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The application of digital technology and the emergence of new economic forms
have accelerated economic and social dynamic circulation, and the digital
economy industry has achieved positive results in enhancing regional carbon
emission efficiency. Therefore, exploring the carbon footprint of the digital
economy system and the new development model of “dual circulation” from
the perspective of high-quality development is important to ensure its healthy
development. This study is based on the theory of high-quality development. It
uses panel models, spatial econometric models, and other methods for empirical
analysis of the level of digital economy development and carbon emission
efficiency in more than 25 provinces in China and also of their impact effects.
The results indicated that under the post-epidemic situation, the digital economy
level of various provinces in China has improved to varying degrees, especially in
the Beijing, Tianjin, Hebei, and Pearl River Delta regions, where the improvement
effect is significant. The carbon emission efficiency showed a decreasing trend
from east to west in the spatial dimension. The digital economy was significantly
positively correlated with carbon emission efficiency at the 1% level. In
comparison, the negative effects of urbanization level and government macro
intervention variables were significant at the 5% and 10% levels. The adjustment of
industrial structure, energy technology, and development of the digital economy
had significant spatial spillover effects and heterogeneity. When the digital
economy improved carbon emission efficiency, a certain degree of peripheral
inhibition was observed. From the perspective of high-quality development, the
digital economy needs to focus on the “simultaneous realization and
maintenance” of economic and ecological benefits and actively adjust the
industrial structure and energy optimization based on regional differences.

digital economic system, carbon emissions, panel model, spatial spillover effects,
industrial structure, carbon footprint
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1 Introduction

Faced with the current trend of digital transformation and
development in the world economy, its scale anddepth of
development are also constantly deepening and expanding. As an
important lever to enhance economic development and build new
competitive advantages and new patterns, it has obvious advantages
in leveraging China’s market advantages and domestic demand
potential. The research and application of digital technology such
as big data, artificial intelligence (AI), and cloud computing are
continuously promoting technological innovation, and new
economic formats are emerging one after another. The dynamic
cycle system of economic development is also constantly being
optimized (Yu and Zhu, 2023; Han et al, 2022). The report of
the 20th National Congress of the Communist Party of China
proposed accelerating the digital economy development (DED)
and stimulating the deep and multi-domain development of
digital technology through the deployment of economic network
infrastructure (Hussain et al., 2022). Digital economy has become a
new engine for promoting economic and social high-quality
development (HQD). As an economic system based on digital
technology, it covers a wide range of connotations. In the China
Digital Economy Development Report (2022), the extent of
industrial digitization in China exceeded 80% in 2021. As a new
direction of industrial development, digital economy is closely
related to carbon emissions (CEs) (Ren et al, 2022). According
to relevant data, there are differences in the carbon footprint (CFP)
of industrial activities in China in the 2lst century, and the
ecological deficit caused by the scarcity in productive land area is
more obvious, making it difficult to compensate for the CFP of the
industrial space (Hertwich, 2021). With the increasing severity of
global climate change, reducing CEs and achieving sustainable
economic development have become urgent issues that need to
be addressed by countries and regions. The digital economy
accelerates the penetration and integration of digital technology
and digital elements into deeper and wider fields by continuously
upgrading network infrastructure and information tools such as
intelligent machines. It also promotes the transformation of the
economic form from industrial economy to smart economy, thereby
bringing about a change in the overall economic operation mode. In
the context of carbon peak and carbon neutrality, high-energy-
consuming industries urgently need to be transformed and
upgraded, and residents’ consumption patterns need to be
optimized urgently. Therefore, combining digital economy with
green development is the only way and key technology to
promote the “dual carbon” goal and high-quality economic
development (Chen et al., 2024). In the 14th Five Year Plan and
2035 Vision Goal Outline, it is also proposed to that the intelligence
level of cities be improved, digital management and operation of
cities be promoted, and the concept of “low-carbon” cities be
advanced (Saeed et al., 2023). Therefore, conducting research on
China’s provincial level is in line with the requirements of China’s
development strategy and an important part of adapting to future
economic development. There are differences in industrial structure,
resource endowment, and technological level among different
provinces. At the provincial level, research can provide a
scientific basis for the development of each province, improve
resource utilization and crucial

efficiency, serve as a
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strategic support for achieving China’s long-term carbon
neutrality goals.

Within different economic circles, the impact of DED on CEs
varies, and the spatial boundary effects that it presents also differ to
some extent. Among them, the development of digital industries,
digital innovation capabilities, and digital inclusive finance are
important factors regarding the impact of the digital economy on
urban CEs. The digital economy has driven the development of
information and communication technology, while remote sensing
technology, Internet of Things devices, and online data analysis tools
have improved the efficiency of economic activities. Digital
transformation may lead to changes in energy consumption
patterns, which can help automate CE trading markets. The
relationship between the digital economy and emission efficiency
depends on multiple factors, especially the application of digital
technology and the policy environment in which it operates. To
maximize the use of the digital economy to improve emission
efficiency, it is necessary to strategically plan and adjust energy
use and emissions, while encouraging responsible technology use
and innovation. Related studies have shown that there is significant
spatial heterogeneity in the development of China’s digital economy,
and the development pattern has shifted from a “multi-point”
sporadic distribution to a “clustered” aggregation form. However,
the gap in development levels among cities has not improved (Wang
and Zhong, 2023). The digital economy, with the Internet and big
data as its main components, has become an important booster for
China’s HQD. The integration of digital technology provides an
opportunity for economic green and low-carbon transformation
(LCT), and carbon emission efficiency (CEE) and CFP are related to
factors such as energy structure, industrial upgrading, and
technological innovation. Exploring the relationship between
DED and CE is of great practical significance in handling the
difficulties posed by global climate change to the dual circulation
pattern. Most studies only concentrate on the CE effect of energy
consumption (EC) in the digital industry, which tends to overlook
the technology spillover situation in the digital industry, making it
difficult to present actual results. In this context, this study combines
theoretical analysis with empirical testing to explore the empirical
impacts of DED on CE through theoretical model design and
econometric data collection. This study innovatively utilizes the
perspective of HQD to enrich the empirical content of the
relationship between the two. In addition, the refinement of
variable indicator data and the consideration of mediating
variables from multiple perspectives can also provide theoretical
policy

support  and recommendations  for

sustainable HQD.

achieving

2 Literature review

Digital economy is an essential endogenous driving force for
driving urban economic development. Yu et al. discussed panel data
of Chinese cities from 2011 to 2019 and examined the impact of
DED level on carbon reduction. Digital economy had an inhibitory
effect on the development of CE, showing significant heterogeneity,
and it could effectively intervene in CE by regulating green energy
efficiency (Yu et al., 2022). Zhong et al. conducted a research on the
relationship between agricultural CE and economic HQD using
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panel data, spatial Durbin model (SDM), and mediation effect (ME)
models. At present, the carbon intensity level of agriculture in China
is still relatively high, and adjustment of agricultural technology
could effectively play an intermediary role. Therefore, the
application and DED in agricultural technology should be
strengthened in the later stage (Zhong et al., 2022). Tan et al.
focused on the ME of industrial structure upgrading (ISU) on
the correlation between digital economy and low-carbon
sustainable development (LCSD) and tested it using urban
regression models. ISU could provide an external positive
environment for the DED and reduce CE (Tan et al, 2024). In
response to the LCT of the manufacturing economy, T. Wu
combined qualitative and quantitative analyses, using theoretical
and empirical methods to perform an analysis on 30 provinces in
China. Digital economy could reduce CE, and its integration with
technology-intensive manufacturing could effectively leverage the
multiplier effect of carbon reduction (Wu et al., 2023). Wang et al.
explored the relationship between digital economy and urban LCSD
from a climate perspective using panel data and fixed-effects (FE)
models. Promoting digital economy could effectively promote urban
LCSD, and the flow of innovative factors was an important
influencing factor. The influence of digital economy in urban
LCSD has increased (Wang et al., 2022). Cui et al. innovatively
analyzed the relationship between productive capital stock and CE
from the perspective of China’s information and communication
technology calculation. Wireless communication in information
technology could indirectly reduce CE through DE, and a non-
linear connection was observed between DE and CE. The degree of
influence mechanism was related to the type of wireless
(Cui et al, 2023). The framework of the
Environmental Kuznets Curve assumption,

communication
the relationship
between CE and natural resource exploitation, globalization
index, economic growth, and population aging presented an
inverted U-shaped relationship. Strengthening the sustainable
development goals under multiple objectives had important
practical significance. Shang et al. used the Tapio decoupling
model to explore the relationship between carbon dioxide and
driving factors, and they employed parallel deep learning
algorithms to design a perceptual neural network. They
constructed a partial least squares regression model to analyze
the driving factors. The results indicated that the variable
importance of urbanization rate in predicting the output had a
strong inhibitory effect on CFP growth, and the marginal effect
relationship between CFP and economic growth had stages (Shang
and Luo, 2021). Regarding the EC and CEs of 5G mobile networks,
Li et al. developed a data-driven framework and coordinated the
working status of 5G batteries using DeepEnergy energy-saving
methods and deep reinforcement learning neural networks. The
results indicated that this method had great potential in reducing
CEs, and its integration with solar energy systems could further
promote the development of energy-efficient telecommunications
(Lietal., 2023). Based on the perspective of ecological environment
improvement research, Wang et al. explored the impact and
mechanism of green finance on the economic and social green
development space under panel data from 30 provinces and cities in
China (2011-2020) through FEs and moderation effects models.
The results indicated that the development of green finance in China
has significantly expanded the green development space of the
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economy and society. The improvement of the ecological
environment played an important intermediary and regulatory
which
development of the economy and society (Wang et al., 2023).

role, could achieve high-quality and sustainable

Green development is an important part of the transformation
and upgrading of other enterprises. Gao et al. analyzed the energy-
saving and CE reduction ability of the digital economy from the
perspective of technological structure transformation using a
bidirectional FE model and an ME model. The improvement of
green technology efficiency could reduce EC (Gao and Peng, 2023).
Patterson et al. analyzed CE using machine learning techniques and
found that reducing the EC of machine learning is of great
significance in reducing the total CE (Patterson et al, 2022).
Miiller L J et al. analyzed the CFP raw materials and found that
capturing CO, carbon sources can significantly reduce their
emissions and that accelerating the optimization of CFP indicator
evaluation methods can analyze CO, under different energy
demands (Miiller et al., 2020). Valls-Val K et al. believed that
from the perspective of CE evaluation content, CFP should
strengthen the analysis of the impact of different key elements on
it, further improve the emission coefficient database, and develop
reasonable processing tools, which was a long and arduous task
(Valls-Val and Bovea, 2021). Wood et al. believed that the
formulation of strategies for CFP control needs to consider trade
composition and driving factors, among which greenhouse gases are
crucial for analyzing the industrial and agricultural sectors (Wood
et al, 2020). Mi et al. analyzed the CFP of 10 households with
different income groups in China using multi-regional input-output
analysis and found that CFP showed regional differences and that
economic growth can improve carbon inequality (Mi et al., 2020).
Shahbaz et al. considered the potential relationship between digital
economy and energy transition and used panel data from
72 countries between 2003 and 2019 to study the impact of the
digital economy on renewable EC and power generation structure.
They analyzed the mediating role of government governance,
indicating that the digital economy stimulated the transition to
renewable energy by enhancing government governance capabilities
(Shahbaz et al., 2022). The market-oriented trading mechanism is an
important means for the Chinese government to control
environmental pollution. Xuan et al. used a differential model to
explore the impact of CE trading policies on CE reduction. The
results indicated that CE trading policies, economic development,
technological research level, and opening up to the outside world
could significantly reduce CE intensity (Xuan et al., 2020). Adams
et al. found that when analyzing the relationship between the
economy and EC of countries with high geopolitical risks from
1996 to 2017, the uncertainty index had a co-integration relationship
between EC, economic growth, geopolitical risks, economic policy
uncertainty, and CE. There was a one-way causal relationship
between CE
adjustments to energy policies to better adapt to economic policy

and geopolitical ~risks, making significant
uncertainty and geopolitical risks (Adams et al., 2020).

Most previous studies demonstrated that the evaluation of CFP
requires the support of a large amount of data, and there are
differences in the standards for CE selection among different
industries and regions. CFP is closely related to carbon
reduction, and it is difficult to accurately evaluate CFP solely

through macro-surveys conducted by DE. Therefore, the research
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FIGURE 1
Impact mechanism of DED and CEE from the perspective of HQD.

mainly focuses on carbon reduction, indirectly demonstrating the
impact of CFP. This paper analyzes the correlation between digital
economy and carbon reduction efficiency (CRE) from multiple
aspects and considers the impact of various mediating variables
on urban CFP, which can effectively provide the reference value
for urban HQD.

3 The impact mechanism of DED on
CEE from the aspect of HQD

Digital economy has accelerated the development of information-
related industries and also promoted digital technology penetration
and integration in traditional industries, causing a huge improvement
in the degree of economic intelligence. On the one hand, digital
technology relies on intelligent information technology to improve
scientific decision-making efficiency, while reducing CE while
improving energy utilization efficiency. For example, the dynamic
assessment of market data by digital technology platforms can
facilitate a more comprehensive analysis of the trajectory and
supply-demand dynamics of the energy economy. This, in turn,
enables the formulation of macro-level policies that regulate energy
market transactions (Luo et al, 2023). On the other hand, the
upgrading and transformation of traditional industries through
digital technology can reduce the clustering of high pollution
emission industries, stimulate the vertical flow of production
factors, and improve resource allocation efficiency. The
enhancement of green consumption concepts can also help reduce
the CE intensity. The advent of the post-pandemic era has caused
damage to China’s domestic production and business activities, and
coupled with the severe external global economic background, the
concept of a new development pattern of dual circulation has
emerged. The impact mechanism of DED and CEE from the
perspective of HQD is shown in Figure 1.

From the perspective of direct impacts, the digital economy

industry has obvious environmentally friendly characteristics, which
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make people’s work and production activities no longer limited to
specialized time and space, and low-carbon lifestyles are gradually
becoming a new fashion. The integration of digital economy and
traditional industries can reduce production costs and develop
economies of scale and scope, to a certain extent reduce waste of
resource investment, and create a good economic development
environment (Zhu et al., 2022). From the perspective of indirect
impacts, digital economy can reduce CEE through industrial energy
structure adjustment and optimization, energy utilization intensity
reduction, technological progress, and other aspects. Specifically, the
application and development of AI and Internet of Things
technology have changed the traditional mode of industrial
economic operation, and their design of resource allocation
efficiency and restructuring of industrial organization has
enhanced the EC structure. The reduction in the use of fossil
fuels and non-renewable energy, as well as the development and
utilization of clean energy and new energy industries, can effectively
improve CEE and reduce the irreversible damage of energy to the
environment. The technological innovation wave triggered by digital
economy can effectively stimulate the transformation of EC
structure (Xu et al,, 2024a; Gazman, 2023). Given the CE spatial
spillover effects (SSE), the acceleration of information technology
circulation speed and the flow of production factors by digital
economy can greatly achieve the balanced development of CEE
at the spatial level.

4 The spatiotemporal characteristics
and analysis of DED and CE

4.1 Indicator measurement setting
This paper adopts the entropy weight approach to calculate
indicator data. The entropy value is inversely proportional to the

amount of information it contains. Moreover, the method is easy to
carry out and can reduce data evaluation errors caused by human
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TABLE 1 DED indicator system.

Indicator
attribute

Digital economy

Level | Third level indicators

indicators

Secondary indicators

DI Electronic information equipment Investment in communication equipment and RMB 100 mn +
manufacturing industry computer services
Mobile phone production 10,000 units +
Production of computer and integrated circuit One billion yuan +
equipment
Telecommunications industry Internet broadband access 10,000 households +
Mobile phone exchange capacity Kilometer +
Long-distance optical cable line length RMB 100 mn +
Software data technology service-related Information technology service revenue RMB 100 mn +
categories
Industrial output RMB 100 mn +
D Industry The proportion of sales revenue from industrial % +
innovation products
Technical renovation expenses Ten thousand yuan +
The third industry Value added of the service industry RMB 100 mn +
Number of Internet users Ten thousand +
people
Social retail consumer goods RMB 100 mn +
Cultural, educational, and entertainment Element +
consumption
Agriculture Electricity consumption Billions of hours +
Investment in fixed assets investment such as RMB 100 mn +
electricity and gas
Infrastructure fixed assets investment Transportation RMB 100 mn +
Computer services and software RMB 100 mn +
Health and social work RMB 100 mn +
Digital talent Higher education institutions Individual +
Number of professional awards People +
factors. According to the positive and negative attributes of the w - d; 2
indicators, different index calculation methods are designed, as Y

shown in Equation 1.
In Equation 2, j denotes the item indicator of the evaluation

I = Xi — Xuin object. d; is the redundancy of indicator j. n is the number of
PTx Max — Xmin indicators. When calculating the CE level, this study refers to the

Xntax — X;i M energy CE coefficient in the IPCC National Greenhouse Gas
Ip = m Emission Inventory, 2006, and uses macro-data to convert the

CE coefficient of various energy sources. Equation 3 represents
In Equation 1, Ip and Ijp represent the calculation expressions  the CE expression of energy heat generation C;.
of positive and negative indicator indices, respectively. X; is the raw M
data for the i-th indicator in a certain region, respectively. X, and C = EO’H iCY. (3)

Xmin are the maximum and minimum of the indicator data,

respectively (Sharma et al, 2022). Subsequently, the indicator
data are normalized, information entropy and redundancy are
calculated, and finally the weight result w; of the indicator data
is obtained, as shown in Equation 2.

Frontiers in Environmental Science

In Equation 3, O; is the low calorific value of fossil fuels, H; is the
carbon oxidation factor of fossil fuels, and C? is the energy carbon
dioxide coefficient. DED focuses on economic infrastructure digital
economy application. Therefore, based on the consideration of the

frontiersin.org


https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2025.1443405

Li et al.

connotation and related indicators of CFP, this study selects
three
industrialization (DI), and

indicator ~ systems from dimensions:  infrastructure

construction,  digital industrial
digitization (ID). Table 1 lists the components of the constructed
DED indicator system.

The selected digital economy indicator data are all from the
National Statistical Yearbook and the statistical yearbooks of various
local provinces. Parts of the industrial data are taken from the China
Industrial Economic Statistical Yearbook. Missing data are filled in

using interpolation (Kirikkaleli and Oyebanji, 2022).

4.2 Empirical model setting

This study designs a panel regression model to empirically
model the relationship between selected DED data and CEE, as
shown in Equation 4.

CPE,‘/, =0y + “IXi’t + akZCki’r + ‘Llir + (Pt + Eily. (4)
k=1

In Equation 4, t represents the year, i’ represents the province,
CPE;, is CEE, X is the dependent variable, C;, is the control variable
(CV), and « is the estimated coefficient. y, and ¢, represent un-
observable provincial and temporal effects, respectively. ¢;; is a random
perturbation term. ¢y, is a random perturbation term. k represents the
number of explanatory variables, including the constant term
(intercept). n represents the sample size, which is the number of
observed values. When conducting empirical analysis on the
relationship between the digital economy and CE efficiency, the
study can assume that there is no sequence correlation or
heteroscedasticity in the data, no complete multicollinearity between
independent variables, and no missing variable data in the model.
Individual differences are random and independent of the explanatory
variables. This study selects CEE as the independent variable. Based on
the research content of previous scholars, the dependent variable is
divided into five main dimensions: population size (Pop), urbanization
level (URB), government macro intervention (GI), level of opening-up
(L-open), and financial support (FS). The rise in Pop causes an increase
in total EC, and the improvement in URB means that energy efficiency
and demand will also increase. GI will affect the formulation of market
policies, and both excessive intervention and loose policies will affect
resource allocation. L-open means two different situations: learning
carbon reduction technologies and pollution transfer (Jiang et al., 2022;
Li et al,, 2022). For the convenience of data statistics, this study uses the
proportion of deposit and loan balances of financial institutions to
represent the FS level. The higher the level of capital circulation, the
more it reflects the rationality of resource allocation. The variable comes
from the Urban Statistical Yearbook and the Financial Statistical
Yearbook. Descriptive statistical results of variable data are shown
in Table 2.

4.3 Mediation model setting
In the process of mechanism verification, an ME model is

constructed to discuss the influence mechanism of digital
economy on CEE. The model setting is shown in Equation 5.
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n
CEE = o + adey; + Zékayt Uy + @+
% )

M,‘t = bo + blde,"t + ZOkairt + 122 + [N + &
k=1

In Equation 5, Mj, is a mediator variable, ¢ is the total effect
estimation coefficient, b is the index of influencing factors, and 0 is
the effect of mediating variables on CEE after controlling for the
influence of DE. This study introduces spatial correlation
coefficients to analyze CEE and uses Moran scatter plots (MSP)
to show the data’s spatial correlation. Among them, spatial
distribution and correlation analysis are used to demonstrate the
connection and clustering trend of variable value (Addai et al., 2022;
Dabbous and Tarhini, 2021). Its mathematical expression is shown
in Equation 6.

=YYW, (x-x)(x, - az)]/ [szsz,p]
l:lprzl I=1p=1 . (6)
L= 2, ) Wi, Zy,
p=1

In Equation 6, I is spatial auto-correlation. I; is local auto-
correlation. n' is the number of spatial units. x;, x,, is the CE quantity
of urban unit /, p. X denotes the mean variable. W;, refers to the
adjacency space weight matrix. Zj, is the standardized form of the
sample space. When I is positive, the spatial difference between I, p
and its neighboring cities is small, and when vice versa, the spatial
difference is large. S represents the observed value. When its value is
0, it indicates that the sample space units exhibit randomness in
spatial distribution (Khan et al, 2024). This study selects five
indicators, namely, advanced industrial structure (AIS), rational
structure of production (RSP), energy-resource structure (ES),
energy intensity (EI), and technical progress (TP), as mediating
variables, as exhibited in Table 3.

5 Empirical result analysis
5.1 Panel effect testing

Panel data refer to taking multiple cross-sections on a time
series and simultaneously selecting sample observations on the
cross-sections. It can reflect the heterogeneity of data in time and
space to a certain extent, and it can better estimate dynamic
behavior compared to simple time-series data. The stationarity
of sequence variables is an important basis for affecting model
performance, and directly conducting regression analysis on non-
stationary variables may lead to spurious regression problems. The
study hypothesizes that the cross-sectional sequence of panel data
has different unit root processes. The study takes 30 provinces
other than Xizang from 2000 to 2021 as the research object, and the
data are from “China Statistical Yearbook,” “China Urban
Statistical Yearbook,” and “China Statistical
Yearbook.” A few missing values are filled with multiple

Financial

imputation. The outliers in the experimental data have been
removed. To verify whether the selected variables have a high
coefficient of variance

correlation, the study wuses the
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TABLE 2 Descriptive statistical results of variable data.

10.3389/fenvs.2025.1443405

Variable Index Mean Standard deviation Maximum Minimum
Independent variable CEE 55.689 42.150 321.025 6.235
Dependent variable DE 0.125 0.106 0.746 0.008
DI 0.087 0.101 0.732 0.009
D 0.163 0.121 0.851 0.008
cv Pop 4623.144 2811.318 12648.531 564.71
URB 56.258 13.698 88.926 25.981
GI 23.177 9.678 65.137 7.685
L-open 5329 5.124 42.056 0.001
FS 2.687 1115 7.334 0.944
TABLE 3 Descriptive statistical results of mediator variable data.
Variables Index Mean Standard deviation Maximum Minimum
Mediating variables AIS 1.082 0.589 5.320 0.491
RSP 11.263 18.236 265.178 -68.253
ES 98.743 50.124 277.439 233
EI 2.165 1.162 8.025 0.602
TP 42165.289 76436.177 726549 81.335
TABLE 4 Results of multicollinearity analysis. dependent variables. The results in the table indicate that the
Variable VIF critical values of ADF tests for different variables are stable at 5%
and 10%, indicating that the corresponding variable difference
Ln-DE 2.93 sequence is a stationary sequence. Subsequently, the regression
Lo-DI 264 model proposed in the study is subjected to the Breusch-Pagan
LM test, and the dependence of cross-sectional data is analyzed. The
Ln-ID 261 results are shown in Table 6.
Ln-Pop 226 In Table 6, the LM test results indicate that the variable data
L URB o do not reject the null hypothesis of structural mutation unit root
n- . . . . . . .
process at the 5% significance level, indicating that there is no
Ln-GI 1.27 cross-sectional dependence in the data. At the same time, when
Ln-L-open 100 conducting the Gregory-Hansen co-integration test on the ADF
statistic, the results indicate that there is no structural mutation
Ln-FS 2.12

inflation for multicollinearity testing. The results are shown
in Table 4.

The results in Table 4 indicate that the variance inflation factor
values of each variable do not exceed 10 and the maximum VIF value
among the variables does not exceed 3. This indicates that there is no
multicollinearity among the control variables and a certain
correlation exists between them and CEE. The ADF test is used
to test the stationarity of sequence variables affecting CEs, and the
results are shown in Table 5.

If there is a unit root process in the sequence, it will be non-
stationary and lead to spurious regression in regression analysis. In
Table 5, Ln-CEE is the explanatory variable, while Ln-DE, Ln-DI,
Ln-ID, Ln-Pup, Ln-URB, Ln-GI, Ln-L-open, and Ln-FS are
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co-integration at the 1% significance level, and the statistic value
is —8.7526, indicating that there is indeed a certain co-
integration relationship between CE and influencing factors.
This study first analyzes the digital economy composite index
of 30 Chinese provinces from 2000 to 2021, as displayed
in Figure 2.

The digital economy levels in various provinces have shown
varying degrees of improvement after the epidemic, especially in
areas such as Beijing, Tianjin, and Hebei (BTH) and the Pearl River
Delta (PRD). The results indicate that the digital economy index
ranges from 0.2 to 0.3 in Guangdong and Jiangsu, from 0.1 to 0.2 in
Sichuan and Shandong, and from 0.3 to 0.4 in Henan. The digital
economy improvement in Zhejiang Province is also quite significant.
The digital economy level in the western region is still relatively low.
Figure 3 shows the CEE results for each province.
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TABLE 5 ADF inspection results.

Variable ADF test value Critical value Stability of critical value
5% 10% 5% 10%

Ln-DE —5.8656 —-4.1897 -3.5462 Stable Stable
Ln-DI ~3.4099 ~3.2953 ~2.6691 Stable Stable
Ln-ID -3.6322 -3.8674 ~3.4324 Stable Stable
Ln-Pop —4.2665 —-4.2339 -3.2118 Stable Stable
Ln-URB -7.8513 -4.1919 -3.1361 Stable Stable
Ln-GI -3.6337 ~3.8689 ~3.4359 Unstable Stable
Ln-L-open —4.2681 —4.2352 -3.2131 Unstable Stable
Ln-FS ~7.8528 ~4.1934 -3.1376 Stable Stable
Ln-CEE -7.9127 -4.2326 -3.1622 Stable Stable

TABLE 6 Breusch—Pagan LM test.

the time dimension, the CEE of most cities has improved, with
significant growth observed in the eastern regions dominated by

Variable Breusch—Pagan LM test
¢ Jiangsu and Zhejiang and the southwestern regions dominated by
Statistic 5% critical value Sichuan and Chongqing. The CE rates in Shanghai and Tianjin have
exceeded 100, with a significant increase. The study conducts panel
Ln-DE 33791 35638 regression and robustness tests on the relationship between digital
Ln-DI -4.1092 -4.5076 economy and CE efficiency and examines them from two
dimensions of the digital economy. The results are shown in Table 7.

Ln-ID ~3.4067 ~3.5638 - ) o
Table 7 shows a positive correlation between digital economy
Ln-Pop —4.3718 —4.4974 and CRE at 1%, with a regression value of 310.289 and the t-value of
Ln-URB 27482 35630 9.876. There are also differences in regression analysis between the
dimensions of DI, ID, and CRE, with DI significantly improving
Ln-GI —1473 —44992 CRE compared to ID (259.783 > 210.659). On CV, the regression
Ln-L-open -3.1191 ~3.5651 values of Pop, URB, and GI dimensions on the impact of CRE are
negative. The URB and GI variables have significant negative effects
Ln-FS -43945 -4.4493

at 5% and 10%, indicating that population growth and urbanization
development rate will accelerate EC to a certain extent, and
unreasonable macro interventions may affect the achievement of

In Figure 3, CEE shows a reduced tendency in the spatial
dimension from east to west. Among them, the CE rate in
western regions such as Xinjiang and Gansu has changed from
the range of (0.25) in 2000 to the range of (25.50) in 2021. In terms of

CRE. Other variables, such as higher FS, indicate a more significant
positive effect of CRE, with regression values and t-values reaching
16.334 and 2.146, respectively. The effect of the L-open level on CRE
does not exhibit any significant characteristics. The robustness result

FIGURE 2
Comprehensive index of digital economy in China from 2000 to 2021.
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FIGURE 3
CEE of China from 2000 to 2021. (A) Year 2000. (B) Year 2021.
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Variable

Independent variable

CEE

Dependent variable

Robust test

DE 310.289*** (9.876) — — 5.0952*(-1.679)

DI — 259.783*** (9.912) — 0.0456*(~0.326)

ID — — 210.659*** (6.234) 0.0192**(-1.653)

Pop -0.021** (-3.895) —0.015*** (-3.674) -0.005 (-1.258) -0.0852%(1.829)

URB -0.593*** (=2.516) 0.013 (0.065) —0.589** (-2.114) —0.1021**(0.401)

GI -0.206 (0.894) -0.401 (-1.325) ~0.487* (1.657) -0.1476 (-0.619)

L-open 0.189 (0.867) 0.139 (0.576) 0.176 (0.741) 0.8580*%(2.033)

ES 12.006*** (4.895) 11.859*** (4.338) 16.334*** (6.129) 0.4884**%(2.298)
Constant term 130.641*%* (5.128) 96.234*** (3.565) 62.951** (2.146) —
Hausman test 16.894 (0.003) 14.023 (0.020) 12.790 (0.048) —

R-squared 0.508 0.508 0.489 0.129

Note: “*, **, and ***” mean significant statistical differences in variables at 10%, 5%, and 1%, respectively.

is the result of replacing the self-variable and control variable with
the previous year’s profit growth rate as the dependent variable and
then conducting regression analysis on the self-variable and control
variable. The robustness test results indicate that the regression
results between the digital economy and CE reduction efficiency are
consistent with the variable regression results, indicating the
feasibility of the results.

5.2 Robustness analysis

To ensure the accuracy of the Hausman test, lagged data on the
DED level are utilized as a tool to perform endogeneity robust
analysis on variables. Table 8 contains the details of further testing of
the model.

In Table 8, the P of the regression results on KP-LM are all less
than 0.005, indicating no identification error. The results of KP-WF
show that the values above the 10% critical value are all greater than
15, showing no weak instrumental variable matter. The above results
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indicate that the selected model is effective. Table 9 presents the
results of robustness testing on the digital economy variables.
The results in the second and third columns of Table 9 indicate
that under the selected instrumental variables, digital economy still
shows a positive effect with CRE at the 1% level. Under the least
squares method, the regression results show that digital economy
and CE have an impact at 5% efficiency. This study calculates the
efficiency of CE measurement and replaces the independent and
dependent variables with the digital economy innovation and
entrepreneurship index based on the per capita real GDP, and
the results are shown in the fifth and sixth columns. The
replacement of the dependent and independent variables does
not exhibit an obvious effect on the regression between digital
economy and CEE, with regression values of 0.052 and 0.715 and
a significant positive correlation at the 1% level. Differently,
compared to the outcomes in the fifth column, the dependent
variable, after being replaced, the regression value of Pop is
positive, and the government’s macroeconomic regulation shows
a negative correlation regression effect. This indicates that
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TABLE 8 Endogeneity testing.

10.3389/fenvs.2025.1443405

Variable Phase 1 Phase 2
DE - —1.589*** (-4.89)
v 0.006*** (13.697) —
Ccv Yes Yes
Year FE Satisfy Satisfy
Urban FEs Satisfy Satisfy
Kleibergen-Paap rk LM statistic (KP-LM) 9.25 [0.002] 9.33 [0.003]
Kleibergen-Paap rk Wald F statistic (KP-WF) 31569{15.29} 22,158{16.23}

Constant term

—0.418 (=5.23) 0.129 (0.364)

Note: the values within [] are p values; {} is the critical value at the 10% degree of the weak identification test.

TABLE 9 Robustness test data.

Variable DE Dependent Least squares Replace Replace Exclude
variable regression results independent dependent some data
variables variable
DE — 135.289** (11.86) 198.126** (11.268) 0.052* (4.267) 0.715°* (6.529) 1973214+
(10.296)
DI 0.000%** ~0.001 (~1.265) ~0.001 (-2.167) ~0.000*** (~2.156) 0.021°* (3.698) ~0.014*** (-6.211)
(4.126)
D ~0.000 0.128 (0.743) ~0.179*** (0.826) ~0.000%** (~2.058) ~1.526"** (~2.976) 0.576°* (3.875)
Pop 0.000%** ~0.898*%* (~4.236) ~0.765*%* (=3.271) ~0.000 (~1.289) —1.562* (~3.114) ~0.369*** (~3.106)
URB 0.000%** 1,043 (3.121) 0.296* (1.405) 0.00 (0.354) -0.307 (~1.236) 0.144 (~1.121)
GI 0.001 17.682%%* (11.629) 15.267%** (5.388) 0.007*%* (5.899) 16.035%** (4.869) 1.190 (0.749)
Constant -0.003 ~1.658 (~0.154) 35.941%%* (2.489) 0.061°* (3.471) 3.746 (0.105) 85.167*** (4.863)
term (-1.021)
R-squared — 0.627 0.589 0.235 0.458 0.702

government macroeconomic regulation can create a certain economic
environment for social innovation and entrepreneurship. The seventh
column shows the regression results after excluding certain
administrative data. The regression value between digital economy
and carbon reduction is 197.321. The above results indicate that the
regression results have good robustness.

5.3 Mediation effect analysis

Based on the rationality of the above benchmark content, this
study conducts regression tests using AIS and rationalization as
mediating variables, as shown in Table 10.

As shown in Table 10, digital economy and AIS have an obvious
effect at the 1% level, and the CEE changes significantly. The impact
coefficients of digital economy and CEE have decreased, but the
significance of RSP on CEE is significantly smaller than that of AIS.
The possible reason for this result may be that when AIS occupies a
partial mediating position, the updating and upgrading of the EC
industry requires a relatively slow process, so the CEE effect
demonstrated by rational resource allocation is slower. Table 11
conducts an ME test from the perspective of energy.
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Table 11 has a significant inactive relation between digital
economy and ES, and a decrease in coal consumption can
enhance CRE. The larger EI represents a higher degree of digital
economy effect and a smaller carbon reduction impact, showing a
more significant negative correlation. The adjustment of ES and EI
can have a certain mediating effect, but the DED may lead to an
increase in the energy input. Table 12 shows the mediating
effects under TP.

The TP results indicate that the digital economy driving
effect on technology is obvious. TP has a negative effect on
CRE at the 5% level, which may be related to the conversion
cycle of technological achievements. Overall, the significant
positive effect of the DED on carbon reduction is still
quite evident.

5.4 Spatial effect testing and regional
heterogeneity analysis

As shown in Table 13, this study roughly divides the sample data

into three parts based on geographical space: eastern, central, and
western, and conducts heterogeneity testing.
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TABLE 10 Mediation effects from the perspective of industrial structure.

Variable

10.3389/fenvs.2025.1443405

DE 2.081¢ 137.169°* 36.297* 223.165%%*
DI — 39.969*** — —
1D — — — —-0.065
Pop —0.000*** —-0.001 —-0.001* —0.003***
URB —0.007*** 0.074 0.085 -0.179
GI 0.003 —8.169*** —0.364*** —0.805***
L-open 0.011°7%* —-0.087 0.154 0.326
FS 0.347¢ 0.425 5169 16129
Constant term 0.706*** (3.598) 11.698 (1.052) -0.497 (-0.052) 38.416%** (2.657)

TABLE 11 Mediation effects from the perspective of energy.

TABLE 13 Regional heterogeneity test results.

Variable ES CEE El CEE Variable East Middle part West
DE ~50.169** 205.136 0.654"%% 2351694 DE 336.012*% (5.168) | 325.167* (5.145) 355,661+
DI — —0.321%* — — DI ~0.039* (~3.261) 0.011 (0.698) 0.016 (1.306)
D — — — 24,6844 D ~2.674°* (~3.058) -0.233 (=0.325) 0.024 (-0.077)
Pop — — — — Pop 1.306 (1.228) 0.754 (0.899) -0.306 (~1.479)
URB 0.001 ~0.003** ~0.000** ~0.0896** URB ~0.165 (~0.389) —1.688°* (=2.154)  —0.506 (~1.152)
GI 0.105 ~0.184 ~0.289** ~1.025%* GI 26.159* (4.412) | -11.075°* (-2.118) = —-0.306 (~0.105)
L-open 0.523** ~0.619%** 0.002 -0.856 Constant term | 279.675** (3.266) ~14.095 (-0.156)  —19.116 (~0.487)
FS -0.059 0.258 0.001 0321 R-squared 0512 0.804 0.614
DE —2.987 12.394%¢ —0.069*** 15.36%**
Constant term 90125+ 4140 N 136,198 In Table 13, digital economy is significantly correlated with CEE
in all three regions at the 1% level, with regression values of 336.012,

TABLE 12 Mediation effects from the perspective of technological progress.

Variable TP CEE
DE 869.257%** 348.167%**
DI — —
ID — —
Pop — ~0.000***
URB -9.657 —0.529***
GI -2.334 —0.598***
L-open —765.288 —0.795%**
FS -164.259 0.254
DE 4.125* 16.234**
Constant term 115.267** 58.437*4**
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325.167, and 355.661, respectively. The most influential region is the
eastern area, followed by the central range. The Pop variable and
URB have a negative impact on CEE in the east, while they perform
slightly worse in the west. The regression value between L-open and
central CEE is negative at the 1% level (~1.688). Subsequently, the
SSE of digital economy and CEE are analyzed, and the spatial
dependency relationship of indicator data is analyzed by
introducing a weight matrix approach. Figure 4 shows the
MSP of CEE.

As shown in Figure 4, most provinces are located in high- or
low-concentration areas, with a good spatial correlation. The Moran
index has changed from a dispersed trend to a gathering trend
toward the origin, indicating that the CEE between provinces is
decreasing. It should be noted that the CEE in the Yangtze River
Delta regions such as Jing and Hu is still relatively high.
Subsequently, regression tests are conducted using the SDM, as
shown in Table 14.

Table 14 indicates that the spatial lag coefficients of CEE under
three matrices are —3.165, —3.164, and 3.029. This indicates that
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MSP of carbon emission efficiency. (A) Year 2000. (B) Year 2021.

TABLE 14 Spatial regression results.

Variable space weight matrix

Adjacency matrix

Geographic distance matrix

Economic distance matrix (EDM)

DE ~223.567°%* (~3.165) ~522.165°%* (~3.164) 226.341% (3.029)
DI 0.038*** (5.016) 0.105%** (3.165) ~0.058*** (~4.126)
D 3.6787(5.897) 5,896 (4.361) ~6.856"*% (5.126)
Pop -0.433 (-0.899) 0.077 (0.054) 0.726 (1.177)
URB ~0.036 (-0.067) ~2.156 (~1.033) 0.226 (0.659)
GI 8.156**(2.036) 2,519 (0.231) -9.236 (~1.523)

Spatial auto-regressive coefficient 0.405*** (6.896)

Ballistic error impact 135.487%* (16.021)

0.115 (0.801) 0.285%** (3.644)

149.063*** (14.698) 149.367* (14.966)

R-squared 0.004

Log likelihood —1925.167

0.008 0.254

—1890.262 —1899.634

digital economy exhibits peripheral inhibition when enhancing CEE.
Under the EDM, there is an active relationship between digital
economy and CEE at the 1% level. From the perspective of CV, Pop
and URB exhibit significant SSE. The spatial coefficient between
government macroeconomic regulation and L-open is not
significant. Regions with similar economic levels have a positive
correlation between CEE and the economic level.

6 Development strategies and carbon
reduction regulation strategies for DE

While promoting the process of globalization, digital economy
also constructs the development format of global information
technology and economic system structure. As an endogenous
driving force for economy development, it effectively promotes
the rationalization and ISU, reducing the hindrance of spatial
distance to production efficiency. This study is based on the
HQD perspective and analyzes the CE reduction and CFP impact
mechanism under DE. The digital economy level in various Chinese
provinces has improved to varying degrees after the epidemic,
especially that in BTH, PRD, and other regions are more
obvious. The coefficient of influence between digital economy
and CEE has decreased, but the significance of RSP on CEE is
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significantly smaller than that of AIS. The reason may be that when
AIS plays a partial mediating role, the upgrading of the EC industry
requires a relatively slow process, so the CEE effect demonstrated by
rational resource allocation is slower. The adjustment of ES and EI
can have a certain mediating effect, but the DED may lead to an
increase in the energy input. The regression results show that in
various provinces of China, the digital economy is significantly
positively correlated with CE reduction efficiency at the 1% level.
This result is similar to the research findings by Zhong et al. (2022)
and Wu et al. (2023). Zhong believes that the digital economy can
effectively reduce agricultural carbon intensity by improving
agricultural technology. The ME under technological regulation is
consistent with the research results of energy technology regulation
on CEE (Zhong et al,, 2022). Wu believes that the integration of
technology-intensive manufacturing can effectively leverage the
multiplier effect of CE reduction. The research found that there
is heterogeneity in the development of digital economy and CE in
various provinces of China (Wu et al., 2023). The CEE of the digital
economy in the three regions of East, Central, and West is
significantly correlated at the 1% level, with regression values of
336.012, 325.167, and 355.661, respectively. The regression value
between the degree of openness to the outside world and the CEE of
the central region has a significant negative effect at the 1% level
(—1.688). The SSE results show that the CEE between provinces is
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decreasing. When the digital economy improves CEE, there is a
surrounding decrease, and the two have a significant positive impact
relationship (at the 1% level) under the economic distance matrix.
The CEE in eastern China has significantly increased, which is
similar to the results of Shahbaz et al. (2022) on the relationship
between digital economy and energy transition. There are
differences in the energy structure among different regions,
which are related to the conversion efficiency and energy
emission efficiency of regional economic activities.

Compared to the research of Gao and Peng (2023) that focused
on resource-based cities and the heterogeneity results of Yu et al.
(2022) that emphasized spatial differences and SSE, this study has a
richer content. In addition, this study suggests that the level of
urbanization and macro government intervention may accelerate
EC and affect CEE. In contrast, Adams et al. (2020) focused on the
relationship between different factors (such as geopolitical risks and
economic policy uncertainty) and EC and CEE. Tan et al. (2024)
found that the rationalization of industrial structure is directly
related to the development of digital economy and the decrease
in the consumption level, but there is no specific comparison of the
strength of the impact of industrial structure rationalization and
industrial structure upgrading. This is different from the research
that directly points out that the impact of industrial structure
rationalization is smaller than that of industrial structure
rationalization. The pilot program of low-carbon cities in China
has promoted the digital transformation of manufacturing
enterprises in pilot cities, and it has significant heterogeneity in
enterprises, industries, and regions. It can promote digital
transformation by strengthening science and technology fiscal
expenditures and alleviating financing constraints (Zhao et al,
2023). Xu et al. (2024b) constructed a performance ranking
technique based on ideal solution similarity to analyze the
development status of new urbanization. They believed that the
new urbanization policies significantly suppressed CE in pilot
and  economic  and urbanization

cities, population

were important influencing factors, showing an inverted
U-shaped relationship with CE. It is important to note
that there is regional heterogeneity between these mechanisms.
Therefore, when formulating carbon reduction strategies, it
is essential to consider the specific local conditions. (Xu
et al., 2024b).

However, it should be noted that in the results of this study, the
CEE of the Yangtze River Delta region, including Beijing and
Shanghai, is still relatively high. To fully tap into the potential of
CE reduction, three countermeasures are proposed for research.
First, it is imperative to accelerate the industrialization of the digital
economy, promote the integration of green industries and
traditional economic sectors, and facilitate carbon reduction
through the of

principles. Second, response

implementation sustainable  development

in to regional development
differences, it is necessary to actively adjust the industrial
structure, accelerate industrial upgrading, regulate high CFP
industries, and pay attention to the simultaneous realization and
maintenance of economic and ecological benefits. Furthermore, the
circulation and allocation of enterprise resources must be actively
promoted. Third, it is essential to prioritize the optimization of
energy structure, the enhancement of energy efficiency, and the
transformation strategic

completion of a green through
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investment in technological innovation and the transformation of
achievements.

In the context of the dual carbon goals, the analysis of the
spatiotemporal characteristics of the digital economy and CEE can
clearly demonstrate the basic situation of China’s DED and CEE,
providing some reference for relevant departments to formulate
targeted goals and policies for the development of the digital
economy and for emission reduction. The impact of the digital
economy on CEE and its SSE can also provide some reference for
some regions to improve CEE through the development of the
digital economy. It should be noted that the research mainly
discusses the impact and mechanism of the macro-level digital
economy on CE. With the gradual improvement in the
classification standards for the digital economy industry, it is
necessary to objectively measure the impact of CE on different
digital economy industries, construct a more comprehensive and
perfect indicator system, and increase the richness of data
acquisition. This is an important aspect that needs to be
improved in future research.

From the perspective of HQD, digital economy needs to focus on
environmental protection factors and emphasize the synergistic
progress of economic and ecological benefits. The CFP level of
industries in different regions is often correlated to their land-use
structure. The adjustment of traditional ES can reduce the CFP of
regional units, and the digital industry may cause an increase in the
energy in the product service life cycle, an increase in the number of
digital devices, and the use of information technology resources,
causing a significant increase in the growth rate of CFP. The current
energy source for electricity production is still traditional energy
sources such as oil and coal. The demand for computing power
urgently needs to handle the issue of EC. Emphasizing the
digitalization and green synergy of digital economy is an
important aspect of building the “dual carbon” goal. To fully tap
into the potential of carbon reduction, this study proposes three
strategies: to accelerate the DED industrialization, promote the
integration of green industries and traditional economy, and use
the LCSD concept to help reduce CE. The second is to actively adjust
the industrial structure, accelerate industrial upgrading, regulate
high-CFP
differences, pay attention to the “simultaneous realization and

industries in response to regional development
maintenance” of economic and ecological benefits, and actively
promote the circulation and allocation of enterprise resources.
The third is to focus on the adjustment of ES, optimize energy
the

technological innovation investment and achievement transformation.

efficiency, and complete green transformation through
Most previous research studies have shown that the assessment of CFP
requires much data support, and there are differences in the standards for
selecting CE among different industries and regions. The relationship
between CFP and carbon reduction is closely related, and it is difficult to
accurately assess CFP solely through macro surveys of the digital
economy. The research results and existing literature both agree that
the digital economy has a positive effect on improving CEE. However, the
study analyzes the specific impact of spatial differences, urbanization,
government intervention, and industrial structure, which covers a wider
and more specific range of factors and provides a reference for policy
formulation and analysis of the impact on CEE. By analyzing the digital
economy and CRE from multiple perspectives and considering the

impact of various mediating variables on urban CFP, this study
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can effectively provide reference values for high-quality urban
development.

7 Conclusion

The CEE of each province has a decreasing trend in spatial
dimensions from the east to the west. In terms of the time
dimension, the CEE of most cities has improved, with significant
growth observed in the eastern regions dominated by Jiangsu and
Zhejiang and the southwestern regions dominated by Sichuan and
Chonggqing. The regression results demonstrate a significant active
correlation between digital economy and CRE at the 1% level, with a
regression value of 310.289. The efficiency of DI in improving CER is
significantly better than that of ID (259.783 > 210.659). The
regression values of Pop, URB, and GI dimensions on the impact
of CRE are negative, with URB and GI variables having significant
negative effects at 5% and 10%, respectively. This indicates that
population growth and the urbanization development rate will
accelerate EC to a certain extent, and unreasonable macro
interventions may affect the achievement of CRE. However,
overall, there are spatial differences (eastern > central > western)
and SSEs between the development of the digital economy and CE
reduction efficiency, and the CEE among provinces is decreasing.

There are two shortcomings in this research. One is that it is based
solely on static simulation analysis to explore the relationship between
the development of the digital economy and CE without conducting
any long-term dynamic analysis of the relationship between the two.
The second is that the selection of indicator data is not comprehensive
enough, including the failure to further refine and analyze the
industrial digitalization indicators of the secondary industry. It is,
thus, recommended that subsequent research studies consider the
addition of dynamic modules to explore the impact of the digital
economy on the development of total factor productivity.
Furthermore, the effects of carbon tax policies, CE trading policies,
and other factors on economic structure emissions reduction should
be considered. Concurrently, a more comprehensive and detailed
indicator system is being constructed to investigate the long-term
impact trends of the digital economy and CE.
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