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This paper studies the impact of digital economy development on carbon
emissions, which is a hot topic in the field of environmental economics. This
topic is within the scope of the Frontiers in Environmental Science and is
particularly in line with the theme of Environmental Economics and
Management section in the journal. Firstly, this paper constructs the Digital
Economy Development Index and its variable indicators to measure the
development of the digital economy. Secondly, this paper uses urban panel
data to reveal the impact of digital economy development on carbon emissions,
and further adopts IV method to deal with endogeneity issues. Thirdly, this paper
performs the heterogeneity analyses depending on the characteristics of the city.
The results can provide a basis for formulating differentiated policies. Fourthly,
this paper further explores the mechanism by which the digital economy affects
carbon peaking. The results show that the digital economymay influence carbon
peaking through upgrading of the industrial structure, technical innovation, and
energy consumption.
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1 Introduction

In recent years, although the extensive use of carbon-based energy has brought great
impetus to the economic growth of China, excessive carbon emissions will increase
greenhouse gases in the atmosphere and lead to an increase in surface temperature.
The report of the International Energy Agency (IEA) clearly points out that global
greenhouse gas emissions will increase by 57% by 2030, which may lead to a 3°C1

increase in the earth’s surface temperature. The rising temperature will further increase
the probability of droughts, floods, storms and other disasters, which will adversely affect
agricultural production and people’s health and safety to some extent. The Chinese
government attaches great importance to the environmental problems caused by carbon
emissions, and the report of the 20th National Congress of the Communist Party of China
put forth a “dual carbon” target calling for “actively and steadily bringing about a peak in
carbon emissions and achieving carbon neutrality”. The Chinese government has
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implemented remedies targeted at improving resource conservation
and environmental protection, as well as encouraging low-
emissions, environmentally responsible production and lifestyles,
and hastened the development of low-carbon cycles. Meanwhile, the
government highlights the importance of the digital economy,
proposing “accelerating digital development and building a digital
China” in the Outline of the 14th Five-Year Plan. Therefore,
exploring the impact of China’s digital economy on carbon
emissions levels is of certain reference value for countries around
the world to explore the relationship between the digital economy
and carbon emissions, as China is a major country in the
development of digital economy. The rapid development of the
digital economy not only brings new impetus to economic growth,
but also promotes the adjustment of industrial structure
(Kovacikova et al., 2021), optimize the structure and efficiency of
traditional production factors, and promote green development (Xu
et al., 2019). Studying the impact of China’s digital economy
development on carbon emissions is of reference value for
countries around the world to play the role of digital economy
and achieve the goal of “carbon peaking”.

The main contributions of this paper are as follows. Firstly, this
paper constructs the Digital Economy Development Index and its
variable indicators to measure the development of the digital
economy. Secondly, this paper uses urban panel data to reveal
the impact of digital economy development on carbon emissions.
Thirdly, this paper further explores the mechanism by which the
digital economy affects carbon peaking.

The subsequent parts of this article are arranged as follows:
Section 2 provides a literature review, Section 3 proposes the
research design, Section 4 conducts the empirical analysis and its
results, and Section 5 further verifies the two hypotheses proposed in
the paper. Finally, Section 6 gives the conclusion and policy
recommendations.

2 Literature review and hypothesis
development

2.1 Literature review

As the environmental issues caused by carbon emissions have
gotten worse, a growing body of studies has looked into methods to
enhance the environment by lowering these emissions. The research
on the factors influencing carbon emissions has mostly concentrated
on economic, technological, and institutional aspects. From 1996 to
2018, Shao et al. (2022) calculated and analyzed China’s provincial
carbon emission performance data. They analyzed the relationships
between economic structures, green technology, and carbon
emissions, concluding that carbon emission performance has a
spatial spillover effect on surrounding provinces and that green
technologies and industrial structure adjustment are conducive to
improving carbon emission performance. Zhu et al. (2020) studied
the impact of economic growth and energy structural
transformation on carbon emissions employing a simultaneous
equation model with panel data from 67 economies globally from
1990 to 2018. They argue that there is a certain threshold for
economic growth that must be exceeded before we can further
boost energy structural transformation and minimise carbon

emissions. Environmental restrictions, according to Guo and Sun
(2020), may improve total factor carbon productivity by
encouraging technological innovation.

The extraordinary advancement of digital technology has given
rise to innovative approaches and concepts for China to achieve
“carbon peaking and carbon neutralisation”. A huge number of
experts are currently focusing on the influence of the digital
economy on carbon emissions. Wang and Li (2022) utilize an
entropy approach to quantify and calculate the level of China’s
digital economy from 2011 to 2019. They reveal positive U-shaped
correlations between the digital economy and energy consumption,
as well as between the digital economy and carbon emissions, using a
twofold fixed effect model. Upon panel data from 1,561 Chinese
counties from 2007 to 2017, Yang et al. (2023) find that the digital
economy has a notable influence on emissions reduction and that
technical progress, energy utilization efficiency, and technical
diversity are essential mechanisms. Wang (2023) initially
measures and provides a digital economy development index
using an entropy weight TOPSIS method, then matches the
generated data with panel data from 2011 to 2019 for
269 Chinese cities. By constructing a bidirectional fixed effect
model, he demonstrates an inverted U-shaped correlation
between the digital economy and carbon emissions, and that
energy consumption, industrial structure transformation, and
green technical innovation are significant elements. Wang and
Dong (2023) assess the state of the digital economy in each of
China’s provinces from 2014 to 2020. Building an intermediary
effect model, they discover that the digital economy has a carbon-
containment impact and that energy consumption intensity, clean
energy structure transformation, and industrial structure upgrading
are influential mechanisms. Yang and Zhao (2022) indicate that the
digital economy can minimise regional carbon emissions by
improving energy efficiency and optimizing energy structure. By
employing a two-way fixed effect model, Fei et al. (2022) corroborate
that an inverted U-shaped relationship exists between the digital
economy and carbon emissions. Using panel data from 280 cities,
Chen et al. (2024) explored the indirect and substitution effects of
digital economy on carbon emissions from the perspectives of
wealth, population and technology.

When the literature is reviewed, it becomes clear that researchers
have reached different results. They have revealed either a
substantial negative correlation, or an inverted U-shaped
relationship between the digital economy and carbon emissions,
among other things. Furthermore, the preceding literature mainly
analyzes the potential mechanisms from the perspectives of energy
consumption efficiency, energy consumption structure, industrial
structure, technological advancement, and laws pertaining to the
environment. This serves as a reference for the mechanism analysis
in our investigation.

2.2 Hypothesis development

Due to a lack of leading theoretical and empirical studies, the
influence of the digital economy on carbon emissions is a point of
controversy. The link between digital economy development and
carbon emissions is complicated, and digital economy development
has both beneficial and negative environmental implications.
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However, there is a growing corpus of studies devoted to evaluating
the carbon footprint of the digital economy. Theoretical theories and
research hypotheses have been presented to investigate the
implications of the digital economy on carbon emissions reduction.

2.2.1 The impact of digital economy development
on carbon emissions

Scholars have been exploring the impacts of digital economy
growing on carbon emissions in recent years. At the initial stages
of the digital economy development, the industrial structure has
not been improved, and the energy structure has not been
optimized and adjusted, while society’s energy is mostly
generated from fossil fuels. The application of digital
technology, however, will have a substantial impact on social
production and lifestyle. The conventional energy structure has
not altered at this first stage, but the scale of production is
inevitably enlarged due to the higher productivity brought
about by the development of digital technology. Meanwhile,
the increased manufacturing may raise the application of
traditional energy sources including fossil fuels. According to
Lange et al. (2020), although the initial development of the digital
economy improves productivity, the expansion of production
also increases energy demand, and carbon emissions will
therefore also rise. With the further spread of digital
technology, however, a tendency towards green technology
and low carbon emissions occurs (Zhu and Li, 2023). The
digital information exchange platform could enhance the
efficiency with which supply and demand are matched,
resulting in cost savings in manufacturing materials and
energy consumption, as well as contributing to low-carbon
economic development (Huang et al., 2022). The advancement
of the digital economy has the potential to improve people’s
awareness of green consumption, promote the green upgrading
of the industrial structure, and expedite the low-carbon
transformation of industry, lowering carbon emissions.
According to the above theoretical analysis, this investigation
puts forward proposition 1.

H1: Carbon emissions will rise throughout the early stages of the
digital economy. Once the digital economy has matured, carbon
emissions will decrease as it develops further. Therefore, carbon
emissions and the growth of the digital economy have an inverted
U-shaped connection, that is, a peak in carbon emissions will be
observed as the digital economy progresses.

2.2.2 The mechanisms of the digital economy that
affect “carbon peaking”

The processes of the digital economy that influence “carbon
peaking” are complicated, and more research is needed to
completely comprehend their impact. A review of the relevant data
provided by the Public Environmental Center (IPE), carbon emissions
in China increased continuously from 10.781 billion tons in 2013 to
12.466 billion tons in 2021,2 indicating a continuous growth trend.

Shan et al. (2022) investigated peak carbon emissions and the driving
factors in 289 Chinese cities from 2001 to 2019. They point out that
while some cities in China have achieved the peak of carbon
emissions,3 the overall carbon emissions in China are still
increasing and have not reached the peak point. The progress of
the digital economy, however, will have an impact on traditional
industries causing substantial pollution and high emissions,
encouraging efficient and environmentally friendly emerging
industries to replace less forward-looking traditional industries.
This will drive backward conventional industries to leave, stimulate
industrial structure transformation, and lead to the integration of
various industries into new formats, lowering carbon emissions (Deng
et al., 2014). The application of digital technology facilitates the
information interchange inside industrial organizations, as well as
the transformation of the industrial structure, better efficiency and
cost savings, and green enterprise growth (Guo and Wang, 2022).
Digitization has the potential to improve the efficiency with which
fossil fuels are employed in production, reduce the proportion of
traditional energy use, and bring about lower carbon emissions. The
widespread adoption of digital technology has expanded the scale of
information infrastructure, and the resulting demand for electric
energy will inevitably increase. At the same time, a considerable
part of electrical energy is now generated by the burning of fossil
fuels. The digital economy also have an impact on carbon emissions
upon the consumption of electrical energy and the burning of fossil
fuels. Figure 1 presents the impact pathways of the digital economy on
carbon emissions.

In combination with Proposition 1, with the development of
the digital economy, carbon emissions show an inverted
U-shaped trend, but the volume of carbon emissions in China
is still increasing and has not reached its peak. According to the
preceding theoretical analysis, this study puts forward
Proposition 2.

H2: China’s development of the digital economy can impact the
“carbon peak” through the upgrading the industrial structure,
technological innovation, and energy consumption.

3 Research design

3.1 Model construction and variable
specification

According to Proposition one proposed in Section 3, as the
digital economy grows, the scale of carbon emissions will display

2 See https://www.ipe.org.cn/MapLowCarbon/LowCarbonGlobalTd.aspx?

q=5&ct=1&isfromindustryweb=0&isshowlogo=0

3 Shan et al. (2020) point out that by 2019, Beijing, Tianjin, Shijiazhuang,

Handan, Weihai, Qingdao, Jining, Tai’an, Linyi, Jiaozuo, Kaifeng, Xuchang,

Zhoukou, Suzhou, Hefei, Shangluo, Xi’an, Chongqing, Yibin, Huanggang,

Shanghai, Huangshan, Hangzhou, Jinhua, Taizhou, Yichun, Nanchang,

Shangrao, Lishui, Nanping, Sanming, Hechi, Guilin, Nanning, Guigang,

Macao Special Administrative Region, and the urban areas of Chaozhou

had actively reached the peak of carbon emissions. Meanwhile, carbon

emissions in other cities are increasing, and the goal of “carbon peaking”

has not yet been achieved.
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an inverted U-shaped trajectory. To verify Proposition 1, we
reference Wang and Hu (2016), Liu et al. (2021), Shao et al.
(2019), Zhu and Li (2019), and Yu and Zhang (2016), prior to
formulating an econometric model as shown in Formula Eq. 1.

LNCEit � α0 + α1LNDEIit + α2LNDEI2it + α3Xit + φi + ψt + εit

(1)
The logarithm of the scale of carbon emissions, which is

primarily assessed by the total amount of carbon dioxide emitted
in each city, is the dependent variable. The logarithm of the
digital economy development index is the independent variable,
and Xit are control variables that represent the economic
characteristics of each city. These characteristics include the
gross domestic product (GDP), government budget
expenditure (GBE), enterprise market value scale (EMVS),
financial development level (FDL), residential consumption
level (CONS), urbanization rate (UR), and other
characteristics of the city such as population size (PS), urban
construction scale (RCL), urban public transport (UPT) and
urban greening area (UGA). The individual fixed effects are
represented by φi and the fixed effects for the year by ψt,
while εit is an error term.

Following that, we will discuss measuring the degree of the
expansion in the digital economy and calculating relevant
variables, including the construction of a measurement
framework and the selection of measurement methods. A
number of international economic organisations have
investigated ways to quantify the digital economy. According
to the Organization for Economic Cooperation and
Development (OECD) (2014), a framework for assessing the
size of the digital economy has been constructed. Intelligent
facilities, social contribution, energy innovation, and the
contribution of information and communications technologies
on economic growth and employment were chosen as major
metrics. And a total of 38 secondary indices such as broadband
penetration rate were selected from the primary indices. The
European Union (EU) (2014) selected five primary indices
including the amount of Internet access and the degree of
Internet application, along with the application level of digital
technology. In addition, the EU also selected 12 secondary
indices such as the amounts of fixed broadband, mobile
broadband, and electronic commerce, as well as 31 tertiary
indices from the above primary indices in order to construct
a framework for measuring the Digital Economy and Social
Index (DESI). The World Economic Forum (WEF) (2016)
chose four primary indices related to the business

environment, degree of preparation, application effect, and
socioeconomic impact, along with 11 secondary and
68 tertiary indices related to infrastructure, business use, etc.,
so as to calculate the information preparation index. The
International Telecommunications Union of the United
Nations (ITU) (2017) selected three primary indices,
including information and communications technology access,
usage and skills, and 11 secondary indices, including the fixed
telephone coverage rate, household computer penetration rate,
junior high school enrollment rate, and the like in order to
construct an information and communications technology
development index (IDI). In China, several research
institutions are involved in measuring the digital economy.
The Tencent Research Institute (2018) selected four first-level
indices, notably basic indices, industrial indices, innovation and
entrepreneurship indices, along with intelligent livelihood
indices. In addition, it also selected 14 second-level indices
such as WeChat and QQ, and 135 third-level indices, with the
goal of establishing a measurement framework for “Internet +”
digital economy indices. Caixin Insight (2020) constructed a
measurement framework for China’s digital economy index
based on four primary indices, namely, the industrial index,
the convergence index, the spillover index, and infrastructure, as
well as 14 secondary indices and 137 tertiary indices related to
big data industries. When calculating the digital economy index,
the China Academy of Information and Communications
Technology (2020) adopted three primary indices including
information and communications industry, integrated
industry, and traditional industry, as well as 23 secondary
indices such as Internet investment. The China Center for
Information Industry Development (2020) selected five
primary indices, such as the basic index and the convergence
index of the digital economy, and 41 secondary indices, such as
the Internet penetration rate and online shopping. Tian et al.
(2024) selected indicators from three perspectives, namely,
access equipment, digital economy and production, and
digital economy and life when calculating the level of digital
economy in rural households. Yang (2024) measured the
development level of digital economy by selecting indicators
such as Internet penetration rate, number of Internet employees,
number of Internet users, and financial inclusive development.
Huang and Yao (2024) studied the measurement methods of
innovation-oriented digital economy and efficiency-oriented
digital economy, pointing out that the innovation-oriented
digital economy is measured from the perspective of digital
basic industry and digital service industry, while the

FIGURE 1
The impact pathways of the digital economy on “carbon peaking”.
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efficiency-oriented digital economy is measured from the
perspective of ICT technology.

In terms of measurement methods for the digital economy,
OECD and Caixin Insight both used the contrast method in their
calculations.4 The American Agency for Economic Analysis
proposed a “three-step method”. The first step was to define
the scope of the digital economy, and the second was to
determine the related commodities and services. The third was
to identify the commodity and service sectors related to the
digital economy, and to measure the output of related
economic activities, subsidies, and so on. When the World
Economic Forum measures the information preparation index
and the Tencent Research Institute measures the “Internet +”
digital economy index, the indicators are first standardized and
the index empowerment method is used for further calculation.
The China Academy of Information and Communications
Technology calculated its digital economy index using a value-
added accounting model method. The China Center for
Information Industry Development conducted dimensionless
processing of data indices, and then used a scoring method
and weighted average method (entropy method) to measure
the digital economy development index.

The methods used by the above-mentioned economic
organizations and research institutions to measure the digital
economy provide ideas for our paper. Measuring the digital
economy development index by the entropy method is highly
operable. This method can handle multiple indicators and
uncertain information, and can objectively calculate the weight
of indicators to avoid the interference of subjective factors, thus
ensuring the objectivity and accuracy of evaluation results.
Therefore, we construct a digital economy development index
and use the entropy method to calculate it, referring to Zhang
et al. (2003), Yan and Sun (2015), Ma et al. (2015), Zhao and Yu
(2019), and Liu et al. (2021). The processing of the index involves
seven steps:

First, we select the index. Assume that there are h years, m provinces,
and n evaluation indicators, and thatXλij is the value of the indicator j for
province i in year λ. Second, we apply a range standard method for
dimensionless processing to each sub-indicator in the index system,
thereby eliminating differences in the units of the variables involved. The
positive indicators are then processed as shown in formula Eq. 2:

Zλij � xλij − xmin( )/ xmax − xmin( ) (2)

In the same way, the existing negative indices are then processed,
as shown in formula Eq. 3:

Zλij � xmax − xλij( )/ xmax − xmin( ) (3)

Where i = 1, 2, 3, . . ., m indicates the total number of evaluation
objects. j = 1, 2, 3, . . ., n indicates the total number of evaluation
indicators. xmax and xmin are the maximum and minimum of the
different indicators. xλij and Zλij are the index values of i before and
after the non-dimensionalization.

The third step is to normalize each index, as shown in formula
Eq. 4:

Pλij � Zλij/∑h

λ�1∑
m

i�1Zλij
(4)

Fourth, we calculate the entropy of each index, where the
normalized index is first processed by taking the logarithm, and
the entropy of each index is then calculated using formula
Eq. 5:

Ej � −k∑h

λ�1∑
m

i�1pλij · ln pλij (5)
where the k-value is calculated by:

k � 1/ln h ·m( )
Fifth, we calculate the variation coefficient of the entropy values

of all indices, as shown in formula Eq. 6:

Dj � 1 − Ej (6)

Sixth, we calculate the weight of each index using formula Eq. 7:

Wj � Dj/∑n

j�1Dj
(7)

Finally, we use the formula Eq. 8 to further calculate the digital
economy index:

DEIλi � ∑n

j�1Zλij pWj (8)

Referring to the above calculation method and the ideas of the
China Center for Information Industry Development in
constructing the China digital economy index, we select four
indices: basic indices, industry indices, integration indices, and
penetration indices. Table 1 lists both primary and secondary
indices covered by the digital economy index.

For the measurement and calculation of the principal
components of the digital economy, we mainly refer to
Zhao et al. (2020), Guo and Sun (2020), Yang and Liu (2018),
Bai and Zhang (2021), Xu et al. (2018), Xu and Zhang (2020), Liu
et al. (2020), and so on. Table 2 shows the composition and
weight of each index of the principal components of the
digital economy.

Referring to Yang (2006) and Gao and Wang (2011), this paper
uses the coefficient-of-variation method to calculate the principal
components of the digital economy. According to Table 2, the
principal components of the digital economy are synthesized by
telecommunication business revenue, the number of employees in
the computer services and software industry, the number of
households with Internet broadband access, the number of
mobile phone subscribers, and the Digital Inclusive Finance
Index, etc. Eq. 9 shows the specific calculation formula:

PCDE � Telecommunication business revenue p w1

+ The number of employees in the computer services and software industry pw2

+ The number of households with Internet broadband access pw3

+ The number of mobile phone subscribers pw4

+Digital Inclusive Finance Index p w5 + The number of e

− commerce patent grants pw6 + The number of network domain names pw7

+ The number of industrial Internet patent authorization pw8

(9)
4 The contrast method refers to the method of comparing the actual

number with the base and calculating the difference between them.
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The variation coefficient Si of the variable i is calculated as
shown in formula Eq. 10:

Si � SDi

Mi
(10)

where SDi is the standard deviation and Mi is the mean value.
The sum of the variation coefficient TS is calculated as shown in

Eq. 11:

TS � ∑n

i�1Si (11)

The weight is calculated as Eq. 12:

wi � Si
TS

(12)

On the basis of formula Eq. 12, we can obtain the data for the
principal components of the digital economy.

Based on the above methodology, the panel data of digital
economy development index and digital economy principal
components of 204 cities in China from 2013 to 2021 can be
calculated. This paper analyzes the development characteristics of
the calculated digital economy development index and digital
economy principal components, and finds that the level of digital
economy development in Chinese cities is characterized as follows:

TABLE 1 Description of the digital economy index.

Variables First level index Second level index

Digital economy index Basic indices Length of the optical cable line

Number of mobile phone base stations

Number of Internet broadband access ports

Industry indices Scale of the information transmission industry

Total volume of telecommunication service

Software business revenue

E-commerce transaction volume

Online retail sales

Integration indices Proportion of enterprises with e-commerce transaction activities in the total number of enterprises

Number of websites owned per hundred enterprises

Number of computers used by enterprises

Penetration indices Mobile Internet penetration rate

Number of Internet broadband users

Number of mobile Internet users

Number of computers used per hundred people

Number of websites owned per hundred enterprises

TABLE 2 Index composition and weight calculation of the principal components of the digital economy.

Principal components of the digital
economy

Index composition Unit Weight
calculation

PCDE1 Telecommunication business revenue Ten thousand yuan w1 = S1/TS

PCDE2 Number of employees in the computer services and software
industry

Person w2 = S2/TS

PCDE3 Number of households with Internet broadband access Thousands of
households

w3 = S3/TS

PCDE4 Number of mobile telephone subscribers Thousands of people w4 = S4/TS

PCDE5 Digital Inclusive Finance Index - w5 = S5/TS

PCDE6 Number of e-commerce patent grants Thousands w6 = S6/TS

PCDE7 Number of network domain names Thousands w7 = S7/TS

PCDE8 Number of industrial Internet patent authorizations Thousands w8 = S8/TS
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Firstly, the scale of China’s digital economy shows a ladder-like
distribution. In this paper, the data of digital economy development
index and digital economy principal components are sorted from
high to low respectively, and divided into four parts using the
quartile method. By observing the data, we can find that the
development of digital economy in China presents a ladder-like
distribution. The specific features are as follows: Cities in the first tier
of digital economy development level are mainly concentrated in the
eastern region, including Guangdong, Jiangsu, Shandong and
Zhejiang. This is because these regions have developed economies
and are leaders in new-generation information technology, so their
digital economy development level is significantly higher than that
of other regions. Cities in the second tier of digital economy
development level are concentrated in the eastern and central
regions, including Hubei, Fujian, Henan, Sichuan, Hebei, Hunan
and Anhui. The information and communication industries in these
regions are large in scale and have greater potential for development.
Cities in the third tier of digital economy development are scattered
in the central and northeastern regions, including Shaanxi, Jilin,
Liaoning, Guangxi, Heilongjiang, Guizhou and Shanxi. The digital
economy in these regions is growing at a relatively slow pace, but it is
also progressing gradually. Cities in the fourth tier of digital
economy development are mainly concentrated in the northwest
region, including Gansu and Ningxia. The development of digital
economy in these regions is relatively backward, but there is a large
space for development.

Secondly, by calculating the difference between the digital
economy development index of each city in 2013 and 2021, we
can get the digital economy development speed of each city in China
in these 9 years. Through comparative analysis, it is found that the
digital economy of cities in the eastern and central regions develops
at a slower pace, while the digital economy of cities in the
northeastern and western regions develops at a faster pace.

Finally, the development of digital economy is characterized by
regional agglomeration and linkage development. That is to say,
from the perspective of spatial distribution, the development of
digital economy in cities with similar scale and close distance
appears agglomeration characteristics. The development of digital
economy in two or more cities with large differences in city sizes but
close to each other has the characteristics of linkage, that is, the
digital economy development of big cities drives the digital economy
development of small cities.

3.2 Data source and explanation

The influence of the digital economy on carbon emissions is
investigated in this research. We mainly utilized panel data from
204 Chinese cities from 2013 to 2021, which come from the Institute
of Public and Environmental Affairs (IPE), and is primarily assessed
by the digital economy development index and the principal
component of the digital economy, with the data of its sub-
variables mostly derived from the China Economic Network
database and the Wind database. Other control variables include
gross domestic product (GDP), government budget expenditure
(GBE), population size (PS), urbanization rate (UR), upgrading of
industrial structure (UIS, measured by the proportion of the output
value of the tertiary industry), financial development level (FDL),

urban greening area (UGA), urban construction scale (RCL), urban
public transport (UPT, measured by the number of buses), resident
consumption (RC), production electricity consumption (PEC),
technological innovation input (TII), the output value of
enterprises above designated size (EMVS), and fossil fuel
consumption (FFC). The data comes mostly from the China
Economic Network database, the Wind database, and the
Statistical Yearbook of each city. Table 3 provides a detailed
explanation of the above variables.

3.3 Descriptive statistical analysis

We utilise stata16.0 software to carry out descriptive statistical
analysis on 1,836 sample data from 204 cities for the period from
2013 to 2021. The results are shown in Table 4. It can be seen that
there are no missing values or outliers, indicating that this is a set of
balanced panel data.

The digital economy development index and the principal
component of the digital economy in Table 4 are the core
indicators obtained through calculation. After taking the
logarithm, the minimum value of the digital economy
development index is 0.103, and the maximum value is 0.874,
which suggests a wide range of extremes in the level of digital
economy development across cities. Its standard deviation is 0.147,
indicating that the development level of the digital economy is
generally concentrated. After taking the logarithm, the minimum
value of the principal component of digital economy is 5.959, and
the maximum value is 10.622, while the mean value is 9.378 and the
standard deviation is 7.768, indicating that the data are relatively
concentrated.

4 Empirical analysis

4.1 Baseline regression

The baseline regression results are shown in Table 5. Column (1)
employs a random effects model, while Column (2) relies on a fixed
effects model. The findings reveal a substantial positive correlation
between the first-order coefficient of the digital economy and carbon
emissions, as well as a significant negative correlation between the
quadratic coefficient of the digital economy and carbon emissions.
Wemay infer that as the digital economy develops, carbon emissions
display an inverted U-shaped pattern, confirming Proposition 1
(H1), meaning that carbon emissions will increase in the early stages
of the development of the digital economy, but will decrease as it
matures. In terms of control variables, there is a negative connection
between gross domestic product (GDP), government budget
expenditure (GBE), urban financial development level (FDL), and
carbon emissions. This demonstrates that the more developed the
economy, the greater the investment by the government, and the
more mature the development of urban finance, the lower carbon
emission. The reason for the change is that cities with relatively
developed economies and budgets are more likely to adopt clean
technologies and modern equipment, as well as to prioritise the
urban environment and green development. Because contemporary
public transport uses largely clean energy, such as electricity, urban
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public transport has been shown to dramatically cut carbon
emissions. To some extent, public transit can replace private
automobiles and reduce fossil fuel consumption, hence
facilitating a reduction of carbon emissions. Urban afforestation
will contribute to low-carbon travel, helping to reduce
carbon emissions.

4.2 Endogeneity analysis

On the one hand, the digital economy is expected to promote the
formation of brand-new businesses, the transformation of energy
structure, and the modernization of industrial structures via the
utilization of digital technology, all of which will further have an
impact on carbon emissions (Shi and Sun, 2023). On the other hand,
the changes in carbon emissions will directly or indirectly affect the
development of the digital economy. Areas with high energy
consumption and emissions will aggressively deploy digital
technology and digital infrastructure, influencing the
development of the local digital economy. There may therefore
be a two-way causal relationship between digital economy
development and carbon emissions (She and Wu, 2022).
Adopting the strategies of Huang et al. (2019), Zhao et al. (2020),
and Qian et al. (2020), the historical posts and telecommunications

data from 1984 were utilised as instrumental variables for the digital
economy development. In addition, the number of fixed telephones
per 100 persons in 1984 is also used as an instrumental variable in
the research. The availability of fixed telephones and other facilities
has historically influenced the later dissemination of digital
technologies and facilities, and hence the growth of the digital
economy. This variable therefore satisfies the correlation
assumption. With the advancement of the digital economy, the
usage rate of fixed telephones will gradually decrease, and its impact
on carbon emissions will also gradually weaken. Consequently, this
variable likewise fits the exclusivity assumption. The endogeneity
issue was then solved with the instrumental variable approach
(IV-2SLS).

The coefficients at the first stage are significantly positive, as
illustrated in Table 6, indicating that the instrumental variables
comply with the correlation condition. The value of Kleibergen-
Paap rk LM is 27.202 and significant at the 1% level, disproving the
initial hypothesis of “Insufficient identification of instrumental
variables”. The value of Kleibergen-Paap rk Wald F is 32.259, the
value of Cragg-Donald Wald F is 49.132, and similarly, the critical
value of Stock-Yogo is 16.38, all of which are substantially more than
10, so ruling out the possibility of weak instrumental variables.
Observing the coefficients in the second stage regression, we can find
that the first-order coefficient of the digital economy is notably

TABLE 3 Detailed explanations of the main variables.

Variables Meanings Explanation

lnCE Carbon emissions Greenhouse gas emissions from the production, transportation, use and recycling of a product

lnDEI Digital Economy Development Index The index synthesized by entropy method

lnPCDE Principal component of the digital
economy

The index synthesized by principal component analysis

lnGDP Gross domestic product The final result of productive activity of all resident units in a country or area over a given period of time

lnGBE Government budget expenditure The total amount of funds actually disbursed by the government from the national treasury to government
departments at all levels, state-owned enterprises and institutions, and other spending units during the budget year
in order to perform its functions, implement public policies, and provide public goods and services

lnPS Population size The population that actually resides in an area for a certain period of time (6 months or more)

UR Urbanization rate The proportion of a region’s urban resident population to the region’s total resident population

lnUIS Upgrading of industrial structure The process or trend of industrial structure transformation from a low-level form to a high-level form

lnRC Resident consumption The total quantity of goods and services used by all residents of a country or region to satisfy their personal
consumption needs during a given period of time

lnTII Technological innovation input Government investment in research and development (R&D)

lnFDL Financial development level Total deposits and loans of cities in a year

lnRCL Urban construction scale The area of land occupied by urban built-up areas, including residential land, industrial land, commercial land,
public green space and other types of land

lnUPT Urban public transport Number of buses in cities

lnUGA Urban afforestation Green areas in cities

lnDEC Electricity for production The total amount of electricity consumed by industrial, commercial and other production activities in a city in a
given period of time

lnEMVS Output value of enterprises The total value of industrial final products and industrial labor services provided by industrial legal entities with
annual main business income of 20 million yuan or more during the reporting period

lnFFC Fossil fuel consumption The total amount of fossil fuels used by humans in production, transportation, electricityetc.
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positive at the 1% level, and the quadratic coefficient of the digital
economy is significantly negative at the 1% level, which is consistent
with baseline results. Upon a result of resolving the endogeneity
issue, the outcomes we achieved are reliable.

4.3 Robustness test

In this section, we carried out robustness tests to confirm the
credibility of the preceding findings. Substituting core independent
variables and subsample regression were the two major
strategies employed.

First, we substituted the digital economy development index
with the principal components of the digital economy. The results
are exhibited in Table 7. The first-order coefficient of the primary
components of the digital economy is 0.553, which is significant at
the 10% level. Its quadratic coefficient is −0.033 and is significant at
the 5% level, matching the baseline values.

Subsample regressions are then used to assess the
trustworthiness of our findings. The panel data from 2013 to
2021 are divided into two sub-sample sets, 2013–2016 and
2017–2021, and the regression analysis is then conducted
respectively. The findings are corroborated in Table 8. Column
(1) presents the results of regression using panel data from 2013 to
2016. We can see that the digital economy development index has a
first-order coefficient of 0.712, which is significant at the 5% level. Its
quadratic coefficient is −0.039 and is significant at the 5% level,
which matches the baseline results. Column (2) displays the panel
data findings from 2017 to 2021. The first-order coefficient of the
digital economy development index is highly positive, whereas the

quadratic coefficient remains strongly negative, confirming the
robustness of our findings once more.

To summarise, we demonstrate that the benchmark results of
the inverted U-shaped relationship between digital economy
development and carbon emissions are credible by substituting
core independent variables and conducting sub-sample regressions.

4.4 Heterogeneity analysis

To identify whether the aforementioned implications change
with city characteristics, we conducted three sets of stratified
analyses, focusing on the location, population size, and
development level (urbanization rate) of the cities.

We began with a heterogeneity analysis based on the region in
which each city is located. In this analysis, the cities are grouped into
four regions: Eastern, Central, Western, and Northeastern China.
The results are summarized in Table 9. It can be seen that when the
cities are divided into different regions, the findings change from the
baseline regression results. The impact of the digital economy on
carbon emissions in Central cities is consistent with the baseline
regression. The digital economy has an enormous inhibiting effect
on carbon emissions in Eastern cities. This is because these cities are
rapidly growing and have noteworthy clean-technology research
and application capabilities, which can effectively reduce carbon
emissions and promote carbon neutralization. The influence of the
digital economy on carbon emissions in Western cities follows a
U-shaped pattern. This is due to the fact that the economic scale of
Western cities is initially limited, and the application of digital
technology may replace the usage of a tiny quantity of fossil energy,

TABLE 4 Descriptive statistics for the main variables.

Variables Meanings Obs Mean Std.Dev Min Max

lnCE Carbon emissions 1,836 7.773 0.863 5.056 10.077

lnDEI Digital Economy Development Index 1,836 0.237 0.147 0.103 0.874

lnPCDE Principal component of the digital economy 1,836 9.378 7.768 5.959 10.622

lnGDP Gross domestic product 1,836 6.618 1.300 3.672 15.202

lnGBE Government budget expenditure 1,836 4.693 1.106 1.885 9.030

lnPS Population size 1,836 5.968 0.662 3.149 9.769

UR Urbanization rate 1,836 0.543 0.139 0.214 0.950

lnUIS Upgrading of industrial structure 1,836 3.794 0.253 2.589 4.425

lnRC Resident consumption 1,836 14.712 1.799 4.791 18.881

lnTII Technological innovation input 1,836 9.509 2.131 0.427 15.282

lnFDL Financial development level 1,836 15.518 2.464 5.627 20.416

lnRCL Urban construction scale 1,836 4.581 0.835 2.342 7.323

lnUPT Urban public transport 1,836 6.686 1.137 3.367 10.151

lnUGA Urban afforestation 1,836 8.089 1.304 2.409 11.445

lnDEC Electricity for production 1,836 13.020 1.214 8.994 16.514

lnEMVS Output value of enterprises 1,836 13.262 1.659 5.624 18.728

lnFFC Fossil fuel consumption 1,836 9.144 1.679 2.132 13.843
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hence lowering carbon emissions. However, the widespread use of
digital technology will expand Western cities’ economic size while
Western cities also increase energy consumption, resulting in a rise
in carbon emissions. In Northeastern China, however, the influence
of the digital economy on carbon emissions is not significant.

Second, we classify all cities into four groups based on
population size. Specifically, the cities are ranked according to
the population size from small to large, then the quartile method
is applied to divide them into four intervals. The cities in the four
intervals are defined as tiny cities, small and medium cities, medium
and big cities, and large cities, respectively. Table 10 summarises the
findings. Based on the first-order coefficient of the digital economy
development index, the digital economy has a substantial effect on
carbon reduction in medium and big cities. Since the industrial
chains of medium and big cities are relatively developed, the
industrial upgrading brought about by digital industrialization

and industrial digitization is more obvious, which will improve
energy consumption efficiency and promote the upgrading of the
energy structure, thus reducing carbon emissions. However, there is
little evidence that the digital economy affects carbon emissions in
tiny cities, small and medium cities, and large cities. The quadratic
coefficient of the digital economy development index demonstrates

TABLE 5 Baseline regression.

Variables (1) (2)

lnDEI 0.428** 0.628***

(0.167) (0.207)

lnDEI2 −0.025*** −0.036***

(0.009) (0.011)

lnGDP −0.143*** −0.137***

(0.021) (0.022)

lnGBE −0.058*** −0.034**

(0.015) (0.018)

lnRC 0.012 0.018

(0.011) (0.011)

lnFDL −0.014** −0.016**

(0.006) (0.008)

lnRCL 0.143*** 0.114**

(0.053) (0.053)

lnUPT −0.178*** −0.206***

(0.052) (0.046)

lnUGA −0.062*** −0.043**

(0.021) (0.019)

lnEMVS 0.014 0.004

(0.014) (0.013)

_cons −3.603*** −4.536***

(0.733) (0.912)

Year fixed effects No Yes

City fixed effects No Yes

Observations 1,836 1,836

R2 0.483 0.494

Note: Standard errors are reported in parentheses; ***p < 0.01, **p < 0.05, and *p < 0.1.

TABLE 6 IV-2SLS regression.

Variables First-stage Second-stage

IV 0.029***

(0.005)

lnDEI 0.465***

(0.122)

lnDEI2 −0.831***

(0.1713)

Controlled variables Yes Yes

Year fixed effects Yes Yes

City fixed effects Yes Yes

F value 32.26 38.64

p-value 0.000 0.000

Kleibergen-Paap rk LM 27.202***

Kleibergen-Paap rk Wald F 32.259

Cragg-Donald Wald F 49.132

Stock-Yogo 16.38

R2 0.834

Observations 1,836

Note: Standard errors are reported in parentheses; ***p < 0.01, **p < 0.05, and *p < 0.1.

TABLE 7 Robustness test of replacing core independent variables.

Variables lnCO2

lnPCDE 0.553*

(0.292)

lnPCDE2 −0.033**

(0.016)

_cons −4.667***

(1.304)

Controlled variables Yes

Year fixed effects Yes

City fixed effects Yes

F value 73.31

Observations 1,836

R2 0.488

Note: Standard errors are reported in parentheses; ***p < 0.01, **p < 0.05, and *p < 0.1.
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an obvious inverted U-shaped relationship between the
development level of digital economy and carbon emissions in
small and medium cities, as well as in large cities.

Finally, we implement a heterogeneity analysis upon the
urbanization rates of the cities. Specifically, the cities are
ranked according to the urbanization rate from low to high,
then the quartile method is applied to divide them into four
intervals. The cities in the four intervals are defined as least
developed cities, underdeveloped cities, developed cities, and
highly developed cities, respectively. The regression results are
shown in Table 11. We recognise that, the first-order coefficient
of the digital economy is significantly positive for least developed
cities and underdeveloped cities, while the quadratic coefficient is

significantly negative, indicating that an inverse U-shaped
relationship exists between the development level of the digital
economy and carbon emissions. This conclusion might be
interpreted as the digital economy expanding the economic
size of least developed and underdeveloped cities in the short
term, increasing carbon emissions. However, with the upgrading
of industrial structures and the improvement of energy
utilization efficiency brought about by digital technology,
carbon emissions tend to reduce. Meanwhile, the coefficient of
the digital economy in developed cities is significantly negative at
the 1% level, and the quadratic coefficient is not significant. It
indicates that the digital economy can help developed cities lower
their carbon emissions.

5 Further analysis of the impact of
digital economy development on the
“carbon peak”

Through the above analysis, we identified an inverted U-shaped
relationship between the development of the digital economy and
carbon emissions, that is, carbon emissions will reach a peak and
then decline as the digital economy develops. According to
Hypothesis 2, this paper will further explore how development of
the digital economy influences the carbon peak via upgrading of the
industrial structure, technical innovation, and changes to the scale of
energy consumption. Table 12 demonstrates the impact of digital
economy development on the mechanism variables.

Column (1) depicts the impact of digital economy development
on upgrading of the industrial structure. The digital economy
coefficient is positively significant at the 1% level. Why does the
development of digital economy contribute to the upgrading of
industrial structure? This is because the development of digital
economy improves the efficiency and level of production and
management by utilizing intelligent technology and information

TABLE 8 Robustness test of subsample regression.

Variables (1) (2)

lnDEI 0.712** 0.553*

(0.308) (0.292)

lnDEI2 −0.039** −0.033**

(0.017) (0.016)

_cons −4.474*** −4.667***

(1.339) (1.304)

Controlled variables Yes Yes

Year fixed effects Yes Yes

City fixed effects Yes Yes

F value 64.68 73.31

Observations 816 1,020

R2 0.513 0.488

Note: Standard errors are reported in parentheses; ***p < 0.01, **p < 0.05, and *p < 0.1.

TABLE 9 Heterogeneity analysis based on the location of cities.

Variables Eastern Central Western Northeastern

lnDEI −0.668* 1.815*** −4.694*** 0.016

(0.349) (0.405) (0.777) (0.537)

LnDEI2 0.032 −0.107*** 0.259*** −0.004

(0.028) (0.022) (0.044) (0.031)

_cons 1.402 −8.866*** 22.536*** −5.252**

(1.503) (1.751) (3.589) (2.312)

Controlled variables Yes Yes Yes Yes

Year fixed effects Yes Yes Yes Yes

City fixed effects Yes Yes Yes Yes

F value 61.23 52.57 20.98 49.91

Observations 603 522 504 207

R2 0.598 0.560 0.447 0.658

Note: Standard errors are reported in parentheses; ***p < 0.01, **p < 0.05, and *p < 0.1.
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engineering technology. Moreover, the application of digital
technology can make the acquisition and transmission of
information more convenient and efficient, and make the flow of
information between different industries smoother, thus promoting
the flow of information and the integration of resources. In addition,
the development of digital economy can accelerate the rise of
emerging industries related to digital technology. In a word, the
digital economy realizes the effective allocation of data resources,
improves the utilization efficiency and value creation ability of data
resources, and promotes the upgrading of industrial structure
through the flow, sharing, trading and opening of data elements.
Numerous research focus on how the modernization of industrial

infrastructure influences the carbon emissions. Depend upon the
panel data for 278 Chinese cities between 2011 and 2019, Feng et al.
(2023) revealed a substantial negative correlation between industrial
structure upgrading and carbon emissions. Utilizing provincial
panel data from 2003 to 2019, Liu et al. (2022) find that the
more advanced the industrial structure, the more obvious its
carbon-emission-inhibiting impact. Zhao et al. (2022) also find
that improving industrial structure may lower carbon emissions.
These findings indicate that the digital economy promotes the
modernization of industrial structures, which has an emissions
reduction effect. In the current situation where the carbon
emissions of most cities in China have not reached their

TABLE 10 Heterogeneity analysis based on the population size of cities.

Variables Tiny cities Small and medium cities Medium and big cities Large cities

lnDEI −2.892 −3.225 −4.032*** 1.483

(2.185) (1.959) (1.534) (1.165)

lnDEI2 0.343 −0.592** −0.651 −0.262*

(0.249) (0.242) (0.179) (0.141)

_cons 2.786 5.255*** 9.5626 −0.882

(4.855) (4.297) (3.400) (2.526)

Controlled variables Yes Yes Yes Yes

Year fixed effects Yes Yes Yes Yes

City fixed effects Yes Yes Yes Yes

F value 41.34 19.11 21.66 66.22

Observations 459 459 459 459

R2 0.484 0.304 0.330 0.601

Note: Standard errors are reported in parentheses; ***p < 0.01, **p < 0.05, and *p < 0.1.

TABLE 11 Heterogeneity analysis based on the development status of cities.

Variables Least developed cities Underdeveloped cities Developed cities Highly developed cities

lnDEI 1.854*** 1.210** −1.229*** 1.308

(0.723) (0.481) (0.368) (2.210)

lnDEI2 −0.097** −0.042* −0.076 −0.286

(0.044) (0.022) (0.396) (0.231)

_cons −16.174*** −5.905 2.015 1.049

(3.206) (3.801) (8.603) (5.412)

Controlled variables Yes Yes Yes Yes

Year fixed effects Yes Yes Yes Yes

City fixed effects Yes Yes Yes Yes

F value 39.06 20.30 20.43 35.44

Observations 459 459 459 459

R2 0.470 0.316 0.318 0.446

Note: Standard errors are reported in parentheses; ***p < 0.01, **p < 0.05, and *p < 0.1.
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maximum value, the development of the digital economy can assist
these cities in achieving a “carbon peak” by upgrading their
industrial structure.

Column (2) depicts the impact of digital economy development
on technical innovation. We can see that the expansion of the digital
economymay be incredibly successful in supporting this innovation.
How does the development of digital economy promote
technological innovation? First, the application of digital
technology enables enterprises to obtain market information
more quickly and accurately, and better understand consumer
demand, thus reducing the cost of innovation. Secondly, the
application of digital technology enables enterprises to develop
new products and services more quickly, improving the efficiency
of innovation. Finally, the digital economy has changed the
traditional innovation mode and promoted the development of
new innovation modes such as open innovation and collaborative

innovation. Some research explores the influence of technological
innovation on carbon emissions. Using a threshold STIRPAT
strategy, Liu et al. (2022) find that the coefficient of the impact
of autonomous technical innovation on industrial carbon emissions
is notably negative at the 1% level. Employing provincial panel data
from 2005 to 2017, Sun et al. (2020) conclude that technical
innovation has an essential limiting effect on regional carbon
emissions. The digital economy can promote technical
innovation, and there is a negative correlation between technical
innovation and carbon emissions. Consequently, the progress of the
digital economy may contribute to achieve the “carbon peak” by
supporting technical innovation.

Column (3) indicates the impact of development of the digital
economy on energy consumption. We could deduce that the
current development of the digital economy has increased energy
consumption. The use of digital technology is characterized by
high energy consumption. For example, the growing demand for
electricity from AI systems puts pressure on power resources,
which in turn leads to an increase in carbon emissions. At the
same time, the growth of the digital industry itself increases
energy consumption, which further exacerbates resource
depletion. Although digital technology improves the efficiency
of energy use by optimizing energy allocation and consumption,
and can better monitor and control energy consumption in
residential, commercial and industrial environments, the
empirical analysis results show that the current development
of digital economy has expanded energy consumption. In terms
of the relationship between energy consumption and carbon
emissions, Cao et al. (2021) find that energy consumption has
a considerable positive impact on per capita carbon emissions.
Zhang et al. (2013) find that the use of fossil energy sources can
dramatically increase carbon emissions. Given that current
development of the digital economy can promote energy
consumption, and higher energy consumption leads to higher
carbon emissions, the increased energy consumption can be
considered a mechanism by which the digital economy
increases carbon emissions and delays the arrival of the
“carbon peak”.

Through further analysis, we can conclude that the digital
economy influences the “carbon peak” through the upgrading of
industrial structure, technological innovation, and energy
consumption. This corroborates that Proposition two is correct.

6 Conclusion and policy implications

6.1 Conclusion

The current investigation analyses the correlation between the
expansion of the digital economy and carbon emissions via Chinese
urban panel data from 2013 to 2021. Based on the above research
evidence and analysis results, we can draw the following
conclusions. Firstly, there is an inverted “U-shaped” relationship
between the development level of the digital economy and carbon
emissions. Specifically, with the progress of the digital economy,
carbon emissions show a clear upward trend, reaching a “carbon
peak”, followed by a downward change. Secondly, the carbon
emissions of most cities in China are still on the rise, while the

TABLE 12 The impact of digital economy development on mechanism
variables.

Variables (1) (2) (3)

lnDEI 0.121*** 0.169*** 0.333***

(0.012) (0.086) (0.073)

lnGDP −0.004 0.407*** 0.231***

(0.006) (0.048) (0.041)

lnGBE −0.015*** 0.104*** 0.042

(0.005) (0.039) (0.034)

lnRC −0.008** −0.058** −0.003

(0.003) (0.024) (0.021)

lnFDL 0.009*** 0.013 −0.015

(0.002) (0.016) (0.014)

lnRCL −0.004 0.344*** −0.082

(0.014) (0.111) (0.093)

lnUPT −0.006 −0.074 0.090

(0.015) (0.101) (0.086)

lnUGA −0.012** 0.102** −0.093**

(0.006) (0.042) (0.036)

lnEMVS −0.057*** 0.212*** 0.091***

(0.004) (0.029) (0.025)

_cons 3.036*** −1.071*** −0.315

(0.062) (0.462) (0.394)

Controlled variables Yes Yes Yes

Year fixed effects Yes Yes Yes

City fixed effects Yes Yes Yes

F value 69.19 188.62 143.91

Observations 1,836 1,836 1,836

R2 0.295 0.533 0.466

Note: Standard errors are reported in parentheses; ***p < 0.01, **p < 0.05, and *p < 0.1.
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digital economy accelerates the arrival of “carbon peak” by
promoting technological innovation and upgrading the industrial
structure. The increase in fossil energy consumption caused by the
digital economy is undeniably a negative element towards reaching
the “carbon peak”.

Heterogeneity analysis results show that, firstly, the
development of digital economy has a significant inhibitory effect
on carbon emissions in eastern cities, while its impact on carbon
emissions in western cities presents a U-shaped trend, and the
impact on carbon emissions in Northeast China is not
significant. Secondly, the digital economy can effectively reduce
carbon emissions in medium and big cities, but there is little
evidence that the digital economy affects carbon emissions in
tiny cities, small and medium cities, and large cities. There is an
obvious inverted U-shaped relationship between the development
level of digital economy and carbon emissions in small and medium
cities, as well as in large cities. Thirdly, there is an inverted U-shaped
relationship exists between the development level of digital economy
and carbon emissions in least developed cities and underdeveloped
cities, and the digital economy can significantly reduce carbon
emissions in developed cities.

This paper explores the mechanisms by which the development
of digital economy affects carbon peaking. The results show that the
digital economy may influence carbon peaking through upgrading
of the industrial structure, technical innovation, and energy
consumption.

6.2 Policy implications

Based on the aforementioned findings and facts, we put
forward our recommendations. First of all, in terms of policy
preparation, it is necessary to accelerate the investigation and
data statistics of digital economy development and carbon
emissions in cities, so as to understand the current situation
and characteristics of digital economy development and carbon
emissions in each city, and to prepare for formulating relevant
policies to promote carbon emission reduction by digital
technology.

The heterogeneity analysis results show that the impact of
digital economy on carbon emissions varies among cities located
in different regions, with different scales and development levels,
so each city should formulate policies in line with its own
characteristics according to the city size and development
status. In addition, these policies should be designed from the
aspects of industrial structure, technical innovation and energy
consumption.

In terms of promoting the upgrading of urban industrial
structure, it is necessary to accelerate the application of digital
technology, and use technologies such as Internet of Things, big
data and artificial intelligence to monitor the running status of
production equipment in real time, predict the maintenance
requirements, reduce the failure rate and improve production
efficiency. It is also necessary to formulate the integration
support policy of digital technology and manufacturing industry
as soon as possible to promote the development of intelligent
manufacturing. In addition, digital technology should be used to
promote the development of emerging economic forms such as

platform economy and sharing economy, and to accelerate the
integration of digital technology and traditional industries.

With regard to promoting technical innovation, in order to
encourage enterprises to engage in digital innovation, the government
should set up special funds for innovation, provide loans and tax
incentives for enterprises, and encourage social capital to invest in
the field of digital technological innovation to reduce the financing
cost of enterprises. It is a good choice to establish digital technology
innovation parks to attract enterprises, universities and scientific
research institutions to participate in digital technology innovation. In
addition, it is essential to strengthen the protection of digital intellectual
property rights, combat infringement and protect innovations.

When formulating and implementing policies, we need to be
aware of the dual impact of the digital technology on carbon
emissions, that is, the use of digital technologies can improve
energy efficiency, promote the integration of renewable energy
sources, and facilitate energy management, which can reduce
carbon emissions. However, the development of the digital
industry will also increase energy consumption, thereby
increasing carbon emissions. For example, the demand for
electricity in AI systems is increasing, which not only puts
pressure on electricity resources, but also indirectly leads to an
increase in carbon emissions.

How to minimize the impact of digital industry development on
energy consumption and carbon emissions? First, in terms of digital
technology promotion and industrial upgrading, the government
should take the lead, enterprises should wholeheartedly accelerate
the application of digital technology in production, promote
industrial digitalization, optimise industrial structure, transform
or eliminate enterprises with high energy consumption and high
pollution to reduce carbon emissions. Secondly, in terms of
addressing high energy consumption, enterprises should increase
the research and promotion of green technologies to reduce carbon
emissions while improving productivity per unit of energy
consumption. In addition, we need to find alternative clean
energy sources. Fossil fuels such as coal and oil are important
energy sources at present, but they are also major factors that
lead to the increase of carbon emissions. Therefore, it is
necessary to accelerate the research and development of green
and clean energy to replace traditional fossil fuels.

6.3 Limitations and future prospects

There are some limitations to the data used in this paper. Firstly,
constrained by the availability of urban data, the sub-indicators of
the digital economy development index are relatively simple.
Secondly, these sub-indicators mostly focus on the application of
Internet technology. However, the digital technology is innovating
rapidly, and the promotion and utilization of artificial intelligence,
big data, and Internet of Things are profoundly affecting socio-
economic development, so the sub-indicators of the digital economy
development index need to be further enriched and improved.
Finally, with the advancement of measurement technology, the
calculation method of China’s carbon emissions will become
more scientific, and the data related to carbon emissions will be
more refined. Therefore, it is necessary to further study the impact of
digital economy development on carbon emissions in order to
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obtain accurate conclusions by using more precise and
abundant data.

This paper explores the mechanisms by which the digital
economy affects carbon emissions from the perspectives of
industrial structure upgrading, technical innovation and energy
consumption. However, the application of digital technologies
such as cloud computing, big data, and artificial intelligence has
a more complex and diverse impact on carbon emissions, so we can
further explore other mechanisms by which the digital economy
affects carbon emissions in the future.

With the advancement of research technology and research
methods, it is advisable to establish a big data model based on
big data thinking and including digital technology indicators such as
artificial intelligence, which can further simulate and predict the
impact trend of digital economy development on carbon emissions.
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