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Kuznets Curve
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of Economics and Management, Beijing Jiaotong University, Beijing, China

ABSTRACT
The digital economy has become important in the world’s major
economies. Improving energy efficiency is the key to achieving stable
and sustainable economic growth and carbon emissions reduction.
However, the impact of the digital economy on energy efficiency
remains unclear. Accordingly, this study examines the relationship
between the digital economy and energy efficiency from the
Environmental Kuznets Curve (EKC) perspective. In doing so, this study
confirms that the digital economy follows the EKC in energy utilization
efficiency, and there is a U-shaped relationship between the digital
economy and energy efficiency, although this relationship differs from
one region to another. This study also discusses the moderating effects
of environmental regulation and innovation capability in this U-shaped
relationship, confirming that they have a moderating effect on this
relationship, reducing the inflection point of the U-shaped relationship,
and reducing the negative influence of the digital economy on the
energy efficiency and enhancing the positive impact. This study can
serve as a reference for policymakers and professionals in emerging
economies, helping them achieve a win-win situation for economic
development and reducing carbon emissions.
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1. Introduction

The Environmental Kuznets Curve (EKC) holds that an economy’s environmental qual-
ity or pollution level tends to deteriorate first and then improve with economic growth.
According to the EKC, there is a low level of energy efficiency in the early stage of eco-
nomic development. When the level of economic development reaches a certain level,
energy efficiency will increase with the continuous improvement of the technical level
(Grossman & Krueger, 1995; Umar et al., 2020). The EKC has been verified in several
fields (Bibi et al., 2021; He et al., 2021; Yilanci et al., 2022). Meanwhile, the issue of car-
bon emission reduction is gradually gaining attention in various countries, with
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improving energy efficiency a key step in reducing carbon emissions. Indeed, according
to the International Energy Agency (2020), some 40% of carbon emissions reductions
over the next twenty years should be achieved through improvements in energy effi-
ciency. Amid these emerging concerns, the digital economy is becoming an important
driver of economic development and social transformation (Dorfleitner & Grebler,
2022; K. Li et al., 2020; Sidorov & Senchenko, 2020). This raises the question of whether
the EKC can be verified in the digital economy and whether there is a U-shaped rela-
tionship between the digital economy and energy efficiency.

In contrast to developing countries, most developed countries have achieved the car-
bon peak goal and are currently in the carbon-neutral stage. For example, the European
Union achieved the carbon peak goal in 1990, while the United States reached it in
2007. However, most emerging economies have yet to reach the carbon peak target and
remain at the carbon peak stage. China is the largest emerging economy and an import-
ant engine of world economic growth. However, China is also the country with the larg-
est carbon emissions in the world, emitting more than 6 billion tons of carbon dioxide
a year. Therefore, China makes for a particularly interesting case study.

In recent years, with the help of the technologies like the Internet, big data, cloud
computing, artificial intelligence, and blockchains, the digital economy has accelerated
innovation and become deeply embedded in all areas of socio-economic development.
The booming digital economy has become the new driving force of global economic
development (K. Li et al., 2020). According to the Global Digital Economy White Paper
(2022) published by the China Academy of Information and Communications
Technology (CAICT), the scale of the added value of the digital economy in major
countries reached USD 38.1 trillion, making up some 45% of GDP and holding a nom-
inal year-on-year growth of 15.6%. In this respect, developed countries rely on techno-
logical advantages to determine the global leadership of the digital economy. Developed
countries have large-scale digital economies comprising a significant proportion of their
GDP. Indeed, in 2021, the scale of the digital economy in developed countries reached
USD 27.6 trillion, accounting for nearly 60% of GDP. The digital economy has grown
rapidly in developing countries, accounting for some 22.3% of GDP in 2021. As the
largest developing country in the world, China has elevated the development of the
digital economy to a national strategy, paying attention to building a digital economy
infrastructure and improving the overall layout, supervision, and healthy development
of the digital economy. In 2021, the scale of China’s digital economy reached USD 7.1
trillion, accounting for 40.05% of the country’s GDP. Indeed, the growth rate of China’s
digital economy is more than three times that of the GDP, indicating that it has become
an important driver of the country’s economic growth.

Climate change affects the sustainable development of human society (Ielasi et al.,
2018; Liang et al., 2022; Mart�ınez, 2018). Attaching great importance to climate issues,
in 2020, the advanced Chinese targets of achieving a carbon peak by 2030 and carbon
neutrality by 2060. Realizing China’s carbon neutrality goal is paramount to mitigating
global climate change. The main source of carbon dioxide emissions is burning fossil
fuels like coal, oil, and natural gas in industrial production. To reduce carbon emissions,
it is necessary to optimize the energy structure, reduce the use of traditional energy,
and increase the use of clean energy such as solar, wind, and water energy. However,
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with energy endowments characterized as ’rich coal, poor oil, and less gas’, China’s eco-
nomic development still depends on traditional energy in the short term, with a rapid
reduction in the use of traditional energy sources not conducive to economic growth.

Improving energy efficiency is key to balancing economic growth and carbon
emissions (Z. Chen et al., 2022; Umar et al., 2022). Energy efficiency refers to the
output from an input unit of conventional energy, usually expressed as the ratio of
GDP to conventional energy consumption. Improved energy efficiency enables the
balancing of carbon reduction and economic growth. However, China’s energy effi-
ciency is lower than that of developed countries such as the United States and Japan
and that of BRICS countries like India and Brazil. In short, China needs to improve
its energy efficiency. In this regard, China’s ’Action Plan for Carbon Peak by 2030’,
’"Fourteenth Five Year" Industrial Green Development Plan’, and ’“Fourteenth Five
Year” Circular Economy Development Plan’ all stipulate improving energy efficiency
as an important goal during the Fourteenth Five Year period. (Figures 1, 2 and 3)

The rapidly developing digital economy offers new opportunities for improving
energy efficiency through new technologies and business models. Using data as a key
driver, the digital economy has spawned new economic forms and facilitated profound
changes in production and governance patterns (Cong et al., 2021). The digital econ-
omy directly improves energy efficiency by empowering traditional industries, helping
them save energy, reducing costs, and increasing efficiency. The digital economy also
fosters new industries providing digital products and services, thus indirectly improving

Figure 1. The comparison of energy efficiency in different countries.
Data source: World Bank website.

Figure 2. The influence of the larger moderating on the inflection point.
Source: Author own derivations.
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energy efficiency by optimizing the industrial structure and promoting innovation.
However, the development of digital technology also has an energy rebound effect (Guo
et al., 2022; Lange et al., 2020). For instance, the construction of digital infrastructure
and the production and use of digital devices consume a significant amount of energy
and emit large amounts of CO2. Therefore, the influence of the digital economy on
energy efficiency is complex.

To fully examine the relationship between the digital economy and energy effi-
ciency, this study selected China, the largest emerging economy, as the research
object and attempts to answer the following questions. First, the literature has yet to
reach a consensus regarding the relationship between the digital economy and energy
efficiency. More specifically, it is unclear whether the relationship between them is
nonlinear. In accordance with the KEC, is the relationship U-shaped such that it first
inhibits and then improves? If there is a U-shaped relation between the digital econ-
omy and energy efficiency, then the development of the digital economy will first
reduce energy efficiency and then improve it once it develops to a certain extent. As
a decline in energy efficiency means an increase in carbon emissions, the stage in
which the digital economy reduces energy efficiency can be regarded as the carbon
peaking stage of the digital economy. As the improvement of energy efficiency should
result in a reduction in carbon emissions, the stage in which the digital economy
improves energy efficiency can be regarded as the carbon-neutral stage of the digital
economy. Second, if the relationship between the digital economy and energy effi-
ciency is U-shaped, is it possible that the inflection point of the U-shaped curve can
be achieved earlier due to external effects? If this is possible, the carbon reduction
stage can be reached sooner. Third, if there is a U-shaped relation between the digital
economy and energy efficiency, can the inhibitory effect of the digital economy on
energy efficiency be alleviated by the moderating effect on the left side of the inflec-
tion point (i.e., when the digital economy value is below the inflection point) and can
the improvement effect be amplified on the right side (i.e., when above the inflection
point value)? Answering these questions is of great significance for China, particularly
in ensuring the digital economy’s green value and balancing carbon emissions and
economic development. Moreover, by focusing on China, the largest developing
country, this study provides a reference for other emerging economies to promote
green development through the development of the digital economy.

Figure 3. On each side of the inflection point, the influence of the change of the moderating vari-
able on the curve shape.
Source: Author own derivations.
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To answer the foregoing questions, this study selected panel data from 275 cities in
China as the research sample. First, this study calculates single-factor energy efficiency
and total-factor energy efficiency as energy efficiency indicators and digital economy
development level indicators based on the entropy method. Second, this study empiric-
ally tests the relationship between the digital economy and energy efficiency, confirming
a U-shaped relationship between the digital economy and single and total factor energy
efficiency. When the development level of the digital economy is low, energy efficiency
will be reduced; when it exceeds the inflection point, energy efficiency will be improved.
Third, this study uses regional innovation capability and environmental regulation as
moderating variables to test the moderating effects of the U-shaped relation, finding that
they all have a positive regulatory effect. In addition to making the inflection point value
of the U-shaped relation smaller, these moderating variables reduce the negative impact
of the digital economy on energy efficiency on the left side of the U-shaped relation
inflection point and improve the positive impact on the right side of the inflection point.

This study makes several contributions. First, this study verifies the U-shaped rela-
tionship between the digital economy and energy efficiency, validates the EKC in more
areas, and contributes to the academic debate on the relations between the digital econ-
omy and energy efficiency. Second, this study confirms that higher innovation capacity
and environmental regulation contribute to the positive effects of the digital economy
on energy efficiency. On the left side of the inflection point, the higher level of innov-
ation and higher intensity of environmental regulation weaken the digital economy’s
negative impact on energy efficiency. On the right side of the inflection point, the
higher level of innovation and higher intensity of environmental regulation improve the
role of the digital economy in promoting energy efficiency. These findings have clear
policy implications. Certainly, policies intended to improve innovation ability and
strengthen environmental regulation are conducive to both economic development and
exerting the carbon reduction effects of the digital economy. Third, this study’s findings
are consistent with China’s ‘peak carbon, carbon neutral’ strategy. When the digital
economy development level is below the inflection point, it can reduce energy efficiency
and potentially increase carbon emissions. However, China’s ‘double carbon’ strategy is
also a process of first achieving carbon peaking and then carbon neutrality. Therefore,
the digital economy should be developed continuously in different regions, especially
those with a low level of digital economy development.

The rest of this study is organized as follows. The second section provides a struc-
tured literature review, the third introduces the data, variables, and methods used in
this study, and the fourth presents the empirical results. The fifth section summarises
the research conclusions and puts forward policy recommendations to leverage the
positive effects of the digital economy.

2. Literature review

2.1. The digital economy

The concept of the digital economy was first proposed by Tapscott (1995), who
described it as an economic system heavily reliant on information and communication
technology, including corresponding digital technology, the digital infrastructure, and a
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series of related business models and economic activities. According to the Fourteenth
Five-Year Plan for China’s Digital Economy, the digital economy is the main economic
form after the agricultural and industrial economies. More specifically, the digital econ-
omy is a new economic form that relies on data resources as its key element, modern
information networks as its main carrier, considers the integration and application of
information and communications technology (ICT) and the digital transformation of
total factor as the primary driving force for efficiency improvement and economic
structure optimization, and promotes fairness and efficiency.

As a result of its rapid development, the digital economy has become a hot topic of
research in academia. Indeed, despite the concept of the digital economy appearing some
time ago, it has only become the focus of academic research in recent years. Early studies
were based on one dimension of the digital economy, such as ICT, Internet development,
digitization, and digital technology. Tapscott was the first to define the digital economy.
Focusing on China, this study combines Tapscott’s definition of the digital economy
with that of the Fourteenth Five-Year Plan of China’s Digital Economy. Accordingly, this
study includes all the foregoing concepts in defining the digital economy. Essentially, the
digital economy is a data-based, technology-driven economy carried by the Internet that
alleviates the ‘digital divide’ between different regions, enhances the inclusiveness of eco-
nomic development (Rumana & Richard, 2019), reduces transaction costs, improves
business competitiveness (Teece, 2018), and facilitates government governance (Sama
et al., 2022).

Early research on the digital economy was largely qualitative. With the deepening
of related research, measuring the digital economy has become a popular topic. The
earliest quantitative studies employed the direct (Chihiro, 2018) and comparative
(Sidorov & Senchenko, 2020) methods, typically limited to provincial and national
levels (Pan et al., 2022). However, these methods lack both statistical data and a cor-
responding indicator system. Consequently, the entropy method (H. Wu et al., 2021)
and principal component analysis (D. Gao et al., 2022), which are based on statistical
data and indicator systems, gradually became more popular for calculating the digital
economy. Both methods calculate the development level of the digital economy by
selecting appropriate indicator systems based on the definition of the digital economy,
such as dimensions of the Internet, industry digitization, digital industrialization,
digital infrastructure, development environment, and digital transactions.

Based on the measurement of the digital economy, researchers have examined the
economic effects of the digital economy, generally agreeing that it has positive eco-
nomic impacts (Usman et al., 2021). At the macro level, the digital economy has
advanced industrial structure upgrading (B. Wu & Yang, 2022), improved productiv-
ity (J. Chen et al., 2022), and promoted regional innovation (Lin & Ma, 2022), thus
contributing to high-quality economic development (Pan et al., 2022). At the micro
level, the digital economy has alleviated corporate financing constraints (Y. Wu &
Huang, 2022), increased corporate innovation capacity (Gaglio et al., 2022), enhanced
corporate efficiency (Peng & Tao, 2022), and stimulated the entrepreneurial enthusi-
asm of the workforce (Atasoy, 2013).

Regarding the ecological effects of the digital economy, although some scholars have
used specific samples to demonstrate that the digital economy may be detrimental to
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improving the environment (Belkhir & Elmeligi, 2018), most studies indicate that the
digital economy has positive ecological effects. For example, (Amin & Rahman, 2019)
argued that the Internet improved the level of waste management and reduced pollutant
emissions in both developed and developing countries. In the Chinese context, (H. Wu
et al., 2021) found that the Internet promoted the upgrading of industrial structure and
improved regional green total factor energy efficiency, while (Q. Ma et al., 2022) con-
cluded that the digital economy improved China’s green total factor productivity.

How the digital economy affects carbon emissions remains controversial. One view
holds that the digital economy increases carbon emissions ((Park et al., 2018;
Salahuddin & Alam, 2016). However, a greater number of studies suggest that the
digital economy reduces carbon emissions (Q. Ma et al., 2022; Ozcan & Apergis,
2018; Q. Xu et al., 2022). For example, using provincial panel data in China, (Lin &
Zhou, 2021) found that the development of the Internet improved the country’s car-
bon performance by promoting industrial structure upgrading and technology diffu-
sion. Similarly, based on panel data from 277 cities in China, (W. Zhang et al., 2022)
concluded that the development of the digital economy had improved carbon per-
formance by reducing energy intensity (expressed by dividing energy input by output,
revealing the amount of energy required to be input per unit of output; it is recipro-
cal to single factor energy efficiency), reducing the scale of energy consumption, and
promoting urban greening improved carbon emission performance.

2.2. Energy efficiency

Typically referring to the utilization efficiency of traditional energy, energy efficiency
comprehensively reflects the impact of efficiency and technology on economic develop-
ment. Therefore, improving energy efficiency is the key to balancing economic develop-
ment and carbon emissions. The two most frequently used methods for measuring
energy efficiency are single-factor energy efficiency and total-factor energy efficiency.
Single-factor energy efficiency is expressed as the ratio of economic output to energy
input (Elı�asson & Turnovsky, 2004), revealing the output produced by a unit of trad-
itional energy input. Single-factor energy efficiency considers energy as the only input
factor; it ignores other inputs, such as labor and capital, and simply considers the rela-
tion between energy and output. Therefore, it has considerable limitations. To over-
come the shortcomings of single-factor energy efficiency, (Hu & Wang, 2006) proposed
total-factor energy efficiency based on the DEA measurement method. Total factor
energy efficiency fully considers the substitution effect among each input factor.

Scholars have continuously improved the DEA method and measured total factor
energy efficiency using various methods, including SBM-DEA (Choi et al., 2012;
Gomez-Calvetdeng et al. 2014; Iftikhar et al., 2016; Zhou et al., 2019), three-stage
DEA (Choi et al., 2012; G�omez-Calvet et al., 2014; Iftikhar et al., 2016; Zhou et al.,
2019), and DEA-Malmquist (Kortelainen, 2008; Z. Wang et al., 2014). Based on the
measurement of energy efficiency, scholars have explored the factors influencing total
factor energy efficiency. Resultant research shows that economic size (Z.-H. Wang
et al., 2012), technological innovation (Su et al., 2022; Y. Xu et al., 2022; Z. Zhang &
Ye, 2015), energy structure (Muhammad et al., 2022; Xie et al., 2014), openness to
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the outside world (Imbruno & Ketterer, 2018; Khan et al., 2020), industrial structure
(Q.-S. Wang et al., 2021; Xue et al., 2022) and environmental regulation (C. Li et al.,
2020; X.-P. Zhang et al., 2011) can influence total factor energy efficiency.

However, few studies have directly examined the impact of the digital economy on
energy efficiency, with those that have typically done so from a single dimension (e.g.,
the Internet, ICT) failing to reach a consensus. In this respect, one view holds that the
digital economy has an energy rebound effect. For example, (Khayyat et al., 2016) found
that continued price reductions allowed ICT to replace some traditional inputs and pro-
duce more products along with energy, thereby reducing energy efficiency. (Saidi et al.,
2017) study demonstrated that the higher the ICT level, the higher the power consump-
tion level. (Lange et al., 2020) found that instead of saving energy, digitization increased
energy consumption. (Lan & Wen, 2021) showed a significant positive relationship
between energy intensity and ICT adoption in Chinese manufacturing, with ICT dir-
ectly increasing energy intensity. Meanwhile, in the context of OECD countries,
(Salahuddin & Alam, 2016) found that using mobiles and the internet increased electri-
city consumption and that ICT failed to improve energy efficiency.

Others believe that the digital economy has an energy-saving effect, thus reducing
energy consumption and increasing energy efficiency. For example, (Lin & Zhou, 2021)
proposed that the Internet significantly improves energy efficiency through the mecha-
nisms of industrial structure upgrading and technology diffusion. (Ishida, 2015) found
that higher energy prices and technological advances resulting from increased ICT
investments effectively reduced energy intensity in most sectors. In the Chinese context,
(Berger, 2022; Ferrat et al., 2021; J. Gao et al., 2021; Karim et al., 2022; H. Wu et al.,
2021) argued that the Internet’s development improved energy efficiency locally and in
neighbouring regions. (Usman et al., 2021) reached similar conclusions in the Indian
context, contending that the development of the Internet improved energy efficiency.

As such, scholars have conducted a significant amount of research on the digital econ-
omy and energy efficiency, recognizing the positive role of the former. Such research
provides an important foundation for this study. However, there are notable research
gaps requiring in-depth investigation and discussion. First, the existing literature has pri-
marily examined the impact of the digtal economy on energy efficiency from a single
dimension, such as Internet development or ICT. However, a single indicator necessarily
faces the problems of limitations and one-sidedness. Second, there is no consensus on
the impact of such dimensions on energy efficiency, with the literature largely split into
two opposing views: enhancing energy efficiency and reducing energy efficiency. Third,
few studies have discussed how to harness and control the positive role of the digital
economy, curb the rebound effect, and enhance the energy-saving effect.

Accordingly, this study makes the following improvements. First, comprehensively
considering the availability of the data, this study selects indicators from the dimen-
sions of Internet development, digital technology, and digital transactions to construct
the digital economy index. Second, in light of the two opposing views, this study veri-
fies that there is not a simple linear relation between the two but a possible U-shaped
or inverted U relationship. Third, this study discusses how we might harness the
positive role of the digital economy by building a model of the moderating effect of
the U-shaped relationship.
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3. Research methods

3.1. Empirical strategy

This study established the benchmark regression model (1) to verify the U-shaped rela-
tion between the digital economy and energy efficiency, where Eeit denotes the energy
efficiency of the city i in year t, Deit denotes the level of digital economy development
of city i in year t, CV denotes a series of control variables, mi and mt denote city fixed
effects and time fixed effects, respectively, and eit is a random error term.

Eeit ¼ a0 þ a1Deit þ a2De
2
it þ akCVit þ li þ mt þ eit (1)

If there is a U-shaped relation between the digital economy and energy efficiency,
according to the characteristics of the U-shaped curve, the value of the digital econ-
omy at its inflection point is Deip ¼ � a1

2a2
:

This study also discusses the moderating effects of regional innovation capacity
and environmental regulation on the relationship between the digital economy and
energy efficiency. Compared with the linear relationship, the moderating effect of the
U-shaped relation is more complex. This study refers to (Haans & Pieters, 2016) to
analyse the moderating effect of the U-shaped curve by introducing the interaction
term of the moderating variable with the digital economy as the core explanatory
variable and the interaction term of the moderating variable with the squared term of
the digital economy. Accordingly, the model was set as follows:

Eeit ¼b0þb1Deitþb2De
2
itþb3MVit�Deitþb4MVit�De2itþbkCVitþliþmtþ eit (2)

where MV is the moderating variable in this study, with regional innovation capacity,
Ina, and environmental regulation, Er, respectively.

This study verifies the moderating effect of the U-curve in two ways. First, it
examines how moderating variables affect the location of inflection points. In model
(2), the derivative of Ee to De is identified, and the position of the inflection point is
obtained via the following:

De� ¼ � b1 þ b3MV
2 b2 þ b4MVð Þ (3)

Where De� is the digital economy value of the inflection point of the U-shaped
relation. To analyse the influence of changes in the moderating variable on inflection
points, the partial derivative of the inflection point to the moderating variable can be
obtained using the following Equation:

oDe�

oMV
¼ b1b4 � b2b3

2 b2 þ b4MVð Þ2 (4)

In Equation (4), the denominator is the squared term, which must be greater than
0. Therefore, the effect of a change in the moderating variable on the inflection point
is determined by examining the positive or negative of the numerator (b1b4-b2b3).
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As the moderating variable increases, if b1b4-b2b3> 0, the inflection point shifts to
the right; if b1b4-b2b3< 0, the inflection point shifts to the left.

Second, this study examined how the change in moderating variable influences the
shape of the curve, that is, what effect the moderating variable has on each side of the
inflection point. On both sides of the inflection point of the U-shaped curve, the rela-
tion between the digital economy and energy efficiency is approximately linear.
Therefore, the moderating effect is examined using the linear relation moderating effect
model, which is set as follows.

Eeit ¼ c0 þ c1Deit þ ckCVit þ li þ mt þ eit (5)

Eeit ¼ c0 þ c1Deit þ c2Deit �MVit þ ckCVit þ li þ mt þ eit (6)

3.2. Energy efficiency

This study uses both single-factor energy efficiency and total-factor energy efficiency
as energy efficiency indicators.

3.2.1 Single factor energy efficiency (See)
Single factor energy efficiency is expressed using the ratio of GDP (in CNY 10,000) to
energy input (in 10,000 tonnes of standard coal) as follows: Seeit ¼ GDPit=Energyit ,
where Energy is the standard coal of input, and GDP is fixed at the constant prices of
2010. Data are primarily drawn from the statistical yearbook of each province and the
statistical bulletin of the national socio-economic development of each city. (Table 1)

3.2.2. Total factor energy efficiency (Mee)
Based on (Oh, 2010) and (Yu et al., 2021), this study constructed the SBM directional
distance function by adding ‘unexpected output’ and measured total factor energy

Table 1. The conversion factor of different energy sources.
Energy Unit Conversion factor

Raw coal (10,000 tons) 0.7143
Washed coal (10,000 tons) 0.9000
Other coal washing (10,000 tons) 0.2857
Briquette (10,000 tons) 0.6
Coke (10,000 tons) 0.9714
Coke oven gas (100 million cubic meters) 6.143
Other gas (100 million cubic meters) 3.5701
Other coking products (10,000 tons) 1.3
Crude oil (10,000 tons) 1.4286
Gasoline (10,000 tons) 1.4714
Kerosene (10,000 tons) 1.4714
Diesel oil (10,000 tons) 1.4571
Fuel oil (10,000 tons) 1.4286
Liquefied petroleum gas (10,000 tons) 1.7143
Refinery gas (10,000 tons) 1.5714
Other petroleum products (10,000 tons) 1.2
Natural gas (100 million cubic meters) 13.30
Thermal (Kilojoule) 0.0341
electric power (hour) 1.229
Other energy sources (10,000 tons of standard coal) 1

Data source: China Energy Statistical Yearbook.

10 Q. MA ET AL.



efficiency using the GML index; Appendix A provides the calculation steps in greater
detail. The GML index requires the determination of inputs, expected outputs, and
unexpected outputs. The inputs include labor (per 10,000 people), capital (per
CNY10,000), and energy (per 10,000 tonnes of standard coal), and the expected out-
put is GDP (CNY 100 million), with GDP and capital stock fixed at constant prices
in 2010. The unexpected output is CO2 (per 10,000 tons).

3.3. Digital economy

The core explanatory variable in this study is the digital economy index. The existing lit-
erature on measuring China’s digital economy mainly includes two levels, namely, the
provincial and city levels. As more indicators can obtain data at the provincial level, such
as infrastructure, digital industrialization, and industrial digitalization, the digital econ-
omy index at the provincial level is more detailed. Compared with provinces, there are
few indicators through which to obtain city-level data, making the construction of a
digital economic index at the city level relatively simple. For example, (J. Li et al., 2022)
and (Pan et al., 2022) selected indicators to measure the urban digital economy from the
two aspects of Internet development and digital finance. Based on the literature and
availability of data, this study is based on city-level data and selects indicators from the
three dimensions of digital infrastructure, industrial digitalization, and digital industrial-
ization. Appendix Table C1 presents the indicator for building the digital economy and
uses the entropy method to calculate the development level of China’s digital economy.

The steps for calculating the digital economic index using the entropy method are
as follows:

1. Build the original matrix by creating a matrix containing n rows and m columns,
as shown below:

A ¼ Xij

Where Xij represents the value of index j in year i.

1. Normalize the sample data and calculate the proportion of index j in the year i
as follows:

Yij ¼ Xij=
Xm
j¼1

Xij

2. Calculate the entropy value Ej of index j as follows:

Ej ¼ � 1
lnm

Xn
i¼1

Yij lnYij

3. Calculate the weight of index j:

wj ¼
djPn
i¼1dj

Where dj ¼ 1� Ej:
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1. The digital economy index Deit of the city i in year t is obtained according to
the weight as follows:

Deit ¼
Xn
j¼1

wjYij

3.4. Moderating variables

The moderating variables in this study include regional innovation capacity and
environmental regulation. On the one hand, to improve energy efficiency and opti-
mize the industrial structure with the help of the digital economy, enterprises’ digital
transformation and other activities are inseparable from innovation. The stronger the
innovation capacity, the easier it will be to play a positive role in the digital economy
and improve energy efficiency. On the other hand, strengthening environmental regu-
lation is conducive to restraining highly polluting production activities and reducing
CO2 emissions. With the help of digital technology, the accuracy of carbon emission
identification can be improved, and the efficiency of regulation enhanced.

This study selected specific indicators for each of the moderating variables. First, for
regional innovation capacity, this study used the regional innovation and entrepreneur-
ship index of Peking University divided by 100 (Z. Li & Wang, 2022). Second, concern-
ing environmental regulation, the data on the investment amount of environmental
pollution control at the city level was no longer published after 2011, while data related
to industrial soot removal rate, industrial sulphur dioxide removal rate, and industrial
wastewater compliance were no longer published after 2010. Based on data accessibility,
this study selected the comprehensive utilization rate of industrial solid waste, central-
ized treatment rate of sewage treatment plants, harmless treatment rate of domestic
waste, and greening coverage rate of built-up areas as the basic indicators of environ-
mental regulation. The index of environmental regulation was then calculated using the
entropy value method.

3.5. Control variable

To reduce the interference of other factors, this study included the following control vari-
ables: (1) government intervention (Gov), expressed by the proportion of government
fiscal spending to GDP; (2) population density (Popd), taken as the logarithm in the
empirical process; (3) openness (Open), expressed by the proportion of total import and
export trade to GDP; (4) industrial structure (Ins), calculated using Insit ¼

P3
i¼1 oi �

i ¼ o1 þ o2 � 2þ o3 � 3, where oi refers to the proportion of the output of each indus-
try in GDP; (5) financial development (Fin), expressed by the proportion of deposit and
loan balance to GDP; and (6) green innovation capabilities (Gpat), expressed by the ratio
of the number of authorized green patents to total green patent applications.

3.6. Data sources

Data are mainly drawn from the China City Statistical Yearbook and WIND database,
energy consumption data are taken from resources like the China Energy Yearbook
and China Environment Yearbook, Internet-related data are extracted from China
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High-Tech Industry Statistical Yearbook, while digital finance data are from the
China Digital Inclusive Finance Development Index (Phase II). Table 2 presents the
descriptive statistics of 2,750 samples from 275 cities in China from 2010–2019.

4. Results

4.1. Baseline estimation results

Table 3 presents the benchmark regression results. As results show, the significance of the
digital economy coefficient is weak when using the digital economy to explain the two
types of energy efficiency. After the square term of the digital economy is added to the
model, the digital economy coefficient is significantly negative, while the square term coef-
ficient of the digital economy is significantly positive. After other control variables were
added to the model, the digital economy coefficient remained significantly negative, and
so was the digital economy’s square term coefficient. Results thus confirmed the U-shaped
relation between the digital economy and energy efficiency. When the level of digital econ-
omy development is low, it reduces the economic output per unit of energy and decreases
energy efficiency. After the level of the digital economy development exceeds the inflec-
tion point, the digital economy increases the economic output per unit of energy input
and improves energy efficiency. The findings of this study thus align with those of (J. Li
et al., 2022). The rapid development of the digital economy is inseparable from the mas-
sive investment in digital equipment and the construction of digital infrastructure in the
early stage. During this stage, the production and operation of many digital devices
increase energy consumption and reduce energy efficiency. When the digital economy
develops to a certain extent, its marginal cost will gradually converge to zero, thus reveal-
ing the characteristics of increasing marginal benefits, exerting positive external economic
effects and ‘green attributes’ (Abukhader, 2008), and improving energy efficiency.

According to the results presented in Columns (5) and (6) of Table 3, when the
explained variable is single-factor energy efficiency, the inflection point value of the U-
shaped relation is 0.119. In other words, when the development level of the digital econ-
omy exceeds 0.119, the impact of the digital economy on single factor energy efficiency
will change from inhibiting to promoting. When the explained variable is total energy
efficiency, the inflection point value of the U-shaped relation is 0.125. That is to say
when the development level of the digital economy exceeds 0.125, the impact of the
digital economy on total factor energy efficiency changes from inhibiting to promoting.

Table 2. Descriptive statistics of variables.
Variable Obs Mean Std.Dev Min Max

See 2750 22.730 17.430 1.297 122.000
Mee 2750 0.479 0.206 0.119 1.183
De 2750 0.095 0.053 0.017 0.552
Ina 2750 0.502 0.287 0.004 1.000
Er 2750 0.067 0.042 0.013 0.517
Gov 2750 2.791 1.782 0.649 15.002
Popd 2750 442.504 347.813 51.342 1016.730
Open 2750 0.304 0.608 0.000 25.668
Ins 2750 2.314 0.226 1.924 2.763
Fin 2750 2.749 2.230 0.588 39.417
Gpat 2750 0.493 0.265 0.007 0.999

Source: Author own derivations.
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4.2. Robustness checks

To ensure the reliability of the results, this study conducted robustness tests from three
aspects. First, this study winsorized the continuous variables by 1% and 99% to remove
the impact of extreme values; the results are listed in Columns (1) and (2) of Table 4.
Second, this study recalculated the digital economy indicators using principal compo-
nent analysis and included the explained variables; the results are presented in Columns
(3) and (4) of Table 4. Third, this study used the generalized system method of moments
(SYS-GMM) to conduct regression analysis. The possible bi-directional causality and the

Table 3. Baseline regression results.
Variables (1)lnSee (2)Mee (3)lnSee (4)Mee (5)lnSee (6)Mee

De �0.108
(0.162)

�0.036�
(0.020)

�0.344��
(0.169)

�0.158���
(0.039)

�0.382��
(0.179)

�0.188���
(0.046)

De-squared 2.239��
(0.864)

0.465���
(0.232)

1.604��
(0.751)

0.752��
(0.347)

Gov 0.102�
(0.056)

0.237���
(0.058)

lnPopd 0.316�
(0.016)

0.540���
(0.042)

Open 0.146
(0.076)

0.617���
(0.195)

Ins 0.003���
(0.001)

0.015�
(0.001)

Fin 0.002
(0.001)

0.014���
(0.002)

Gpat 0.004��
(0.002)

0.013�
(0.007)

Cons 2.884���
(0.016)

1.021���
(0.007)

2.927���
(0.023)

1.939���
(0.062)

2.946���
(0.039)

1.121���
(0.101)

City FE YES YES YES YES YES YES
Year FE YES YES YES YES YES YES
Observations 2750 2750 2750 2750 2750 2750
R-squared 0.302 0.271 0.343 0.319 0.472 0.438

Note: Robust standard errors in parentheses; ��� p< .01, �� p< .05, � p< .1.
Source: Author own derivations.

Table 4. The results of robustness checks.

Variables
lnSee Mee lnSee Mee lnSee Mee
(1) (2) (3) (4) (5) (6)

L.lnSee 0.687���
(0.103)

L.Mee 0.748���
(0.047)

De �0.203���
(0.049)

�0.214���
(0.069)

�0.493���
(0.106)

�0.139���
(0.031)

�1.036���
(0.237)

�0.121���
(0.029)

De-squared 0.937���
(0.202)

0.881�
(0.482)

0.528���
(0.143)

0.140���
(0.032)

3.769���
(0.813)

0.446���
(0.121)

CV YES YES YES YES YES YES
City FE YES YES YES YES
Year FE YES YES YES YES
Observations 2750 2750 2750 2750 2475 2475
R-squared 0.446 0.423 0.384 0.347

Note: Robust standard errors in parentheses; ��� p< .01, �� p< .05, � p< .1; In the two results of SYS-GMM, the P
values of AR(1) are 0.000 and 0.001 respectively, and the P values of AR(2) are 0.264 and 0.598 respectively, which
indicating that there is no autocorrelation in the random errorterm. The Sargan test results are 0.207 and 0.243,
respectively, which indicating that there is no over-identification of instrumental variables, and the selection of
instrumental variables is effective.
Source: Author own derivations.
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difficulty of considering all the factors affecting energy efficiency may cause endogeneity
problems in the model. As the endogeneity problem of the U-shaped relationship is rela-
tively complex, this study followed the method of (N. Chen et al., 2022) and used the
SYS-GMM to deal with the endogeneity of the model. SYS-GMM can effectively alleviate
the endogeneity problem by taking the lag period’s explanatory variables as instrumental
variables. Table 4 shows that the relation between them is still U-shaped after the robust-
ness test using different methods. Therefore, the conclusions of this study can be consid-
ered fairly robust.

4.3. Heterogeneity analysis

Significant differences exist in the economic development stage, resource endow-
ments, and industrial structures in different regions of China. Therefore, this study
further examined the heterogeneity of the impact of the digital economy on energy
efficiency from three aspects. First, according to the standard of the China Statistical
Yearbook, this study divided its sample into the eastern and mid-western regions.
Second, based on (D. Ma & Zhu, 2022), this study classified first-, new first-, second-
, and third-tier cities as high-level cities and the remaining cities divisions as low-level
cities. Third, this study categorized the cities situated in the more economically devel-
oped Beijing-Tianjin-Hebei, Yangtze River Delta, Pearl River Delta, Central Yangtze
River, Central Plains City Cluster, and Chengdu-Chongqing urban agglomeration as
key urban agglomerations, and other cities as non-key urban agglomeration.

According to the results presented in Tables 5, 6, and 7, the impact of the digital econ-
omy on energy efficiency varied greatly from one region to another. The relation
remained significantly U-shaped in the results of the sample of eastern regions, high-level

Table 5. Regional heterogeneity analysis.

Variables
See Mee See Mee

(1)Eastern (2)Eastern (3) Mid-western (4) Mid-western

De �1.122�(0.613) �0.447��(0.209) �0.979�(0.556) �0.547���(0.146)
De-squared 4.378���(1.085) 1.591��(0.781) 2.033(2.265) 2.865(2.597)
CV YES YES YES YES
City FE YES YES YES YES
Year FE YES YES YES YES
Observations 1180 1180 1570 1570
R-squared 0.364 0.370 0.285 0.253

Note: Robust standard errors in parentheses; ��� p< .01, �� p< .05, � p< .1.
Source: Author own derivations.

Table 6. Heterogeneity of urban development level.

Variables
See Mee See Mee

(5)High-level (6)High-level (7)Low-level (8)Low-level

De �0.542��(0.297) �1.157���(0.265) �0.401��(0.197) �1.249���(0.370）
De-squared 2.041���(0.725) 3.659���(0.840) 2.252(2.253) 3.329(3.263)
CV YES YES YES YES
City FE YES YES YES YES
Year FE YES YES YES YES
Observations 1160 1160 1590 1590
R-squared 0.293 0.274 0.286 0.253

Note: Robust standard errors in parentheses; ��� p< .01, �� p< .05, � p< .1.
Source: Author own derivations.
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cities, and key urban agglomerations. According to the results for the mid-west, low-level
cities, and non-key urban agglomerations, although the coefficient of the digital economy
was significantly negative, none of the coefficients of the squared term of the digital econ-
omy were significant. This indicates that, in these regions, the relation is no longer U-
shaped but linear, and the digital economy reduces energy efficiency. In contrast, eastern
cities, high-level cities, and key urban agglomerations have better information infrastruc-
tures, more advanced digital technology, and higher levels of digital economic develop-
ment. The higher level of digital development has enabled these cities to release the digital
dividend fully. With the advantage of the digital economy, many cities have surpassed the
inflection point of the U-shaped relationship, with the digital economy had begun to exert
energy-saving effects and improve energy efficiency. In contrast, the level of the digital
economy in mid-western regions, low-level cities, and non-key urban agglomeration is
lower and is still in the stage of the energy rebound effect, which cannot improve energy
efficiency.

4.4. Moderating effects

First, this study examined how the change of moderating variables impacts the inflection
point. Table 8 presents the regression results of model 3, which show that the significance
of b1, b2, b3, and b4 is high, while (b1�b4-b2�b3) is less than 0. Therefore, using
regional innovation capacity and environmental regulation as moderating variables can
make the inflection point of the U-shaped relation shift left. In other words, by improv-
ing innovation ability and strengthening environmental regulation, the impact of the

Table 7. Heterogeneity of urban agglomeration.

Variables
See Mee See Mee

(1)Key (2)Key (5)Non-key (6)Non-key

De �1.011�(0.558) �1.406��(0.703) �1.432��(0.586) �7.750���(1.338)
De-squared 4.234�(2.281) 5.008��(2.344) 0.777(1.981) 16.653(15.524)

CV YES YES YES YES
City FE YES YES YES YES
Year FE YES YES YES YES

Observations 880 880 1870 1870
R-squared 0.354 0.347 0.326 0.302

Note: Robust standard errors in parentheses; ��� p< .01, �� p< .05, � p< .1.
Source: Author own derivations.

Table 8. The influence of moderating variables on inflection point.

Variables
See Mee See Mee
(1)Ina (2)Ina (3)Er (4)Er

De �0.508�(0.279) �0.381��(0.198) �0.716(0.743) �0.296(0.197)
De-squared 0.154��(0.076) 1.138���(0.396) 0.921��(0.429) 0.818��(0.368)
MV�De �0.482��(0.229) 0.251��(0.106) �0.193�(0.106) 0.227�(0.123)
MV�De-squared 1.363�(0.702) �0.235��(0.113) 0.801��(0.370) �0.094��(0.044)
CV YES YES YES YES
City FE YES YES YES YES
Year FE YES YES YES YES
Observations 2750 2750 2750 2750
R-squared 0.413 0.424 0.456 0.517
b1b4-b2b3 �0.618 �0.196 �0.396 �0.158

Note: Robust standard errors in parentheses; ��� p< .01, �� p< .05, � p< .1.
Source: Author own derivations.
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digital economy on energy efficiency can be transformed from inhibiting to promoting
at a lower level of digital economic development. In other words, innovation and envir-
onmental regulation will help the digital economy reach its carbon peak earlier.

Second, this study examined how the change of moderating variables affects the
shape of the curve on both sides of the inflection point. In other words, this study ana-
lysed the influence of regional innovation capacity and environmental regulation on the
curve shape on both sides of the inflection point. First, this study obtained the inflection
point based on the regression results of model (1). The inflection point is 0.119 when
the explained variable is single factor energy efficiency and 0.125 when it is total factor
energy efficiency. This study then substituted the data on both sides of the two energy
efficiency inflection points into models (5) and (6), the results of which are presented in
Tables 9 and 10, respectively.

Table 9. The influence of moderating variables on curve shape on both sides of the inflection
point (single factor energy efficiency).

Variables
(1)lnSee (2)lnSee (3)lnSee (4)lnSee (5)lnSee (6)lnSee
Left side Left side Left side Right side Right side Right side

De �0.870���
(0.239)

�1.013���
(0.294)

�0.415��
(0.204)

0.701���
(0.209)

0.613��
(0.287)

0.044�
(0.024)

Ina 0.141���
(0.043)

1.047���
(0.283)

Er 0.002�
(0.001)

0.116��
(0.051)

Ina�De 2.390���
(0.450)

0.070��
(0.033)

Er�De 0.005�
(0.003)

0.094��
(0.044)

CV YES YES YES YES YES YES
City FE YES YES YES YES YES YES
Year FE YES YES YES YES YES YES
Observations 2008 2008 2008 742 742 742
R-squared 0.351 0.394 0.372 0.328 0.346 0.367

Note: Robust standard errors in parentheses; ��� p< .01, �� p< .05, � p< .1.
Source: Author own derivations.

Table 10. The influence of moderating variables on curve shape on both sides of the inflection
point (total factor energy efficiency).

Variables
(1)Mee (2)Mee (3)Mee (4)Mee (5)Mee (6)Mee
Left side Left side Left side Right side Right side Right side

De �0.552���
(0.074)

�0.536��
(0.490)

�0.518
(0.391)

0.217�
(0.119)

0.261
(0.211)

0.902���
(0.298)

Ina 0.081�
(0.047)

0.130�
(0.065)

Er 0.017���
(0.006)

0.154��
(0.076)

Ina�De 0.078��
(0.043)

0.288���
(0.097)

Er�De 0.026�
(0.014)

0.353���
(0.081)

CV YES YES YES YES YES YES
City FE YES YES YES YES YES YES
Year FE YES YES YES YES YES YES
Observations 1994 1994 1994 756 756 756
R-squared 0.367 0.426 0.453 0.324 0.351 0.360

Note: Robust standard errors in parentheses; ��� p< .01, �� p< .05, � p< .1.
Source: Author own derivations.
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On the left side of the inflection point, where the digital economy values below the
inflection point, the coefficient on the digital economy in the regression results of
model (5) is significantly negative. In other words, the digital economy significantly
inhibits energy efficiency when below the inflection point. However, after adding the
interaction term of the digital economy and the moderating variable, the coefficient of
the interaction term of the model (6) is significantly positive, indicating that two mod-
erating variables—namely, regional innovation capacity and environmental regula-
tion—play a negative moderating role, weakening the negative impact of the digital
economy on energy efficiency.

On the right side of the inflection point, where the digital economy value is above
the inflection point, the coefficient of the digital economy in the regression result of
the model (5) is significantly positive. In other words, the digital economy signifi-
cantly improves energy efficiency after exceeding the inflection point. After adding
the interaction term of the digital economy and moderating variables in the model
(6), the coefficient of the interaction term is significantly positive. This implies that
regional innovation capacity and environmental regulation play a positive moderating
role, enhancing the positive impact of the digital economy on energy efficiency.

5. Discussion and conclusion

5.1. Conclusions and policy implications

This study established a research framework based on the Kuznets Environmental
Curve, incorporating both the digital economy and energy efficiency. Using panel data
from 275 Chinese cities, this study comprehensively analysed the impact of the digital
economy on energy efficiency. The findings of this study confirm the U-shaped relation
between the digital economy and energy efficiency, thus narrowing the gap in existing
research to some extent. This finding is also consistent with China’s ‘carbon peaking
and carbon neutrality goals. This study also showed how the relationship between the
digital economy and energy efficiency is clearly heterogeneous, varying from city to
city. More specifically, there is a U-shaped relation among eastern cities, high-level cit-
ies, and key urban agglomerations. Meanwhile, in mid-western cities, low-level cities,
and non-key urban agglomerations, the digital economy is still in the stage of the energy
rebound effect, reducing energy efficiency. One of the reasons for studying the relation-
ship between the digital economy and energy efficiency is to mitigate the energy
rebound effect and exploit the energy-saving effect of the digital economy. Therefore,
this study explored the moderating effects of innovation capability and environmental
regulation, finding that they can both play a good moderating role able to advance the
inflection point of the U-shaped relation, alleviate the energy rebound effect on the left
side, and enhance the energy saving effect on the right side.

The results of this study have some policy implications. First, the government should
vigorously and strategically develop the digital economy. Although the digital economy
has not improved energy efficiency in some areas, this aligns with the objective law.
With further development, the digital economy will finally cross the inflection point,
improve energy efficiency, and achieve a win-win situation of carbon emission reduc-
tion and economic development. Therefore, it remains necessary to strengthen the
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infrastructure construction of the digital economy, expand the application fields of the
digital economy, enhance the breadth and depth of the digital economy, and encourage
the digital transformation of enterprises. Second, all parties need to work together to
improve energy efficiency continuously. China’s endowment of coal resources means
that the country cannot simply replace coal with other energy sources in the short term.
Therefore, improving energy efficiency remains the only way to achieve the dual carbon
target. In this respect, high-emission enterprises’ green digital transformation activities
should be encouraged, the industrial structure should be optimized, and the develop-
ment of new energy should be promoted through macro-control. Third, it is necessary
to strengthen innovation. More specifically, the state should increase investment in
innovation, support the green innovation activities of research institutions and univer-
sities, provide tax concessions to enterprises that produce good green innovation
results, and actively guide social capital to invest in green enterprises. Fourth, environ-
mental regulation should be strengthened. To better achieve carbon reduction, the gov-
ernment should increase investment in environmental pollution control. Meanwhile,
regulators should strengthen law enforcement and resolutely crack down on illegal
emissions to ensure that enterprises stick to the bottom line and clarify the boundaries
of their production and market activities.

5.2. Limitations and future research

Like most empirical research, this study has some limitations. First, although this study
used data from 275 Chinese cities as its research sample, it did not obtain data for all
Chinese cities. As a result of the slow updating of data in some cities, this study only
collected data from 2010 to 2019 to ensure the integrity and consistency of data. Future
research should consider more cities and updated data to study the impact of the digital
economy. Second, this study selected indicators and measured the digital economy
index based on relevant information and literature. However, the definition and meas-
urement method of the digital economy may change in the future. Therefore, if there
are significant changes, future research needs to keep pace with the times and re-calcu-
late the digital economy index. Moreover, less data for the digital economy is available
at the city level compared to the provincial level. Consequently, the construction of the
city digital economy index is not as comprehensive and detailed as the provincial digital
economy index, with the latter comprising more dimensions (e.g., infrastructure, indus-
try digitization, digital industrialization, digital transactions, digital economy services,
and governance system). Should more data become available in the future, such as
digital governance and digital services, a more detailed digital economy indicator sys-
tem should be constructed accordingly. Third, this study examined the relationship
between the digital economy and energy efficiency using China as an example, thus
exposing this research to certain limitations. It is necessary to continue exploring how
the digital economy affects energy efficiency in other emerging countries, thus estab-
lishing the generalisability of the findings.
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Appendix A

Appendix B

The calculation steps of the SBM-GML method are as follows:

1. Assuming that each city is a decision-making unit and each decision making unit contains N
kinds of input factors, xin ¼ ðxi1, xi2, . . . , xiNÞ 2 Rþ

N , we can get M kinds of expected outputs,
yim ¼ ðyi1, yi2, . . . , yiMÞ 2 Rþ

M, and K kinds of unexpected outputs, bik ¼ ðbi1, bi2, . . . , biKÞ 2
Rþ
K : Accordingly, the global production possibility set is constructed as the following Equation:

PGðxÞ ¼ ðyt, btÞ : PT
t¼1
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(
(1)

2. For global SBM directional range function, ðxt, i, yt, i, bt, iÞ, ðgx, gy, gbÞ, and ðSxn, Sym, SbkÞ
denote the input-output, direction, and relaxation vectors, respectively, and zti is the
weight of each cross section. Therefore, the global SBM directional distance function can
be expressed as follows:

SGv ðxt, i, yt, i, bt, i, gx, gy, gbÞ ¼ max
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Sym � 0, 8m; sbi � 0, 8i

(2)

3. To calculate total factor energy efficiency, the GML index is the total factor energy effi-
ciency expressed in the following Equation:

Meetþ1
t ¼ GMLtþ1

t ¼ 1þ SGv ðxt , yt , bt , gx, gy, gbÞ
1þ SGv ðxtþ1, ytþ1, btþ1, gx, gy, gbÞ (3)

where SGv ð�Þ is the global directional distance function. The GML index measures the
dynamics of the Mee between two periods.

Table A1. Nomenclature interpretation.
Nomenclature Interpretation

Energy efficiency Including single factor energy efficiency and total factor energy efficiency
Single factor energy efficiency Proportion of GDP to traditional energy consumption
Total factor energy efficiency Calculated by SBM-GML method
Energy intensity Proportion of energy consumption to output
Carbon performance Proportion of output to carbon emissions or total factor carbon efficiency

calculated by the DEA method
ICT Information and communication technology

Source: Author own derivations.
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Appendix C

Table C1. Comprehensive index system of the digital economy.
Target level Standard level Index level Indicator attribute

Digital
economy

Digital
infrastructure

Mobile phone penetration rate Positive

Fixed telephone penetration rate Positive
Internet broadband penetration rate Positive
Digital financial digitization index Positive

Digitisation
of industry

Proportion of total telecommunications
business to GDP

Positive

Proportion of software business income
to GDP

Positive

Proportion of information practitioners Positive
Industrialization

of digital
Proportion of enterprises with e-commerce

trading activities
Positive

Proportion of e-commerce transaction
volume to GDP

Positive

Number of websites per 100 enterprises Positive
Per capita e-commerce sales Positive

Source: Author own derivations.
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