four dimensions of the digital economy correspond to different
components of carbon emission intensity. Digital infrastructure and industrial digitalization
mainly affect the carbon-emission numerator by improving energy monitoring, production
coordination, and process efficiency. Digital application and digital industrialization mainly
affect the economic-output denominator by reducing information frictions, improving
factor allocation, and expanding knowledge-intensive activities. Meanwhile, the expansion
of digital infrastructure may also increase energy demand and generate rebound effects.
Therefore, the relationship between the digital economy and carbon emission intensity
should be analyzed through both emission-reduction and output-efficiency mechanisms.

3.2. Direct Impact of the Digital Economy on Carbon Emission Intensity

Carbon emission intensity is defined as carbon emissions per unit of economic output.
Therefore, the direct effect of the digital economy on urban carbon emission intensity
can be understood from an intensity-decomposition perspective. Specifically, the digital
economy may affect carbon emission intensity by reducing the carbon-emission numerator,
improving the economic-output denominator, and reshaping the efficiency relationship
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between emissions and output. This perspective provides a closer theoretical connection
between the connotation of the digital economy and the measurement meaning of carbon
emission intensity.

First, the digital economy can reduce the carbon-emission component of carbon emis-
sion intensity by improving energy-use efficiency and production-process efficiency. Digital
infrastructure, industrial internet platforms, Internet of Things sensors, big data analytics,
and artificial intelligence systems enable firms and local governments to monitor energy
consumption, identify inefficient production links, and optimize equipment operation in
real time. Compared with traditional production systems, digitalized production systems
can reduce information delays and improve the precision of energy management, thereby
lowering unnecessary energy losses and carbon emissions during production activities [28].
In addition, digital technologies can improve the coordination of production, logistics,
inventory management, and supply-chain operations. By reducing redundant production,
excessive inventory, and inefficient transportation, the digital economy can directly reduce
the carbon emissions generated per unit of economic activity.

Second, the digital economy can reduce carbon emission intensity by improving the
economic-output component of the indicator. As data become an important production
factor, digital technologies reduce information asymmetry, transaction costs, and search
costs in factor markets. This strengthens the matching efficiency of labor, capital, technology,
and information across firms and industries. More efficient factor allocation allows cities
to generate higher economic output under the same level of resource and energy input,
thereby reducing carbon emissions per unit of GDP [29]. In this sense, the digital economy
does not only influence emissions through technological substitution, but also changes the
efficiency relationship between carbon emissions and economic output by improving total
factor productivity and urban resource-allocation efficiency.

Third, the digital economy can directly affect carbon emission intensity through
digital environmental governance. Carbon emission intensity is not only determined by
firms’ production behavior but also by the precision and effectiveness of environmental
regulation. Digital monitoring platforms, remote sensing technologies, online emission-
reporting systems, and big-data-based regulatory tools can improve the timeliness, accuracy,
and transparency of environmental supervision. These tools help local governments
identify high-emission sources, reduce regulatory information asymmetry, and strengthen
policy implementation. As a result, digital governance can enhance the enforcement
of environmental regulations and promote more efficient carbon-emission control [30].
Compared with traditional governance methods, digital governance improves the ability
of cities to transform environmental regulation from ex post administrative intervention
into real-time and data-driven management.

Fourth, the direct effect of the digital economy on carbon emission intensity may also
involve a countervailing mechanism. The construction and operation of digital infras-
tructure, especially data centers, cloud computing facilities, communication base stations,
and large-scale computing systems, require substantial electricity consumption. If the
electricity used by these facilities mainly comes from fossil energy, the expansion of digital
infrastructure may increase carbon emissions and partially offset the carbon-reduction
effect generated by efficiency improvement [31]. In addition, the efficiency gains brought
by digital technologies may reduce production costs and stimulate output expansion,
which may generate rebound effects. Therefore, the direct impact of the digital econ-
omy on carbon emission intensity is theoretically ambiguous and depends on the relative
strength of efficiency improvement, output expansion, and additional energy demand from
digital infrastructure.
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Overall, from the perspective of carbon emission intensity decomposition, the digital
economy may reduce urban carbon emission intensity through three main direct channels:
lowering carbon emissions by improving energy and production efficiency, increasing
economic output efficiency through better factor allocation, and strengthening carbon-
emission control through digital environmental governance. However, the expansion
of digital infrastructure and possible rebound effects may weaken or offset part of this
carbon-reduction effect. Therefore, whether the digital economy ultimately reduces urban
carbon emission intensity remains an empirical question. Based on the above analysis, this
study proposes the following hypothesis:

H1. Digital economy development significantly reduces urban carbon emission intensity.

3.3. Indirect Impact of the Digital Economy on Urban Carbon Emission Intensity
3.3.1. Industrial Structure Optimization Pathway

Industrial structure optimization includes two dimensions: industrial structure ra-
tionalization and industrial structure upgrading. These two dimensions reduce carbon
emission intensity through different but complementary mechanisms. Industrial structure
rationalization refers to the improvement of coordination among industries and the en-
hancement of factor allocation efficiency. In this study, industrial structure rationalization
is measured by the Theil index, and a lower value indicates a more rational industrial
structure. In the traditional economy, the movement of production factors such as labor
and capital across industries is often constrained by information asymmetry and transac-
tion costs. These frictions may lead to factor misallocation and efficiency losses, thereby
increasing energy consumption and carbon emission intensity per unit of output [32].
The development of the digital economy can significantly reduce these frictions. Digital
platforms lower search costs in the labor market through real-time information matching;
online financial services accelerate the flow of capital toward more productive sectors;
and supply-chain collaboration platforms facilitate information sharing and inventory
optimization between upstream and downstream enterprises [19]. When production fac-
tors are reallocated from low-efficiency and high-emission sectors to high-efficiency and
low-emission sectors, the energy input and carbon emissions required per unit of GDP
decline accordingly. In this sense, the digital economy can reduce carbon emission intensity
by promoting the rationalization of industrial structure.

Industrial structure upgrading refers to the transformation of the industrial system
from one dominated by low-end manufacturing toward one led by services and high-
technology industries. Compared with heavy industries, services and high-technology
sectors generally have lower carbon emission intensity, and their carbon emissions per
unit of value added are substantially lower than those of energy-intensive manufacturing
sectors [33]. The development of the digital economy accelerates this transformation in
several ways. First, the application of digital technologies gives rise to many emerging
service industries with relatively low-carbon characteristics, such as platform services,
digital finance, online education, telemedicine, and information services. Second, digital
transformation enables traditional manufacturing firms to extend their value chains toward
research and development, design, branding, marketing, and after-sales services. This
process of manufacturing servitization promotes the upgrading of industrial structure and
reduces dependence on high-energy-consuming production activities [13].

It should be emphasized that industrial structure rationalization and industrial struc-
ture upgrading are not two completely separate processes. Rationalization provides the
foundation for upgrading. Only when factor allocation efficiency continues to improve
can the transition toward a more advanced industrial structure become sustainable. Con-
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versely, upgrading creates new space for rationalization. The expansion of services and
high-technology industries generates higher value-added employment opportunities and
encourages the further reallocation of production factors toward more efficient sectors [20].
Therefore, industrial structure rationalization and industrial structure upgrading jointly
constitute the first indirect transmission pathway through which the digital economy affects
urban carbon emission intensity.

3.3.2. Technological Innovation Pathway

Technological innovation constitutes the second indirect pathway through which the
digital economy affects urban carbon emission intensity. Its mechanism can be explained
from two aspects: the technology supply side and the technology application side. On
the technology supply side, digital technologies significantly improve the research and
development efficiency and diffusion speed of green technologies by reducing the informa-
tion and coordination costs of innovation activities. According to the classical knowledge
production function, innovation output depends on knowledge stock, research and devel-
opment input, and the efficiency of knowledge recombination. The core contribution of
digital technologies lies in improving the efficiency of knowledge recombination.

Specifically, big data analytics and machine learning technologies can rapidly identify
patterns of energy consumption and emissions from massive heterogeneous datasets
and accurately locate technological bottlenecks. As a result, the traditional trial-and-
error-based research and development process can be partly transformed into a data-
driven prediction process. Digital platforms also reduce cooperation barriers among
innovation actors, enabling enterprises, universities, and research institutions to share
data, conduct collaborative design, and carry out joint research through cloud-based
systems. This accelerates the iterative upgrading of green technologies. In addition, digital
networks allow knowledge and technologies to diffuse across space at lower cost and higher
speed. For example, after a green patent is granted in city A, its technical information
can be quickly accessed and learned by innovators in city B through digital networks [34].
The essence of this mechanism is that digital technologies transform tacit knowledge
originally embedded in specific geographical spaces and organizations into codifiable and
transferable digital information, thereby substantially reducing the spatial and temporal
costs of knowledge spillovers.

On the technology application side, the effect of green technological innovation on
carbon emission intensity is not necessarily linear. Rather, it may follow an Environmental
Kuznets Curve-type pattern. In the short run, the carbon reduction effect of green technolog-
ical innovation may be constrained by several factors. First, green technology research and
development, equipment renewal, and technological adaptation themselves require energy
inputs, which may temporarily increase carbon emissions during the innovation process.
Second, a decline in energy consumption per unit of product may reduce production costs
and encourage firms to expand production due to price advantages, leading to the Jevons
paradox, in which total carbon emissions do not decrease but instead increase. Third, before
old technologies are fully eliminated and new technologies are widely adopted, old and
new systems may operate simultaneously, causing duplicated energy consumption in the
short term. Therefore, at the initial stage of technology introduction, green technological
innovation may be positively associated with carbon emission intensity.

In the long run, however, once green technologies are commercialized on a large scale
and gradually replace traditional technologies, their energy-saving and carbon reduction
effects can be fully released. Energy-saving technologies reduce energy consumption per
unit of output; cleaner production technologies reduce pollutants and carbon emissions
during production processes; and renewable energy technologies optimize the energy
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supply structure and reduce dependence on fossil fuels [35]. At this stage, urban carbon
emission intensity is expected to decline significantly. Therefore, the relationship between
green technological innovation and carbon emission intensity may exhibit an inverted
U-shaped pattern: carbon emissions may increase with innovation activity in the early
stage of technology introduction, but begin to decline after green innovation exceeds a
certain threshold.

The carbon reduction effect of green technological innovation is not automatically real-
ized; rather, it depends on the economic incentives and policy environment for technology
adoption. Only when the marginal carbon reduction cost of green technologies is lower
than the marginal benefit will firms have sufficient incentives to upgrade their technologies.
Digital technologies help alleviate this incentive constraint by reducing information asym-
metry, providing more accurate market signals, and improving the matching efficiency
between technology supply and technology demand. In this way, the digital economy may
accelerate the arrival of the turning point at which green technological innovation begins
to exert a stronger carbon reduction effect [36].

Furthermore, technological innovation and industrial structure optimization interact
with each other. Technological innovation gives rise to new industries, new business
models, and new forms of production organization, thereby promoting the upgrading of
industrial structure. At the same time, the optimization of industrial structure provides
broader application scenarios and market space for technological innovation, forming a
positive feedback loop [37]. Therefore, from the perspective of theoretical mechanisms,
industrial structure optimization and technological innovation jointly constitute the “dual
engines” through which the digital economy affects carbon emission intensity. These two
mechanisms reinforce each other rather than simply operating in parallel. Based on the
above analysis, this study proposes the following hypotheses:

H2. The digital economy reduces urban carbon emission intensity through industrial
structure optimization.

H3. The impact of green technological innovation on carbon emission intensity exhibits an inverted
U-shaped nonlinear pattern, and a short-term “green paradox” effect may exist.

3.4. Spatial Spillover Effects of the Digital Economy on Urban Carbon Emission Intensity

The digital economy may affect not only local carbon emission intensity but also
carbon emission intensity in neighboring cities through spatial spillover mechanisms. From
the perspective of spatial econometrics, urban carbon outcomes are often spatially corre-
lated because economic activities, industrial linkages, infrastructure networks, technology
diffusion, and environmental policies are not confined within administrative boundaries.
This is particularly relevant to the digital economy, as digital infrastructure, data flows,
online platforms, and knowledge networks naturally exhibit cross-regional connectivity
and network externalities. Therefore, the effect of digital economy development on carbon
emission intensity should be examined not only from a local perspective but also from a
spatial interaction perspective.

The technology-diffusion channel provides an important mechanism through which
the digital economy may generate positive spatial spillovers. Digital networks reduce the
cost of information transmission and weaken geographical barriers to knowledge spillovers.
Green technologies, energy-saving management practices, carbon-monitoring tools, and
digital production standards developed in one city can be transmitted to neighboring
cities through digital platforms, patent information flows, interregional cooperation, and
talent mobility [25]. Such diffusion can improve neighboring cities” capacity for cleaner
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production, energy management, and low-carbon governance, thereby reducing their
carbon emission intensity.

The supply-chain coordination channel further strengthens the regional carbon-
reduction effect of the digital economy. In urban agglomerations and regional production
networks, firms located in different cities are often connected through upstream and down-
stream industrial chains. Digital platforms can improve information sharing, logistics
coordination, inventory management, and production scheduling across cities. When core
firms or leading cities adopt digital carbon-management standards, these standards may be
transmitted to suppliers and partner cities through production networks [26]. As a result,
digital economy development in one city may help neighboring cities reduce redundant
production, improve resource allocation, and lower carbon emissions per unit of output.

The policy-learning channel also contributes to the spatial transmission of digital
carbon-reduction effects. Local governments often observe the policy practices of neighbor-
ing cities, especially when such practices improve environmental performance or regional
competitiveness. Digital governance tools, smart environmental-monitoring platforms,
carbon-emission information systems, and low-carbon pilot policies may spread across
cities through demonstration effects and intergovernmental learning [27]. This process can
improve the regional coordination of carbon governance and strengthen the spillover effect
of digitalization on carbon intensity reduction.

However, the spatial spillover effect of the digital economy is not necessarily positive
in all cases. Digitally advanced cities may generate siphon effects by attracting high-
skilled labor, data resources, innovative firms, financial capital, and public investment
from surrounding areas [38]. If neighboring cities lose key production factors and inno-
vation resources, their capacity for digital transformation and low-carbon development
may be weakened. In addition, core cities may transfer low-end or high-emission produc-
tion activities to peripheral cities during industrial upgrading, which may increase the
carbon emission pressure of surrounding areas [39]. Therefore, the spatial effect of the
digital economy depends on the relative strength of positive diffusion effects and negative
siphon effects.

Overall, the spatial effect of the digital economy is theoretically ambiguous. When
technology diffusion, supply-chain coordination, and policy learning dominate, digital
economy development in one city may reduce carbon emission intensity in neighboring
cities. However, when siphon effects dominate, digitally advanced cities may attract
skilled labor, innovation resources, digital infrastructure investment, and high-value-added
industries from surrounding cities, thereby weakening neighboring cities” low-carbon
transition capacity. Therefore, the net spatial effect of the digital economy depends on the
type of intercity linkage and the relative strength of diffusion and siphon mechanisms.
Based on the above analysis, this study proposes the following hypotheses:

H4a. Under geographical proximity, digital economy development exerts a negative spatial spillover
effect on urban carbon emission intensity through technology diffusion, supply-chain coordination,
and policy learning.

H4b. Under economic-linkage-based proximity, digital economy development may generate com-
petitive or siphon effects, thereby weakening or offsetting the carbon-reduction spillovers among
economically connected cities.

Figure 3 illustrates the theoretical mechanism through which digital economy devel-
opment affects urban carbon emission intensity. The framework consists of three channels:
direct effects, indirect mechanisms, and spatial spillovers. From the perspective of carbon
emission intensity decomposition, the digital economy may reduce the emission compo-
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nent by improving energy-use efficiency, production coordination, and environmental
governance, and may enhance the output component through better resource allocation
and productivity improvement. Meanwhile, digital infrastructure expansion may generate
additional electricity demand and rebound effects. The indirect mechanisms include indus-
trial structure rationalization, industrial structure upgrading, and technological innovation,
through which digitalization reshapes factor allocation, promotes low-carbon industrial
transformation, and facilitates knowledge diffusion. Spatial spillovers occur through tech-
nology diffusion, supply-chain coordination, and policy learning, although siphon effects
may weaken neighboring cities’ low-carbon transition capacity. This framework provides
the theoretical foundation for the empirical tests that follow.
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Figure 3. The Impact of the Digital Economy on Carbon Emission Intensity: Core Mechanism
Pathways.Notes: The black arrows represent the transmission pathways, and the red dashed boxes
indicate potential negative effects.

4. Research Design

4.1. Variable Description
4.1.1. Dependent Variable

The dependent variable in this study is carbon emission intensity, measured as the
ratio of urban carbon emissions to regional gross domestic product (GDP). Carbon emission
data are obtained from the Emissions Database for Global Atmospheric Research (EDGAR).
GDP is deflated using constant 2013 prices to eliminate the influence of price fluctuations
and ensure temporal comparability. This indicator reflects the level of carbon emissions
generated per unit of economic output and is widely used to evaluate the quality of
regional low-carbon development. Figure 4 shows that urban carbon emission intensity
generally declined from 2013 to 2022, with low- and medium-intensity areas gradually
expanding. High-intensity areas remained relatively concentrated in northern, northeastern,
and northwestern China, indicating that regional disparities in low-carbon transition
persisted during the study period.
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Figure 4. Spatial Distribution of Urban Carbon Emission Intensity, 2013-2022. Notes: The base map
was prepared using the standard map with approval number GS5(2019)1818, obtained from Tianditu,
with no modification to the base map [40]. The figure shows carbon emission intensity for cities with
available data in 2013, 2016, 2019, and 2022, with 288, 288, 296, and 297 cities included, respectively.
Grey areas indicate regions without available data.

4.1.2. Core Explanatory Variable

The core explanatory variable is the Digital Economy Index (DEI). Following existing
studies [41], this paper constructs an evaluation system for digital economy development
from four dimensions: digital infrastructure, digital application, digital industrialization,
and industrial digitalization. Eleven indicators are selected, including the number of
internet users, the number of mobile phone users at year-end, and the Digital Financial
Inclusion Index. The entropy weight method is used to determine the weights of each
indicator, and the weighted sum is then employed to calculate the Digital Economy Index.

The entropy weight method assigns weights objectively according to the information
entropy of each indicator, thereby avoiding potential bias caused by subjective weighting.
Specifically, indicators with greater variation contain more information, have lower entropy
values, and are assigned higher weights. The calculation procedure is as follows (Table 1).
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Table 1. Digital economy index measurement system.
Primary Secondary Tertiary Indicator & Unit Economic Meanin Direction Average
Indicator Indicator y 8 Weight
Digital Digital Number of internet Reflects the absoh.lte scale. of internet
Economy Infrastructure users (households) access and the basic capacity of urban + 0.0853
Index (DEI) digital connectivity.
. Reflects the scale of mobile
Year-end mobile phone .
communication users and the breadth + 0.0802
users (10,000 households) o g
of mobile digital access.
Internet users per Captures the penetration intensity of
CEET users pe internet access relative to the urban + 0.0489
100 people (persons) .
population.
Mobile phone users per Captur.es the penetratl.on 1nten§1ty of
100 people (persons) mobile communication services + 0.0622
peopie ip relative to the urban population.
Measures the development level of
Digital Digital inclusive digital financial services, including
2 : . + 0.0147
Application finance index coverage, depth of use,
and digitalization.
Per-capita telecom business  Reflects the intensity of digital service
volume use and the demand for + 0.0925
(10,000 CNY/person) telecom-based digital applications.
. Measures the employment scale of
Employees in IT, computer - . .
Industry . digital-related industries and the
o e D services & software . . + 0.3282
Digitalization human-resource base of digital
(10,000 persons) . s .
industrialization.
. Reflects the overall market scale of
Total telecom business telecom and digital services in + 0.1307
volume (10,000 CN'Y) &l :
the city.
Share of IT, computer Captures the relative importance of
services & software digital-related employment in the + 0.0612
employees (%) urban labor structure.
Industrial Digital inclusive finance .Reﬂect.s the penet.ratlon .Of. thgltal
.. finance in production activities and
Digital coverage per . R + 0.0536
. its support for enterprise digital
Transformation 10,000 employees :
transformation.
Telecom service density per ~ Measures the intensity of telecom and
employee (10,000 CNY/ digital-service support for labor input + 0.0425
10,000 persons) and industrial production.

4.1.3. Mediating Variables

Industrial structure rationalization (RL): Following Ding et al. [42], this study mea-
sures industrial structure rationalization using the Theil index. The formula is specified

Yitn (Yitn Litn)
tnp (Xitn  Lit M
Yit Yit  Lit

as follows:

3
rationalization; ; = Z
n=1
where i denotes the city, t denotes the year, and (n = 1,2,3) represents the primary, secondary,
and tertiary industries, respectively. Y refers to gross regional product, and L refers
to employment. A smaller value of RL indicates a more rational industrial structure,
suggesting a higher degree of coordination between output structure and employment
structure across industries.

Industrial structure upgrading (HL): industrial structure upgrading is measured by

the ratio of tertiary industry value-added to secondary industry value-added.
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Technological innovation capability (TT): Technological innovation capability is mea-
sured by the number of regional patent applications. A larger number of patent applica-
tions indicates a stronger technological innovation capability. This indicator reflects the
overall intensity of local innovation activities and is commonly used to capture regional
technological capacity.

4.1.4. Control Variables

Based on existing studies [9], this paper selects a set of control variables to account
for other factors that may affect the relationship between the digital economy and carbon
emission intensity. These variables include administrative land area, economic growth rate,
economic development level, fiscal expenditure, and science and technology expenditure.

Specifically, administrative land area (Area) is measured by the total land area within
a city’s administrative boundaries, expressed in square kilometers. Economic growth rate
(GDPg) is measured by the annual GDP growth rate of each city. Economic development
level (PGDP) is measured by per capita GDP in the current year, expressed in CNY. Fiscal
expenditure (FE) is measured by the ratio of general public budget expenditure to regional
GDP. Science and technology expenditure (TE) is measured by the ratio of fiscal expenditure
on science and technology to total fiscal expenditure. These control variables are included
to reduce omitted-variable bias and improve the reliability of the estimated effect of the
digital economy on carbon emission intensity.

4.2. Model Specification
4.2.1. Baseline Regression Model

To examine the direct inhibitory effect of the digital economy on carbon emission
intensity, corresponding to H1, this study constructs a two-way fixed effects model
as follows: .

Clit= & + BxDEI + Y _ vy x Controly + 1 + At + &kt )
k=1

where Clj; is the carbon emission intensity of city i in period t; DEI; is the digital economy
index; Controly;; is the k-th control variable; 1, is the individual fixed effect; A; is the time
fixed effect and ¢j; is the random error term.

4.2.2. Mediation Effect Model

To test the mediation effects of industrial structure optimization (H2) and technological
innovation (H3), the following stepwise regression models are constructed:

n
Medj;= « + B - DELj 4+ ) _ vy - Controly + 1 -+ A¢ + ¢ 3)
k=1
n
Clit = o +6 - DEL+58 - Medi; + Y | ¢y - Controlge + 1 + A¢ + € (4)
k=1

where Med;; is the mediating variable (industrial structure upgrading HL, industrial
structure rationalization RL, or Technological innovation capability TI); 0 is the coefficient
for the direct effect of the core explanatory variable; & is the coefficient capturing the
mediating variable’s effect on carbon emission intensity.

4.3. Spatial Econometric Model

To address potential spatial dependence across cities, this study employs the Spatial
Durbin Model (SDM) as an auxiliary empirical specification following established spatial
econometric approaches [14]. The SDM accounts for both spatial dependence in carbon
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emission intensity and spatial spillovers from explanatory variables, while the inverse-
distance-squared spatial weight matrix captures the decay of intercity interactions with
geographical distance. Since the main focus of this study is the direct effect of digital
economy development on urban carbon emission intensity, the detailed spatial correlation
tests, model selection procedures, and effect decomposition are reported in the empirical
analysis section.

4.4. Data and Descriptive Statistics

This study takes 288 prefecture-level and above cities in China as the research sample,
covering the period from 2013 to 2022. The final dataset contains 2880 city-year observations.
Data are obtained from the Emissions Database for Global Atmospheric Research (EDGAR),
the Peking University Digital Financial Inclusion Index, the China City Statistical Yearbook,
the China National Intellectual Property Administration, and the National Bureau of
Statistics. To reduce the potential influence of extreme values on the estimation results, all
continuous variables are winsorized at the 1st and 99th percentiles.

Table 2 reports the descriptive statistics. Carbon emission intensity varies considerably
across cities, with a mean value of 1.7217 and a standard deviation of 1.6157. The Digital
Economy Index ranges from 0.8777 to 3.6107, with a mean value of 2.1764. The control
variables also exhibit substantial variation, indicating that the sample covers cities at diverse
stages of economic development, fiscal capacity, technological investment, and spatial scale.
This variation provides an empirical basis for identifying the impact of the digital economy
on urban carbon emission intensity.

Table 2. Descriptive statistics.

VarName OBS MEAN SD P1 Median P95
Carbon Emission (CE) 2880 1.7217 1.6157 0.0483 1.1957 15.3378
Digital Economy Index (DEI) 2880 2.1764 0.5691 0.8777 2.2186 3.6107
land area (LA) 2880 1.6562 2.1433 0.1201 1.2232 26.1570
Economic growth rate (EGR) 2880 6.7122 3.32196 —4.9000 7.3000 15.1000
Economic development level (EDL) 2880 5.9665 3.4661 1.4746 5.0101 18.0816
Fiscal expenditure (FE) 2880 0.2101 0.1054 0.0439 0.1814 0.9155
Technology expenditure (TE) 2880 0.0302 0.0299 0.0013 0.0215 0.6310

In addition, a variance inflation factor (VIF) diagnostic was conducted for the explana-
tory variables. The maximum VIF is 1.92 and the mean VIF is 1.40, both well below the
conventional threshold of 10, indicating that severe multicollinearity is unlikely to affect
the regression estimates.

5. Empirical Results
5.1. Baseline Regression Results

Table 3 reports the baseline regression results. Column (1) includes only the Digital
Economy Index, whose coefficient is significantly negative at the 1% level, suggesting a
preliminary carbon-reduction effect of the digital economy. Column (2) further controls
for city-level characteristics, city fixed effects, and year fixed effects. The coefficient of
the Digital Economy Index remains significantly negative, with an estimated value of
—0.7628, indicating that digital economy development significantly reduces urban carbon
emission intensity.
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Table 3. Baseline Regression Results at the City Level.

VarName (Cll)i g])i
DEI —1.4029 *** —0.7628 ***
(—6.8772) (—3.6747)
LA —0.4038 ***
(—4.4782)
EGR —0.0137 **
(—2.4600)
EDL —0.0702 ***
(—3.8211)
FE 2.7170 ***
(7.9838)
TE 0.3503
(0.4023)
Constant 4.7749 *** 3.9820 ***
(10.7295) (8.6580)
N 2880 2880
R2 0.9506 0.9583
City FE YES YES
Year FE YES YES

Note: *** ** and * denote significance at the 1%, 5%, and 10% levels respectively; t-statistics are in parentheses.
The same applies to all subsequent tables.

For the control variables, administrative land area, economic growth rate, and eco-
nomic development level are negatively associated with carbon emission intensity, while
fiscal expenditure shows a significantly positive effect. The coefficient of science and
technology expenditure is not statistically significant. Overall, the results provide strong
empirical support for H1, confirming that the digital economy plays a significant role in
reducing urban carbon emission intensity.

5.2. Endogeneity Tests

Potential endogeneity may remain despite the inclusion of city fixed effects, year
fixed effects, and city-level controls. To address reverse causality, omitted variables, and
measurement error, this study adopts four complementary strategies: a two-stage least
squares (25LS) approach using geographic diffusion instruments, System GMM estima-
tion, a heteroskedasticity-based instrumental-variable method, and a Smart City pilot
DID design.

5.2.1. Instrumental Variable Approach

To mitigate potential endogeneity, this study employs a two-stage least squares (25LS)
approach. The baseline instrument is constructed by interacting each city’s standardized
distance to Hangzhou with the national level of digital economy development. Hangzhou
is a leading digital-economy hub in China, and proximity to Hangzhou is expected to
capture differential exposure to digital infrastructure diffusion, platform spillovers, and
technology transmission. Since the distance variable is time-invariant and absorbed by city
fixed effects, while the national digital-economy trend is absorbed by year fixed effects,
their interaction provides time-varying cross-city variation in digital economy exposure.

To assess whether the results depend on a single instrument, an alternative geographic
instrument is constructed using each city’s standardized distance to the nearest node city
of China’s “eight-vertical-and-eight-horizontal” national communication-trunk network,
interacted with the same national digital-economy trend. As backbone-network nodes
represent major hubs of digital infrastructure, proximity to these nodes is closely asso-
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ciated with local digital economy development through infrastructure accessibility and
network diffusion.

Table 4 reports the 25LS estimates. The first-stage results show that both instruments
are significantly correlated with the Digital Economy Index. The Kleibergen—Paap rk Wald F
statistics are 272.58 for the Hangzhou-distance instrument and 33.66 for the backbone-node
instrument, both exceeding the conventional weak-instrument threshold. The second-stage
coefficients of the Digital Economy Index are negative across specifications, consistent
with the baseline results. In the over-identified specification using both instruments,
the coefficient remains negative (—0.7576), and the Hansen over-identification test is not
rejected (p = 0.758), providing no evidence against the over-identifying restrictions. These
results indicate that the estimated carbon-reduction effect of the digital economy is robust
to alternative geographic instruments.

Table 4. Instrumental variable (2SLS) regression results.

Variable (M 1st: HZ (2)2nd: HZ (3) 1st: Node (4) 2nd: Node (5) Over-ID

DEI —0.7773 * —0.4749 —0.7576
(—1.7367) (—0.3740) (—1.6131)

First stage (DV = DEI)

Distance to Hangzhou x trend —0.0469 *** Yes

(—16.5101)
Distance to backbone node x trend —0.0205 *** Yes
(—5.8015)

Kleibergen-Paap rk Wald F 272.58 272.58 33.66 33.66 138.82

Hansen ] test (p-value) — — — — 0.758

Controls (EDL, EGR) YES YES YES YES YES

City/Year FE YES YES YES YES YES

N 2880 2880 2870 2870 2870

Notes: The instruments are a city’s standardized distance to Hangzhou/to the nearest backbone-network node,
each interacted with the national level of digital economy development. Columns (1) and (3) report first stages
(DV = DEI); columns (2), (4) and (5) report second stages (DV = carbon emission intensity, CE). Column (5) includes
both instruments. t-statistics in parentheses.

5.2.2. System GMM Estimation

Considering the dynamic persistence of carbon emission intensity, this study fur-
ther employs the system generalized method of moments estimator. By introducing the
lagged dependent variable, the system GMM approach helps alleviate potential dynamic
endogeneity, reverse causality, and omitted-variable bias.

As reported in Table 5, the coefficient of the lagged carbon emission intensity is positive
and significant, indicating strong persistence in urban carbon emission intensity. More
importantly, the coefficient of the Digital Economy Index remains significantly negative
(—0.0922, t = —2.4508), which is consistent with the baseline results. The diagnostic tests
support the validity of the dynamic panel specification. The AR(1) test is significant,
whereas the AR(2) test is insignificant with a p-value of 0.270, indicating no second-order
serial correlation in the differenced residuals. The Hansen test yields a p-value of 0.310,
suggesting that the validity of the instruments is not rejected. These results provide further
evidence that digital economy development contributes to reducing urban carbon emission
intensity after controlling for dynamic adjustment and potential endogeneity.
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Table 5. System GMM dynamic panel estimation results.

Variable System GMM (CE)

L.CE 1.0867 ***

(11.9582)

DEI —0.0922 **

(—2.4508)
AR(1) test (p-value) 0.001
AR(2) test (p-value) 0.270
Hansen test (p-value) 0.310
Control variables YES
N 2592

5.2.3. Additional Endogeneity-Correction Tests

To further verify the reliability of the results, this study conducts two additional
endogeneity-correction tests. First, a heteroskedasticity-based instrumental-variable esti-
mation is employed to construct internal instruments from the heteroskedastic structure of
the data. As shown in Table 6, The results show that the coefficient of the Digital Economy
Index remains significantly negative (—0.1414, t = —4.5963), indicating that the baseline
conclusion is not driven by potential omitted-variable bias or measurement error.

Table 6. Endogeneity Test Results.

Variable Heteroskedasticity in Explanatory Variable = Smart City DiD
DEI —0.1414 ***
(—4.5963)
Treat x Post —0.1230 *
(—1.8201)
LA —0.3566 *** —0.3948 ***
(—3.6132) (—4.4045)
EGR —0.0063 * —0.0124 **
(—1.8453) (—2.3475)
EDL —0.1174 *** —0.0783 ***
(—9.3451) (—3.9410)
FE 1.9900 *** 2.8873 ***
(7.1313) (7.8542)
TE 0.6584 0.0614
(0.6246) (0.0712)
N 2589 2878
R2 0.2368 0.9578

Second, this study uses the Smart City pilot policy as a quasi-natural experiment
to examine the effect of digital transformation on carbon emission intensity. Smart City
construction promotes digital infrastructure, data-driven governance, and the integration
of digital technologies into urban management, thereby providing an external policy shock
related to digital economy development. The estimated coefficient remains negative and
statistically significant at the 10% level (—0.1230, t = —1.8201), further supporting the
inhibitory effect of digital transformation on carbon emission intensity.

Overall, the results from the 2SLS estimation, system GMM estimation,
heteroskedasticity-based instrumental-variable method, and Smart City DID anal-
ysis consistently indicate that the digital economy reduces urban carbon emission
intensity. These findings suggest that the baseline conclusion is unlikely to be driven
by endogeneity concerns.
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5.3. Robustness Checks

To further verify the reliability of the baseline results, this study conducts five ro-
bustness checks, including replacing the dependent variable, replacing the core explana-
tory variable, excluding municipalities, excluding special years, and adjusting the fixed-
effect specification.

5.3.1. Replacing the Dependent Variable

The dependent variable is replaced with per capita carbon emissions to examine
whether the results are affected by the measurement of carbon emissions. As reported in
Column (1) of Table 7, the coefficient of the Digital Economy Index remains significantly
negative at the 1% level, indicating that the main conclusion does not depend on a specific
measurement of carbon emissions.

Table 7. Robustness checks result.

Replace Lagged

Exclude Exclude Special Replace Fixed
Dependent Explanatory e el
. Variable Variable Municipalities Years Effects Level
Variable
@ (2) 3) 4) (5)
Per Capita CE CE CE CE CE
DEI —1.0136 *** —0.8335 *** —0.8709 *** —1.3876 ***
(—3.7276) (—3.9310) (—2.9074) (—3.7484)
L.DEI —1.1796 ***
(—3.5866)
Control Variables YES YES YES YES YES
Constant 3.8235 *** 5.2442 *** 4.1522 *** 3.7934 *** 5.9039 ***
(5.7935) (7.5336) (8.8975) (6.4453) (7.9615)
N 2880 2592 2838 2014 2016
R2 0.9510 0.3148 0.9585 0.9697 0.3148
City FE YES YES YES YES YES
Year FE YES YES YES YES YES

5.3.2. Replacing the Core Explanatory Variable

The one-period lag of the Digital Economy Index is used as an alternative core explana-
tory variable to alleviate potential reverse causality. Column (2) shows that the coefficient
of the lagged Digital Economy Index remains significantly negative, which is consistent
with the baseline regression results.

5.3.3. Excluding Municipalities

Considering that Beijing, Tianjin, Shanghai, and Chongqing differ from other
prefecture-level cities in administrative status, policy support, and resource endowments,
these four municipalities are excluded from the sample. The result in Column (3) shows
that the coefficient of the Digital Economy Index remains significantly negative, suggesting
that the baseline conclusion is not driven by these special samples.

5.3.4. Excluding Special Years

The years 2020 and 2021 are excluded to avoid potential disturbances caused by the
COVID-19 pandemic. As shown in Column (4), the coefficient of the Digital Economy
Index is still significantly negative at the 1% level, indicating that the core conclusion is not
affected by abnormal shocks during the pandemic period.
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5.3.5. Adjusting the Fixed-Effect Specification

Finally, this study adjusts the fixed-effect specification to test whether the results
depend on a particular fixed-effect setting. Column (5) shows that the coefficient of the
Digital Economy Index remains significantly negative. Overall, the robustness checks
confirm that the carbon reduction effect of the digital economy is stable and reliable.

5.4. Mediation Effect Analysis

To examine the transmission mechanisms linking digital economy development to
urban carbon emission intensity, this study tests three mediating channels: industrial
structure rationalization, industrial structure upgrading, and technological innovation
capability. The results based on stepwise regressions and Bootstrap tests are reported in
Tables 8 and 9.

Table 8. Mediation effect test results.

Variable RL CE HL CE TI CE
@ () ©) (4) ©) (6)
DEI —0.2530 *** —0.7152 *** 0.4228 *** —0.6762 *** 4.3666 *** —0.9143 ***
(—5.9388) (—3.4839) (5.6798) (—3.3270) (8.0411) (—4.3102)
RL 0.1882 ***
(3.0255)
HL —0.2049 ***
(—4.9141)
TI 0.0347 ***
(3.6600)
Controls —0.0599 *** —0.3926 *** 0.0054 —0.4027 *** 0.3918 *** —0.4174 ***
City FE (—2.9268) (—4.3960) (0.1343) (—4.4537) (4.4910) (—4.5669)
Year FE —0.0010 —0.0135 ** 0.0004 —0.0136 ** —0.0051 —0.0135 **
N (—1.6132) (—2.4531) (0.3559) (—2.4714) (—1.4892) (—2.4460)
R2 —0.0057 ** —0.0691 *** —0.0022 —0.0706 *** —0.0706 —0.0677 ***
Notes: RL is measured by the Theil index. A smaller value of RL indicates a more rational industrial structure.
Table 9. Bootstrap mediation effect test results.
Mediator Effect Coefficient Std. Err. z P 95%
RL Indirect —0.0476 *** 0.0175 —2.714 0.007 [—0.082, —0.013]
Direct —0.7152 *** 0.1928 -3.709 <0.001 [—1.093, —0.337]
HL Indirect —0.0866 *** 0.0218 —3.965 <0.001 [—0.134, —0.048]
Direct —0.6762 *** 0.1937 —3.490 <0.001 [—1.047, —0.294]
TI Indirect 0.1515 *** 0.0308 4.920 <0.001 [0.091, 0.212]
Direct —0.9143 *** 0.1975 —4.629 <0.001 [—1.301, —0.527]

Industrial structure rationalization constitutes a significant mediation channel. The
coefficient of the Digital Economy Index on industrial structure rationalization (RL) is
significantly negative. Since RL is measured by the Theil index, a lower value indicates a
more rational industrial structure. Therefore, the negative coefficient suggests that digital
economy development reduces the mismatch between output structure and employment
structure across industries, thereby improving industrial structure rationalization. In the
carbon-emission-intensity equation, RL has a significantly positive coefficient, indicating
that greater industrial mismatch increases carbon emission intensity. Accordingly, the
product of the negative DEI-RL effect and the positive RL—carbon-intensity effect generates
a negative indirect effect. The Bootstrap result confirms this mechanism, with an indirect
effect of —0.0476 and a 95% confidence interval of [-0.082, —0.013]. This finding indi-
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cates that the digital economy reduces carbon emission intensity by promoting industrial
structure rationalization.

Industrial structure upgrading also serves as an important transmission pathway.
The coefficient of the Digital Economy Index on industrial structure upgrading (HL) is
significantly positive, while the coefficient of HL in the carbon-emission-intensity equation
is significantly negative. The Bootstrap indirect effect is —0.0866, with a 95% confidence
interval of [-0.134, —0.048], indicating that industrial structure upgrading significantly
transmits the carbon-reduction effect of the digital economy. This result suggests that
digital technologies, digital finance, and platform-based resource allocation facilitate the
transition from energy-intensive and low-value-added sectors toward cleaner, more ef-
ficient, and higher-value-added industries. The larger indirect effect of the upgrading
channel relative to the rationalization channel further indicates that industrial upgrading is
a more prominent pathway through which digital economy development reduces carbon
emission intensity.

The mediating effect of technological innovation shows a more complex pattern.
The Digital Economy Index significantly promotes technological innovation capability
(TT). However, TI has a significantly positive coefficient in the carbon-emission-intensity
equation, and the Bootstrap indirect effect is 0.1515, with a 95% confidence interval of
[0.091, 0.212]. This result suggests that technological innovation has not yet generated
an immediate carbon-reduction effect during the sample period. Innovation activities
may involve short-term adjustment costs, including R&D investment, equipment renewal,
infrastructure construction, and transitional energy demand during the replacement of
old production systems. Moreover, innovation may initially expand production capacity
before its environmental benefits are realized through commercialization, diffusion, and
large-scale application.

Overall, the mediation results indicate that industrial structure optimization is a key
mechanism through which the digital economy reduces urban carbon emission intensity.
Both industrial structure rationalization and industrial structure upgrading generate signifi-
cant negative indirect effects, thereby supporting H2. By contrast, technological innovation
exhibits a positive indirect effect in the short term, suggesting that its carbon-reduction
contribution may be constrained by time lags, adjustment costs, and the efficiency of inno-
vation transformation. Therefore, H3 is partially supported. These findings imply that the
environmental benefits of digital economy development depend not only on technologi-
cal progress itself, but also on whether digitalization can promote low-carbon industrial
restructuring and accelerate the conversion of innovation outcomes into green productivity.

5.5. Heterogeneity Analysis

To examine whether the carbon-reduction effect of the digital economy varies across
urban contexts, this study conducts heterogeneity analyses from three dimensions: indus-
trial legacy, initial technological innovation foundation, and initial population density. The
results are reported in Table 10.

5.5.1. Heterogeneity by Old Industrial Base

The estimated effect of the digital economy differs significantly between old industrial
base cities and non-old industrial base cities. In the old industrial base group, the coefficient
of the Digital Economy Index is significantly negative (—1.2828, t = —3.2941). In contrast,
the coefficient in the non-old industrial base group is smaller in magnitude and statistically
insignificant (—0.2872, t = —1.5985). The between-group difference is statistically significant
at the 5% level, with a p-value of 0.014.
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Table 10. Heterogeneity analysis results.

Old Industrial Base Status

Initial Technological
Innovation Foundation

Initial Population Density

Variable Old Industrial Non-Old Low High Low High
Base Industrial Base =~ Foundation Foundation Density Density
CE CE CE CE CE CE
DEI —1.2828 *** —0.2872 —1.2057 *** —0.3088 —1.1795 *** —0.2412
(—3.2941) (—1.5985) (—3.8057) (—1.6284) (—3.5408) (—0.9523)
LA —3.4429 *** —0.3540 *** —0.3702 *** —1.4312 *** —0.3559 #**  —1.2252 ***
(—3.5331) (—3.8010) (—3.8038) (—3.0079) (—3.7125) (—3.0097)
EGR —0.0214 *** —0.0094 —0.0171 *** —0.0073 —0.0167 *** —0.0089
(—4.7319) (—1.6163) (—4.4136) (—1.2372) (—4.7096) (—1.3230)
EDL —0.2195 *** —0.0439 *** —0.2176 *** —0.0295 *** —0.1789 ***  —0.0246 ***
(—7.6946) (—3.4800) (—9.8197) (—3.1861) (—11.2647) (—2.6630)
FE 2.8160 *** 1.9935 *** 1.7394 *** 3.5330 *** 1.9184 *** 3.1481 ***
(5.8500) (5.7352) (5.3180) (6.9443) (6.2166) (5.5773)
TE —1.8533 0.8212 0.6852 —0.5498 —0.3985 1.9143
(—1.5131) (0.8347) (0.5968) (—1.1417) (—1.2666) (1.3595)
Constant 10.8637 *** 2.5967 *** 5.9836 *** 3.5427 *** 5.7945 *** 2.8715 ***
(6.0013) (6.3737) (8.2761) (4.9586) (7.3445) (4.2062)
Difference test 0.014 0.034 0.026
p-value
N 940 1920 1440 1440 1430 1430
R2 0.9635 0.9577 0.9580 0.9648 0.9624 0.9593
City FE YES YES YES YES YES YES
Year FE YES YES YES YES YES YES

Notes: Cities are classified into low- and high-foundation groups according to their technological innovation
levels in 2013, and into low- and high-density groups according to their population density in 2013.

This result indicates that digital economy development generates a stronger marginal
carbon-reduction effect in cities facing greater industrial transformation pressure. Old
industrial base cities are generally characterized by a higher share of heavy industry,
stronger dependence on energy-intensive sectors, and more pronounced carbon lock-
in. These structural constraints create greater scope for efficiency improvement, factor
reallocation, and industrial restructuring. Digital technologies may therefore reduce carbon
emission intensity in such cities by improving energy-use efficiency, enhancing production
coordination, and accelerating the transition from high-carbon production systems toward
cleaner and more efficient industrial structures. The weaker effect in non-old industrial
base cities does not imply that digitalization is less important; rather, it suggests that
cities with lighter industrial structures may have smaller marginal adjustment space for
carbon-intensity reduction.

5.5.2. Heterogeneity by Initial Technological Innovation Foundation

The carbon-reduction effect of the digital economy is also conditioned by cities” initial
technological innovation foundation. The coefficient of the Digital Economy Index is
significantly negative in the low-foundation group (—1.2057, t = —3.8057), whereas the
coefficient in the high-foundation group is smaller and statistically insignificant (—0.3088,
t = —1.6284). The coefficient-difference test yields a p-value of 0.034, confirming significant
heterogeneity between the two groups.

This finding suggests that digitalization produces larger marginal environmental
benefits in cities with weaker initial innovation foundations. In such cities, digital tech-
nologies can reduce information frictions, enhance access to external knowledge, improve
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technology absorption capacity, and strengthen resource-allocation efficiency. These effects
may facilitate technological catch-up and amplify the carbon-reduction effect of industrial
restructuring. This result does not contradict the mediation analysis, which shows that
technological innovation may involve short-term adjustment costs. Rather, it indicates
that in low-foundation cities, the carbon-reduction effect of digitalization is more likely to
operate through technology diffusion, efficiency improvement, and structural adjustment
than through the immediate expansion of local innovation activities. In cities with stronger
initial innovation capacity, the marginal contribution of additional digital development
may be constrained by a higher pre-existing technological and efficiency frontier.

5.5.3. Heterogeneity by Initial Population Density

The effect of the digital economy further varies by initial population density. In the
low-density group, the coefficient of the Digital Economy Index is significantly negative
(—1.1795, t = —3.5408). In the high-density group, the coefficient is statistically insignificant
(—0.2412, t = —0.9523). The between-group difference is significant, with a p-value of 0.026.

This result indicates that digital economy development has a stronger carbon-
reduction effect in cities with greater spatial coordination constraints. Low-density cities
often face higher costs in logistics organization, infrastructure utilization, public service
provision, and environmental governance. These spatial frictions may intensify resource
misallocation and increase carbon emission intensity. Digital technologies can mitigate
such constraints by improving information connectivity, optimizing transport and energy
management, and enhancing the precision of environmental monitoring and governance.
By contrast, high-density cities may already benefit from agglomeration economies, in-
frastructure sharing, and more efficient service provision, which may reduce the marginal
contribution of digitalization to further carbon-intensity reduction.

Overall, the heterogeneity results show that the carbon-reduction effect of the dig-
ital economy is not uniform across cities. Stronger effects are observed in cities with
greater industrial restructuring pressure, weaker initial technological foundations, and
more pronounced spatial coordination constraints. These findings should be interpreted as
evidence of heterogeneous marginal effects rather than as a preference for less advanced
urban conditions. The results indicate that digital economy development is particularly
effective when it can relax structural constraints, promote factor reallocation, facilitate
technology diffusion, and improve governance efficiency. For cities with more advanced
industrial structures, stronger innovation capacity, and higher population density, the
carbon-reduction potential of digitalization may depend more on its integration with green
innovation, clean energy systems, and high-level industrial upgrading.

5.6. Spatial Spillover Effect Testing
5.6.1. Global Moran’s I Test

To examine the spatial autocorrelation of carbon emission intensity and digital econ-
omy development, this study calculates the Global Moran’s I for the period 2013-2022. The
results are reported in Table 11.

Global Moran’s I values for carbon emission intensity are consistently positive and
statistically significant at the 1% level, ranging from 0.1200 to 0.2066. This indicates a
significant positive spatial autocorrelation in urban carbon emission intensity, suggesting
that cities with similar emission intensity tend to be spatially clustered. Moreover, the
increasing trend of the index implies that the spatial dependence of carbon emission
intensity strengthened during the sample period.

Similarly, Global Moran’s I values for the Digital Economy Index are also positive and
significant at the 1% level in all years, ranging from 0.2654 to 0.4404. This suggests that
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digital economy development also exhibits significant spatial clustering. Overall, these
findings confirm the existence of spatial dependence in both carbon emission intensity and
digital economy development, thereby supporting the necessity of employing a spatial
econometric model.

Table 11. Global Moran’s I test results.

CE DEI
Year
I V4 p-Value I V4 p-Value

2013 0.1261 7.1710 0.0000 0.3109 17.2040 0.0000
2014 0.1206 6.8647 0.0000 0.2654 14.7102 0.0000
2015 0.1200 6.8649 0.0000 0.2950 16.3305 0.0000
2016 0.1258 7.2460 0.0000 0.2839 15.7266 0.0000
2017 0.1516 8.5905 0.0000 0.3142 17.4090 0.0000
2018 0.1639 9.2308 0.0000 0.3670 20.2996 0.0000
2019 0.1945 10.9136 0.0000 0.3897 21.5151 0.0000
2020 0.2047 11.4691 0.0000 0.4066 22.4403 0.0000
2021 0.2066 11.5806 0.0000 0.4284 23.6397 0.0000
2022 0.2045 11.4641 0.0000 0.4404 24.2808 0.0000

5.6.2. Spatial Model Specification Tests

To determine the appropriate spatial econometric specification, this study conducts
a series of diagnostic tests. As reported in Table 12, both the LM tests and their robust
forms are statistically significant at the 1% level, rejecting the null hypothesis of no spatial
dependence. This confirms the existence of spatial autocorrelation in the sample data.

Table 12. Spatial model specification tests results.

Test Statistic p
LM_Lag test 2598.929 0.000
Robust LM_Lag test 88.832 0.000
LM_Err test 2584.169 0.000
Robust LM_Err test 74.072 0.000
LR test spatial lag 209.42 0.000
LR test spatial error 155.19 0.000
Wald test spatial lag 217.69 0.000
Wald test spatial error 158.18 0.000
Hausman test 38.28 0.000
LR ind both 66.28 0.000
LR time both 8810.61 0.000

The LR and Wald tests further reject the null hypotheses that the Spatial Durbin
Model can be simplified into either the Spatial Lag Model or the Spatial Error Model.
These results indicate that the Spatial Durbin Model is the preferred specification. In
addition, the Hausman test is significant at the 1% level, supporting the use of fixed effects
rather than random effects. The LR tests for individual and time effects also confirm the
appropriateness of the two-way fixed-effect specification. Therefore, this study adopts
the Spatial Durbin Model with both city and year fixed effects as the benchmark spatial
econometric model.

5.6.3. Spatial Durbin Model Estimation Results

Table 13 reports the Spatial Durbin Model estimates and the corresponding effect
decomposition. The coefficient of the Digital Economy Index in the main equation is signif-
icantly negative (—0.3573, p < 0.05), indicating that digital economy development reduces
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local urban carbon emission intensity. The spatial autoregressive coefficient is positive and
significant (p = 0.4119, p < 0.01), confirming the presence of spatial dependence in urban
carbon emission intensity and justifying the use of a spatial econometric specification.

Table 13. Empirical results of Spatial Durbin model estimation.

Variable Main Effect Spatial Effect Direct Effect Indirect Effect Total Effect
DEI —0.3573 ** —1.1621 *** —0.3850 ** —2.2103 *** —2.5952 ***
(—2.4096) (—3.7743) (—2.5697) (—4.5718) (—5.6466)
LA —0.5343 *** 5.5608 *** —0.4023 *** 8.9817 *** 8.5794 ***
(—7.8169) (13.5687) (—5.9833) (10.0679) (9.4396)
EGR —0.0119 *** —0.0139 ** —0.0122 *** —0.0310 *** —0.0431 ***
(—5.8758) (—2.5703) (—6.2742) (—3.4814) (—4.7148)
EDL —0.0778 *** 0.0800 *** —0.0767 *** 0.0815 *** 0.0048
(—11.0405) (4.9995) (—11.4105) (3.3030) (0.2095)
FE 1.9148 *** 1.2099 ** 1.9657 *** 3.3103 *** 5.2760 ***
(9.0417) (2.0048) (9.6971) (3.8947) (6.4376)
TE 0.4819 —0.6671 0.4905 —0.6125 —0.1220
(1.4267) (—0.5715) (1.4572) (—0.2965) (—0.0570)
o 0.4119 ***
(9.1300)
sigma?_e 0.0960 ***
(37.7856)
N 2880
R2 0.2372
Number of pro 288

The spatially lagged coefficient of the Digital Economy Index is significantly negative
(—1.1621, p < 0.01), suggesting that digital economy development in neighboring cities
contributes to local carbon-intensity reduction. The effect decomposition further supports
this result. The direct, indirect, and total effects of the Digital Economy Index are —0.3850,
—2.2103, and —2.5952, respectively. The direct effect is significant at the 5% level, while
the indirect and total effects are significant at the 1% level. These results indicate that
the carbon-reduction effect of the digital economy operates both locally and through
spatial spillovers.

The magnitude of the indirect effect exceeds that of the direct effect, implying that
intercity spillovers constitute an important channel through which digitalization contributes
to carbon-intensity reduction. This finding is consistent with the theoretical mechanisms
of technology diffusion, supply-chain coordination, and policy learning. Overall, the
significantly negative spatially lagged coefficient and indirect effect under the geographical
distance matrix indicate that digital economy development generates a significant negative
geographical spillover effect on urban carbon emission intensity, thereby supporting H4a.

5.6.4. Additional Tests Based on Alternative Spatial Weight Matrices

To examine whether the estimated spatial effects depend on the specification of inter-
city linkages, this study further re-estimates the Spatial Durbin Model using two alternative
spatial weight matrices: an economic distance matrix and a geo-economic matrix. Table 14
reports the estimates for the Digital Economy Index, with control variables, city fixed
effects, and year fixed effects included but omitted for brevity.
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Table 14. Spatial Effect Estimates under Alternative Spatial Weight Matrices.

Spatial Weight Matrix Main Effect Wx Effect Direct Effect  Indirect Effect Total Effect
Geographical distance matrix —0.3573 ** —1.1621 *** —0.3850 ** —2.2103 *** —2.5952 ***
(—2.4096) (—3.7743) (—2.5697) (—4.5718) (—5.6466)
Economic distance matrix —0.8158 *** 1.2868 *** —0.7935 *** 1.3222 *** 0.5287
(—6.6980) (4.2487) (—6.3255) (3.8014) (1.3770)
Geo-economic matrix —0.7635 *** 0.0623 —0.7650 *** —0.1718 —0.9368 ***
(—5.5849) (0.2629) (—5.5488) (—0.5826) (—3.1068)

The direct effects of the Digital Economy Index remain significantly negative across
all three matrices, indicating that the local carbon-reduction effect of digital economy
development is robust to alternative spatial-weight specifications. However, the indirect
effects differ across matrices. Under the geographical distance matrix, the indirect effect
is significantly negative, suggesting that digital economy development generates carbon-
reduction spillovers among geographically proximate cities. This finding supports H4a
and is consistent with the mechanisms of technology diffusion, supply-chain coordination,
and policy learning.

By contrast, the economic distance matrix yields a significantly positive indirect ef-
fect, while the total effect is statistically insignificant. This result indicates that, among
economically similar cities, digital economy development may be accompanied by com-
petitive or siphon effects. Specifically, digitally advanced cities may absorb skilled labor,
innovation resources, digital infrastructure investment, and high-value-added industries
from economically connected cities, thereby weakening their low-carbon transition capacity
and offsetting the diffusion benefits of digitalization. Under the geo-economic matrix, the
indirect effect is negative but statistically insignificant, whereas the total effect remains
significantly negative. This suggests that when geographical proximity and economic
similarity are jointly considered, diffusion and siphon mechanisms may partially offset
each other.

Overall, these additional tests show that the spatial environmental effect of the digital
economy is conditional on the type of intercity linkage. The negative spillover effect is more
pronounced under geographical proximity, whereas economic-linkage-based proximity
may involve competitive or siphon mechanisms. These findings provide empirical support
for H4a and H4b.

5.7. Discussion

The empirical findings provide consistent evidence that digital economy develop-
ment significantly reduces urban carbon emission intensity. The negative effect remains
robust across two-way fixed-effects estimation, endogeneity corrections, dynamic panel
models, and alternative robustness checks, indicating that digitalization constitutes an
important driver of urban low-carbon transition rather than a result of model specification
or sample selection.

The mechanism analysis shows that industrial structure rationalization and upgrading
are key channels through which the digital economy affects carbon emission intensity.
Digitalization improves factor allocation efficiency and promotes the shift toward service-
oriented and knowledge-intensive sectors, thereby weakening dependence on energy-
intensive production. The relatively stronger role of industrial upgrading suggests that
the carbon-reduction effect of the digital economy is closely associated with structural
transformation rather than only within-sector efficiency improvement.

The results for technological innovation reveal a more complex mechanism. The
positive short-term effect of innovation on carbon emission intensity suggests the existence

https://doi.org/10.3390/sul18136726


https://doi.org/10.3390/su18136726

Sustainability 2026, 18, 6726

31 0f34

of transitional adjustment costs, including R&D investment, equipment renewal, and the
coexistence of old and new production systems. This finding supports the view that the
environmental benefits of green innovation may exhibit temporal lag effects and depend
on subsequent commercialization and large-scale diffusion.

The heterogeneity analysis indicates that the carbon-reduction effect of the digital
economy varies across urban contexts. The effect is more pronounced in old industrial base
cities, cities with weaker initial innovation capacity, and cities with lower initial popula-
tion density. These results imply that digitalization generates greater marginal benefits
where industrial restructuring pressure, technology catch-up potential, and coordination
constraints are stronger.

The spatial econometric results further demonstrate that the digital economy produces
significant regional spillover effects. The indirect effect exceeds the direct effect, suggesting
that digitalization reduces carbon emission intensity not only through local channels
but also through cross-city technology diffusion, supply-chain coordination, and policy
learning. Therefore, regional coordination is essential for maximizing the low-carbon
benefits of digital economy development.

6. Conclusions and Policy Implications
6.1. Conclusions

Using panel data from 288 prefecture-level and above cities in China from 2013 to 2022,
this study examines the impact of digital economy development on urban carbon emission
intensity. By combining two-way fixed effects models, endogeneity tests, robustness checks,
mediation analysis, heterogeneity analysis, and spatial econometric models, this study
identifies the direct effect, transmission mechanisms, heterogeneous patterns, and spatial
spillover effects of the digital economy.

The empirical results support four main conclusions. Digital economy development
significantly reduces urban carbon emission intensity. This conclusion remains valid after
controlling for city and year fixed effects, adopting alternative variable measurements,
excluding special samples, introducing lagged explanatory variables, changing fixed-effect
structures, and applying multiple endogeneity-correction methods. These results indicate
that digitalization is not only a driver of economic transformation but also an important
factor in urban low-carbon development.

Industrial structure optimization is a key mechanism through which the digital econ-
omy reduces carbon emission intensity. Digital economy development improves industrial
structure rationalization by reducing factor mismatch and promotes industrial structure
upgrading by facilitating the transition toward service-oriented, knowledge-intensive, and
low-carbon sectors. Both channels generate significant carbon-reduction effects. By con-
trast, technological innovation exhibits a short-term positive indirect effect, suggesting that
innovation activities may involve adjustment costs, equipment renewal, and transitional
energy consumption before long-term green benefits are fully realized.

The carbon-reduction effect of the digital economy differs across cities. The effect
is stronger in old industrial base cities, cities with weaker initial innovation foundations,
and cities with lower initial population density. These findings indicate that digitalization
generates greater marginal benefits where industrial restructuring pressure, technology
catch-up potential, and spatial coordination constraints are more pronounced. The het-
erogeneity results should therefore be interpreted as evidence of differentiated marginal
effects rather than as a preference for less advanced urban conditions.

The spatial econometric results show that the digital economy also affects carbon
emission intensity through intercity spillovers. Under geographical proximity, digital
economy development generates negative spatial spillover effects through technology
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diffusion, supply-chain coordination, and policy learning. Additional tests based on
alternative spatial weight matrices further suggest that economic-linkage-based spillovers
may be more complex, as competitive or siphon effects may weaken or offset part of the
carbon-reduction spillovers among economically connected cities.

6.2. Policy Implications

The findings provide several policy implications for integrating digital economy
development with urban low-carbon transition.

Digital economy development should be incorporated into urban carbon-mitigation
strategies. Local governments should strengthen digital infrastructure, industrial internet
platforms, data-sharing systems, and digital public-service platforms, while avoiding
inefficient and high-energy digital infrastructure expansion. The construction of data
centers, communication networks, and computing facilities should be coordinated with
renewable energy use, energy-efficiency standards, and green electricity procurement to
prevent rebound effects.

Industrial structure optimization should be placed at the center of digitally enabled
carbon reduction. Cities should use digital platforms, digital finance, and data-driven
governance tools to improve factor allocation across industries and reduce mismatch be-
tween output structure and employment structure. At the same time, digital transformation
should be directed toward the upgrading of traditional manufacturing, the development
of producer services, and the expansion of high-value-added and low-carbon industries.
Particular attention should be given to the integration of digital technologies with energy-
intensive sectors, where carbon-reduction potential is substantial.

The role of technological innovation should be evaluated from a dynamic perspective.
Since innovation may generate short-term adjustment costs, policy design should not focus
only on increasing patent quantity or R&D expenditure. More emphasis should be placed
on the commercialization, diffusion, and industrial application of green technologies. Gov-
ernments should improve mechanisms for technology transfer, green finance, intellectual
property protection, and demonstration projects, so that digital innovation can be converted
more efficiently into green productivity.

Differentiated digital transformation policies should be adopted across city types.
For old industrial base cities, digital technologies should be used to support industrial
restructuring, energy-efficiency improvement, and the digital upgrading of traditional
manufacturing. For cities with weaker innovation foundations, policy support should
focus on technology diffusion, external knowledge absorption, and digital public plat-
forms that reduce innovation barriers. For low-density cities, digital infrastructure and
smart governance systems should be used to reduce spatial coordination costs in logis-
tics, public services, energy management, and environmental supervision. For cities with
stronger industrial and innovation foundations, policy emphasis should shift toward
high-level digital-green integration, green innovation networks, and advanced low-carbon
technology deployment.

Regional coordination is essential for maximizing the carbon-reduction effect of the
digital economy. The significant geographical spillover effect indicates that digitalization
can promote carbon reduction beyond local administrative boundaries. Therefore, urban
agglomerations and metropolitan areas should establish cross-city mechanisms for digital
infrastructure sharing, carbon data exchange, supply-chain carbon management, and
coordinated environmental governance. At the same time, policymakers should recognize
the possibility of siphon effects under economic linkages. Digitally advanced cities should
be encouraged to share technology, platforms, standards, and governance experience
with surrounding cities, rather than merely concentrating talent, capital, and innovation
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resources. A more balanced regional digital system is necessary to transform digitalization
into a coordinated low-carbon transition pathway.
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