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Frontier studies have focused on the environmental performance of traditional
infrastructure, but have generally neglected the effects and mechanisms of digital
infrastructure on energy-environmental efficiency. This study attempts to use
fixed effect models and mediating effect model based on panel data from
30 provinces in China from 2010 to 2017 to assess the impact of digital
infrastructure on energy environmental efficiency and identify its mechanism.
The non-radial directional distance function is used to measure energy
environmental efficiency. The empirical results show that digital infrastructure
promotes energy-environmental efficiency, which remains robust after a series of
tests. Technological progress and energy industry advancement are the pathways
through which digital infrastructure affects energy-environmental efficiency.
Furthermore, we find that the positive effect of digital infrastructure on energy
and environmental efficiency is significant in the east and where factor mismatch
is high. Therefore, policymakers should develop digital technology and enact
various environmental policies to effectively increase the construction of digital
infrastructure, promote investment in technology research and development,
accelerate the energy technology progress, and improve energy efficiency.
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1 Introduction

With rapid economic growth, the country’s energy demand has been rapidly increasing,
leading to excessive reliance on coal and other fossil fuels. This has had a significant impact
on the environment, leading to pollution, greenhouse gas emissions, and other negative
consequences. Energy environmental efficiency is a core issue that is currently receiving
attention from both governments and society. In the context of global climate change and
resource scarcity, it has become increasingly important to use energy as efficiently as
possible, while also reducing negative impacts on the environment. In conclusion, the
growing interest in energy environmental efficiency research as a way to overcome the
resource curse represents a significant shift in scholarly focus and recognition of the
importance of sustainable development and environmental protection in the modern
economy.

With the development of digital technology, the rapid growth of the digital economy
supported by digital infrastructure construction provides potential for improving
environmental efficiency and achieving sustainable development. The Chinese
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government has put forward a plan to strengthen digital
infrastructure construction in recent years, aiming to promote
the development of digital economy and improve people’s
livelihood. Digital infrastructure construction is an important
strategic plan of the Chinese government, which includes many
aspects such as telecommunications, the Internet, big data, cloud
computing, and artificial intelligence. Digital infrastructure is a new
infrastructure system based on information network and combined
with the new generation of information technology, with new
technical and economic characteristics (Greenpeace, 2021).
Owing to its outstanding advantage in accelerating the
digitalization process of social economy, and realizing the
innovation of intelligent manufacturing and business operation
mode (Wen et al., 2022), digital infrastructure has become a new
driving force for sustainable economic growth.

However, the application of digital infrastructure has resulted in
increased energy consumption and climate change (Tang and Yang,
2023). Some literature has conducted relevant research on the
economic effects of digital infrastructure. Previous literature
provides diverse evidence between digital infrastructure and
environmental performance. One view suggests that information
and communication technology (ICT) or specific types of digital
infrastructure reduce carbon dioxide emissions and energy
consumption (Fuchs et al., 2020; Dong et al., 2022). While
another view suggests the opposite conclusion, which is that
digital infrastructure has a positive impact on energy
consumption and total carbon emissions (Zhou et al., 2019; Hao
et al., 2022; Tang and Yang, 2023). Therefore, there is no consensus
on the relationship between digital infrastructure and energy
consumption. Furthermore, previous literature has paid little
attention to the energy-environmental efficiency of digital
infrastructure. Given the complexity and interconnectedness of
the relationships between digital infrastructure and energy
environment efficiency, further research is needed to develop a
comprehensive understanding of these interactions. In addition,
the mechanism by which digital infrastructure affects energy
environment efficiency is poorly understood and represents a
significant research gap. In conclusion, there is a significant gap
in knowledge regarding the impact of digital infrastructure on
energy environment efficiency that needs to be addressed
through further research.

Indeed, the impact of digital infrastructure on energy-
environmental efficiency is a key topic of concern. Therefore, we
must quantitatively identify the different impacts and mechanisms
of digital infrastructure on energy and environmental efficiency
from multiple perspectives. We selected the panel data of
31 provinces in China from 2010 to 2017, and used multiple
regression models to investigate the effect, mechanism and
heterogeneity of digital infrastructure on energy and
environmental efficiency. It is worth mentioning that this study
discusses the mechanism of the impact of digital infrastructure on
energy and environmental efficiency based on technological
progress and energy industry advancement.

The main contributions of this study are as follows. First,
relevant studies have mainly examined the impact of the digital
finance on energy-environmental efficiency, but ignoring the impact
of digital infrastructure development on energy and environmental
efficiency. Although some studies have explored the relationship

between digital infrastructure and carbon dioxide emissions, the
impact of digital infrastructure on energy and environmental
efficiency has not yet been captured. Our study demonstrates the
impact of digital infrastructure on energy and environmental
efficiency from both theoretical and empirical perspectives,
indicating that our study proposes a new approach to achieving
sustainable energy development. Second, previous studies on the
mechanisms of environmental effects of telecommunications
infrastructure or a specific type of digital infrastructure have
mainly focused on government regulation or resident behavior,
etc. However, they ignored the structural and technological
progress effects of digital infrastructure on energy and
environmental efficiency. Third, this study creatively discusses
the regional heterogeneity and asymmetry of the impact of digital
infrastructure on energy-environmental efficiency due to the
differences in digital infrastructure and energy structure in
different regions. More specific and practical policies can lay a
solid policy support for the current improvement of energy-
environmental efficiency.

The remaining parts of the study is as follows: Section 2
describes the literature review. Section 3 presents the theoretical
analysis. Section 4 describes the empirical methods and data. Section
5 analyzes the empirical results. Section 6 presents the research
conclusions and policy suggestion.

2 Literature review

2.1 Effect of digital infrastructure

The new digital infrastructure is a fundamental project to
promote the continuous diffusion of emerging digital
technologies such as big data, Internet of Things, artificial
intelligence, blockchain, etc. The impact of the digital
infrastructure is multidimensional. The literature examines the
economic, energy and environmental impacts of certain types of
digital infrastructure and information and communication
technologies (Chen et al., 2021; Liu et al., 2021). Research on the
impact of digital infrastructure on the economy focuses on the
contribution of digital infrastructure to economic development. Wu
and Yu. (2022) conducted empirical analysis and found that the
digital economy has made an important contribution to China’s
economic growth and productivity improvement. Chen et al. (2022)
pointed out that artificial intelligence has a significant positive
impact on the upgrading of equipment manufacturing industry,
and technological innovation plays an intermediary role in the
process of artificial intelligence to enhance the upgrading ability
of equipment manufacturing. Li et al. (2023) used the data of listed
companies to confirm that AI application has significantly improved
the corporate innovation efficiency, and this effect is heterogeneous.

The impact of digital infrastructure on energy consumption and
pollution emissions has also been partially studied. On the one hand,
digital infrastructure is energy-intensive to some extent. Hintemann
(2020) highlighted that the rapid growth of the digital economy has
driven a significant increase in energy consumption of data
transmission, storage, computing, application and device
connectivity. Lange et al. (2020) analyzed the potential impact of
digitalization on energy consumption and found that the digital
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industry (ICT industry) increased energy demand. Usman et al.
(2021) analyze the relationship between information and
communication technology and energy use in South Asian
countries, and propose that the development of information and
communication technology industry can achieve rapid economic
growth in South Asia, but strengthen energy consumption. On the
other hand, digital infrastructure has a positive impact on improving
energy efficiency. Ishida. (2015) found that the investment in the
information and communication technology industry is conducive
to moderate reduction of energy use. Zhao et al. (2022) confirmed
that the development of information and communication
technology in emerging Asian economies can play a positive role
in improving energy efficiency. Xue et al. (2022) discussed the
impact of the digital economy on energy consumption, and
proposed that the digital economy is conducive to optimizing the
energy consumption structure.

2.2 Energy-environmental efficiency and
determinate factor

Energy-environmental efficiency is considered as a
comprehensive indicator to evaluate the relationship between
economic costs and environmental costs, wherein high energy-
environment indicates that the minimum use of natural
resources and environmental degradation will produce the
maximum economic output (Mickwitz et al., 2006).
Regarding the driving force of energy-environmental
efficiency, many studies focus on socio-economic factors
affecting energy-environmental efficiency, including
economic development (Guan and Xu, 2016; Zhang et al.,
2016; Moutinho et al., 2017), technological progress (Ai
et al., 2015; Cao et al., 2021; Zhu et al., 2021), industrial
policy (Zhang et al., 2020), and urbanization (Chen et al.,
2020). For example, Wu and Lin. (2022) demonstrated the
U-shaped relationship between environmental regulation and
energy-environmental efficiency in China using the Tobit
model and DEA model. Cao et al. (2021) revealed that digital
finance has promoted the improvement of China’s energy and
environmental performance, and technological innovation is
the intermediary mechanism for digital finance to affect the
energy environment. Zhang et al. (2020) emphasized that the
non-radial distance function is used to estimate the energy and
environmental efficiency, and tax incentives have a positive
impact on the energy and environmental efficiency of mining
enterprises.

Some literature focuses on the impact of technology and green
innovation. Ali et al. (2022) investigated the relationship between
FDI, green innovation, and carbon dioxide emissions and found that
green innovation plays a positive role in reducing emissions. Wen
et al. (2021) concluded that green innovation has a positive impact
on improving environmental quality. Hu et al. (2021) proposed that
energy use and trade openness increase carbon dioxide emissions
and damage the environment. Ali et al. (2023) have proposed to
develop green innovation markets, encourage foreign companies
with green technology, and strengthen the connection between FDI
and green technology innovation in China. Sattar. (2022)
emphasized the role of climate financing and technology transfer

in the framework of climate action needs. Zhang and Dilanchiev.
(2022) analyzed the factors that affect the efficiency of natural
resource utilization, including urbanization, industrial structure, etc.

In addition, some studies have explored the issue of renewable
energy and provided clues for this study. Abbas et al. (2022)
emphasized the importance of innovation and renewable energy
development related to the environment, as well as market
regulation, in reducing emissions and achieving green and
sustainable development. Hussain et al. (2021) focused on
governance as a factor hindering the growth of renewable energy.
Sun et al. (2023) proposed that green financing and renewable
energy are negatively correlated with carbon dioxide emissions in
the short term. Batool et al. (2022) emphasized the importance of
exploring renewable energy for energy poor areas.

2.3 Digital infrastructure and energy-
environmental efficiency

Driven by the digital economy, the relationship between
digitalization and energy efficiency has become a hot topic of
research (Hao et al., 2022). There are few literatures that directly
empirically investigate digital infrastructure and energy-
environmental efficiency. Currently, the literature pays more
attention to the impact of information and communication
technology (ICT) on energy consumption, and forms two
different views. One view is that the ecological effect of
information and communication technology can be summarized
into three stages: directly generating “electronic waste”, improving
energy efficiency and forming “rebound effect” (Hilty et al., 2006).
Another view is that the energy effect of ICT can be explained by
income and substitution effects (Takase and Murota, 2004). The
literatures closely related to the research topic of this study mainly
include: Fan et al. (2022) proposed that the new digital infrastructure
is conducive to promoting the transformation of energy structure,
and this positive effect is achieved through green total factor
productivity and green finance. Tang and Yang. (2023) discussed
the relationship between digital infrastructure and carbon dioxide
emissions, and found that digital infrastructure significantly
increased the total carbon emissions, per capita carbon emissions
and carbon intensity of Chinese cities, while digital infrastructure
inhibits urban carbon emission reduction and energy conservation
by inducing per capita energy consumption, total energy input,
marginal diminishing factor productivity gains and increasing
energy intensity.

2.4 Literature gaps

In summary, the above literature review provides valuable clues
for exploring the relationship between digital infrastructure and
energy-environmental efficiency. However, there is still room for
exploration of the impact of digital infrastructure on energy and
environmental efficiency. Firstly, in terms of research framework,
previous research has mainly focused on reducing or increasing
carbon emissions through the development of digital infrastructure
or information and communication technology, and currently no
unified results have been obtained. Secondly, in terms of mechanism
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research, empirical testing of the impact of digital infrastructure on
energy and environmental efficiency from the perspectives of
technological and structural effects is still relatively scarce.
Thirdly, in terms of research methods, the use of non-radial
directional distance function provides a more comprehensive and
accurate assessment of energy-environmental efficiency. Finally, the
above analysis also emphasizes the necessity of further research to
address knowledge gaps and identify the most effective strategies for
improving energy and environmental efficiency through digital
infrastructure construction.

3 Theoretical analysis

3.1 Direct effect of digital infrastructure on
energy-environmental efficiency

Digital infrastructure, owing to its advantages in the promotion and
application of digital technology, not only optimizes the government’s
environmental management policies, but also contributes to the
improvement of production processes, factor allocation and energy
efficiency of enterprises (Lin and Zhou, 2021; Liu et al., 2022; Wei
and Ullah, 2022). Digital infrastructure promotes the wide application of
digital technology in enterprise research and development, design,
manufacturing, market operation and management, optimizes energy
utilization technology and production process, improves energy
utilization efficiency and reduces energy consumption. Energy
enterprises relying on advanced digital technologies, deepen the
application of industrial Internet, big data, cloud computing, cloud
storage, artificial intelligence and other digital technologies to build
new forms of smart energy, and promote the realization of digital
operation and management in all aspects of the enterprise, which is
conducive to reducing energy consumption in the process of conversion
and transportation, achieving effective energy allocation and promoting
the realization of energy efficiency improvement. The construction of
digital infrastructure can effectively configure and monitor the
transaction, production, transportation and other processes of energy
and other production factors through technologies such as big data,
cloud computing and artificial intelligence, and build an energy network

through the interconnection system to distribute energy to the most
needed enterprises to prevent overcapacity and environmental pollution.
Digital infrastructure also realizes automation of energy production and
improves energy efficiency through intelligentmechanical equipment. In
addition, blockchain technology provides enterprises with open and
transparent energy information, which is conducive to obtaining more
detailed and accurate information about energy prices, production and
quality. At the same time, Internet of Things technology provides
convenience for enterprises to transport energy products and raw
materials, reduce internal transaction costs and transportation costs
related to energy, and improve energy efficiency.

Therefore, we present the first hypothesis.

H1. Digital infrastructure has a positive impact on energy-
environmental efficiency.

3.2 Indirect effect of digital infrastructure on
energy-environmental efficiency

3.2.1 Progressive effect
Digital infrastructure affects technological progress through

resource allocation and information support. On the one hand,
digital infrastructure accelerates the development of industrial
intelligence, drives the growth of high-tech industries, attracts
scientific and technological talents, and provides intelligence for
technological innovation through knowledge spillover effect. On the
other hand, the use of digital technologies provides an efficient and
intelligent information platform for innovation activities and promotes
the linked innovation spillover of information between different
production sectors. The enhancement of intelligence is conducive to
optimizing the division of labor and layout of production, and inducing
technological innovation in the fields of comprehensive energy
utilization, urban traffic management, pollutant reduction and
management through the intelligence of infrastructure in the fields
of energy, transportation, etc. Technological innovation plays an
important role in energy and energy-related fields, especially in
improving energy efficiency and environmental performance (Yan
et al., 2020; Baloch et al., 2022).

FIGURE 1
Research framework of digital infrastructure affecting energy-environmental efficiency.
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Thus, we present the second hypothesis.

H2. Digital infrastructure affects the technical progress, which in
turn affects energy-environmental efficiency.

3.2.2 Structure effect
Energy and environmental efficiency is used to measure the input-

output efficiency of desired and undesired outputs under certain input
conditions, which can better portray the balanced development of
regional economic growth and environmental governance. To this
end, energy and environmental efficiency is to ensure economic
output under the premise of minimizing inputs and non-desired
outputs. The digital infrastructure is formed by the evolution,
integration and iteration of the new generation of information
technology such as 5G network, Internet of Things, industrial
Internet, artificial intelligence, data center, etc. The digital
infrastructure system formed is the concrete representation of
network, computing power, new technology and other elements,
which can fully penetrate into the industrial chain. Specifically, this
study explains the impact of digital infrastructure on the energy industry
advancement from three processes: R&D design, manufacturing and
market matching. First, digital infrastructure has strong technical
attributes, and the integrated application of 5G networks, artificial
intelligence, industrial Internet and other general technologies can
optimize R&D mode, reduce R&D risks and costs, improve
innovation efficiency, and promote energy industry advancement.
Second, digital infrastructure facilitates the flow of energy elements,
accelerates the flow of energy industry elements to the high-end of the
value chain, and promotes the transformation of the energy industry.
Third, digital infrastructure reduces energy market demand matching
costs, expands matching range, and increases matching speed. The
upgrading of industrial structure has improved energy efficiency and
reduced resource waste (Wei and Shen, 2007; Zheng et al., 2023).

Thus, we present the third hypothesis.

H3. Digital infrastructure affects the energy industry advancement,
which in turn affects energy-environmental efficiency.

As a result, our study explain the energy-environmental
efficiency from the perspective of digital infrastructure. We
further explain the influencing mechanism of digital
infrastructure on energy-environmental efficiency, and tests the
heterogeneity. Figure 1 depicts the research framework.

4 Empirical methodology, data and
variables

4.1 Empirical method

Referring to Tang and Yang (2023), we constructed the
following benchmark regression model to capture the effect of
digital infrastructure on energy-environmental efficiency.

EEPi,t � λ0 + λ1Diginfi,t + λ2GDPi,t + λ3Indusi,t + λ4Fiscali,t

+λ5Fdii,t + λ6Trinfi,t + ui + δt + εit (1)
The indices i denotes province and t denotes year; Diginfi,t

is a comprehensive digital infrastructure index. EEPi,t is a

comprehensive energy-environmental efficiency index. The
core estimation coefficient λ1 reflects the overall effect of
digital infrastructure on energy-environmental efficiency. ui
reflects a province fixed effect, δt reflects time trends, and εit
is a random error. We also control for other relevant
socioeconomic drivers, including economic development,
industrial structure, fiscal expenditure, FDI and
transportation infrastructure.

Our research further constructs economic models to investigate
the mechanisms by which digital infrastructure affects energy-
environmental efficiency. Referring to the Sun et al. (2023), the
mechanism confirmation model is as follows:

Mechi,t � θ0 + θ1Diginfi,t + θ2GDPi,t + θ3Indusi,t + θ4Fiscali,t

+ θ5Fdii,t + θ6Trinfi,t + ui + δt + εit

(2)
EEPi,t � ω0 + ω1Diginfi,t + ω2Mechi,t + ω3GDPi,t + ω4Indusi,t

+ω5Fiscali,t + ω6Fdii,t + ω7Trinfi,t + ui + δt + εit (3)
where Mechi,t is a vector of mechanism variables. Other variables
are consistent with the basic model.

4.2 Variable definition

4.2.1 Estimation of digital infrastructure
We quantified the digital infrastructure (Diginf) index for each

province in four dimensions (as shown in Table 1): number of
domain names, Internet broadband access ports, cell phone
exchange capacity and length of long-distance optical cable line.
Specifically, the number of domain names is measured by the ratio of
the number of domain names to the population; the Internet
broadband access ports are measured by the ratio of the Internet
broadband access ports to the population; and the cell phone
exchange capacity is measured by the ratio of the cell phone
exchange capacity to the population. In this study, principal
component analysis is used to standardize and downscale the
indicators to finally obtain the digital infrastructure construction
index.

4.2.2 Estimation of energy-environmental
efficiency

This study uses the non-radial distance function to measure
energy-environmental efficiency. The input elements are capital
K, labor L and energy E; The desired output is Gross Domestic
Product Y; The unexpected output is the discharge of various
wastes in the production process, mainly including sulfur
dioxide S, smoke D and waste water W. Thus, the production
function is specified as:

P K, L, E( ) � Y, S,D,W( ): K, L, E, Y, S, D,W( ) ∈ T{ }

�

K, L, E, Y, S, D,W( ): ∑T
t�1
∑N
i�1
zitKit ≤K,∑T

t�1
∑N
i�1
zitLit ≤ L

∑T
t�1
∑N
i�1
zitEit ≤E,∑T

t�1
∑N
i�1
zitYit ≥Y,∑T

t�1
∑N
i�1
zitSit � S,

∑T
t�1
∑N
i�1
zitDit � D,∑T

t�1
∑N
i�1
zitWit � W,zit ≥ 0

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

⎫⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭
(4)
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Based on the principle of output expansion while minimizing
pollutant emissions, the non-radial directional distance function is
defined as follows:

�D K, L, E, Y, S, D,W;g( ) � sup wTβ: ( K, L, E, Y, S, D,W( ){
+g · diag β( )) ∈ P} (5)

where wT is the weight vector, β is a slack vector that can be
scaled up or down for each input-output variable, g denotes the
directional vector of input and output changes, diag(β) denotes the
diagonalization of the β vector.

Energy-environmental efficiency examines the maximum
proportion of energy inputs, the maximum proportion of
curtailment of undesired outputs, and the maximum
proportion of expansion of desired outputs, with constant
capital and labor inputs. Therefore, the weights of capital and
labor variables are set to 0, and the weights of other variables are
still assigned according to the principle that inputs, consensual
and non-consensual outputs are equally important, i.e., the
weight vector in the energy and environmental efficiency
index model is set as:

wT � 0, 0,
1
3
,
1
3
,
1
9
,
1
9
,
1
9

( ) (6)

The direction vector is set as:

g � 0, 0,−E, Y,−S,−D,−W( ) (7)
The linear programming problem is as follows:

�D K, L, E, Y, S, D,W( ) � max
1
3
βE +

1
3
βY + 1

9
βS +

1
9
βD + 1

9
βW{ }

s.t.∑T
t�1
∑N
i�1
zitKit ≤K,∑T

t�1
∑N
i�1
zitLit ≤ L,

∑T
t�1
∑N
i�1
zitEit ≤E − βEgE,∑T

t�1
∑N
i�1
zitYit ≥Y + βYgY,

∑T
t�1
∑N
i�1
zitSit � S − βSgS,∑T

t�1
∑N
i�1
zitDit � D − βDgD,∑T

t�1
∑N
i�1
zitWit

� W − βWgW,

zit ≥ 0, i � 1, 2, . . . , N, t � 1, 2, . . . , T且βE, βY, βS, βD, βW ≥ 0 (8)
The optimal solution of the relaxation variable is

βit
* � βpit,K, β

p
it,L, β

p
it,E, β

p
it,Y, β

p
it,S, β

p
it,D, β

p
it,w( )T (9)

The energy-environmental efficiency (EEP) model is as follows:

EEPit � 1
6

Yit/Eit

Yit + βpY,itYit( )/ Eit − βpE,itEit( ) + Yit/Sit
Yit + βpY,itYit( )/ Sit − βpS,itSit( )

+ Yit/Dit

Yit + βpY,itYit( )/ Dit − βpD,itDit( ) + Yit/Wit

Yit + βpY,itYit( )/ Wit − βpW,itWit( )

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝
⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

(10)

4.2.3 Control variables
1) economic development: GDP per capita is used to control the

economic development of each region; 2) industrial structure: the ratio
of non-agricultural value added to GDP is used to measure the
industrial structure; 3) fiscal expenditure: the ratio of fiscal
expenditure to GDP is used to measure fiscal expenditure; 4) FDI:
the ratio of foreign direct investment to population is used to measure
the FDI; and 5) transportation infrastructure: the weight is given
according to the freight density, that is wRail + Road, Where Road
is the mileage of highway, Rail is the mileage of railway, and w is the
ratio of railway freight density to highway freight density.

4.3 Data description

The sample data for this study are panel data for 30 provinces
and municipalities in China from 2010–2017. The selection of
2010 as the starting year is mainly limited by the availability of
data. The data sources for each variable involved in this study are
mainly the China Statistical Yearbook, the provincial statistical
yearbooks, the statistical database of the Ministry of Commerce
and the China Macroeconomic Database. Table 2 reports the
summary statistics of key variables that are used in this study.

Table 3 reports the correlation matrix, which is used to examine
whether thepredictors were multicollinear or not. According to the
results in Table 3, there is no multicollinearity problem.

TABLE 1 Comprehensive measurement system of digital infrastructure.

Indicators unit Meaning of indicators Indicator attributes

the number of domain names 10,000 units/10,000 people domain name resource allocation +

Internet broadband access ports million/10,000 people Internet hardware +

cell phone exchange capacity million/10,000 people Mobile communication hardware +

length of long-distance optical cable line 10,000 km Fiber optic infrastructure construction +

TABLE 2 Statistical descriptions of main variables.

Variable Obs Mean Std Dev Min Max

EEP 240 0.3911 0.2241 0.0890 1.0000

Diginf 240 −0.095 0.5815 −0.9800 2.1600

GDP 240 10.6930 0.4477 9.4818 11.7675

Indus 240 0.4423 0.0940 0.2861 0.8055

Fiscal 240 0.2417 0.1014 0.1058 0.6268

Fdi 240 2.1393 3.1992 0.0165 24.4070

Trinf 240 0.9668 0.5422 0.0892 2.5234
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5 Empirical analysis

5.1 Benchmark regression analysis

The core of empirical research is to analyze the impact of digital
infrastructure on energy-environmental efficiency. The benchmark
regression results are shown in columns (1)–(4) of Table 4. The
regression coefficient of digital infrastructure is significantly positive
at the 1% level, which shows that digital infrastructure plays a
significant role in promoting energy-environmental efficiency.
Digital infrastructure is widely used to compress time and space
restrictions on the flow of factors and resources, so that long-
distance spatial connections are no longer restricted, which leads
to more adequate regulation of capital flow, logistics and
information flow, and regulates and optimizes the allocation of
resource factors. The 5G, big data, artificial intelligence, Internet of
Things and other new generation of information technology and the
integration of the real economy to promote the digital
transformation of the energy industry, improve the efficiency of
energy and other utilization, reduce pollutant emissions, improve

the quality of the ecological environment and energy and
environmental efficiency.

The results of the impact of digital infrastructure on energy
environmental efficiency have been compared with previous research
findings, revealing some significant differences and similarities. First,
previous researchmainly focused on the relationship between the digital
infrastructure and energy structure. Fan et al. (2022) have paid attention
to the transformation of energy structure and proposed that digital
infrastructure has promoted the transformation of energy structure, and
green total factor productivity and green finance have played an
important role in this promotion effect. Our study means that
digital infrastructure can improve energy-environmental efficiency
and achieve sustainable development. In other words, our finding is
consistent with Du et al. (2023) that the digital infrastructure
construction has effectively carbon emission efficiency. Indeed, there
is a study that proposes conclusions with opposite meanings from ours.
Tang and Yang. (2023) summarized that digital infrastructure has
ultimately promoted total carbon dioxide emissions by increasing
per capita energy consumption and energy intensity.

5.2 Analysis of mechanism verification

5.2.1 Progressive effect
To test whether digital infrastructure promotes energy-

environmental efficiency by affecting the technological progress,
we selected the total factor productivity as an index to reflect the
technological progress. The empirical results are reported in Table 5.
We find that the coefficient of digital infrastructure is positive in
column (1), and the estimated coefficient passed, indicating that
there is a positive correlation between digital infrastructure and
technological progress. That is, the technological progress has
improved energy-environmental efficiency, which has been
proved. This may be because the digital infrastructure not only

TABLE 3 Correlation matrix.

EEP Diginf GDP Indus Fiscal Fdi Trinf

EEP 1.0000 — — — — — —

Diginf 0.6305 1.0000 — — — — —

GDP 0.7345 0.7206 1.0000 — — — —

Indus 0.7079 0.6719 0.6087 1.0000 — — —

Fiscal −0.3866 −0.0843 −0.4130 −0.0160 1.0000 — —

Fdi 0.6214 0.3159 0.6469 0.5376 −0.2528 1.0000 —

Trinf 0.5539 0.1590 0.5099 0.4155 −0.5635 0.5912 1.0000

TABLE 4 Regression of digital infrastructure on energy-environmental efficiency.

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

Diginf 0.1844*** (0.018) 0.0755* (0.042) 0.0999*** (0.034) 0.0945** (0.037)

GDP — — −0.0085 (0.042) −0.0912 (0.121)

Indus — — 0.7636** (0.290) 0.2414 (0.284)

Fiscal — — −0.6735* (0.369) −0.5713 (0.478)

Fdi — — 0.0113* (0.006) 0.0125** (0.006)

Trinf — — 0.3430** (0.160) 0.3107* (0.161)

constant 0.4087*** (0.002) 0.3455*** (0.033) −0.0394 (0.444) 1.0329 (1.252)

Time FE N Y N Y

Province FE Y Y Y Y

Observations 0.599 0.708 0.693 0.755

R-Squared 240 240 240 240

Note: * indicates significance at the 10% level; ** indicates significance at the 5% level; *** indicates significance at the 1% level; T-statistics are reported in parentheses.
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has the same public service functions as traditional infrastructure,
but also integrates 5G, Internet of Things, big data, artificial
intelligence, satellite internet and other new generation
technologies, which can not only promote the flow and sharing
of technology between enterprises and regions, but also can
effectively reduce the cost and time of enterprise research and
development and stimulate technological progress. According to
the column (2) of Table 5, the regression coefficient of digital
infrastructure is significantly negative at the 1% level, and the
regression coefficient of technological progress is significantly
positive at the 10% level. Therefore, we quantify the contribution
of progress effects to energy and environmental efficiency in the
context of digital infrastructure development and provide additional
insights on how digital infrastructure affects energy-environmental
efficiency through technological progress.

5.2.2 Structure effect
We examined the accumulation effect on energy-

environmental efficiency by introducing energy industry
advancement. In the same way, to test whether digital
infrastructure promotes energy-environmental efficiency by
affecting the energy industry advancement, we selected the
proportion of industrial added value to GDP to measure the
energy industry advancement. The empirical results are reported
in Table 5. We find that the coefficient of digital infrastructure is
significantly positive at the 5% level in column (3). The estimates
show that the digital infrastructure contributes positively to the
improve the energy industry advancement. Influenced by the
high permeability of digital technology, digital infrastructure has
spillover effects in the creation of new industrial models,
technological innovation and high value-added flow of factors.
The positive externalities generated by digital infrastructure will
boost the investment demand of enterprises and consumers,
strongly promote the integration of energy consumption
markets, induce a large amount of investment into the

downstream market of energy industry, and drive the
development of energy industry structure in the direction of
advanced. According to the column (4) of Table 5, the regression
coefficient of digital infrastructure is significantly negative at the
1% level, and the regression coefficient of energy industry
advancement is significantly positive at the 10% level. That is,
the energy industry advancement has improved energy and
environmental efficiency, which has been proved.

5.3 Heterogeneity analysis

We observe regional differences in the effect of digital
infrastructure on energy-environmental efficiency. The study
divides the whole samples into three groups: the eastern region,
and the central and western regions according to the China
Statistical Yearbook. The results of regional heterogeneity are
shown in Table 6. The results show that the effect of digital
infrastructure on energy-environmental efficiency is significant in
the eastern region, that is, the digital infrastructure improve the
improvement of energy-environmental efficiency the eastern region.
The promotion effect of digital infrastructure on energy and
environmental efficiency is not significant in the central and
western regions.

Table 6 reports the test results of the heterogeneity of factor
allocation. Among them, the regression coefficient of digital
infrastructure in areas with low factor mismatch is not
significant, while the regression coefficient of digital
infrastructure in areas with high factor mismatch is 0.8, which is
significant at the statistical level of 5%. This shows that for regions
with low factor allocation efficiency, digital infrastructure
construction can accelerate the optimal allocation of factors,
while for regions with high factor allocation efficiency, digital
infrastructure has a limited role in promoting energy and
environmental efficiency. Areas with a high degree of factor

TABLE 5 Mechanism verification.

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

Diginf 0.0483** (0.024) 0.0614* (0.034) 0.0158* (0.009) 0.0678** (0.032)

technological progress — 0.6857* (0.367) — —

energy industry advancement — — — 1.6897*** (0.372)

GDP −0.0681 (0.063) −0.0445 (0.115) 0.0391 (0.025) −0.1574 (0.122)

Indus −0.1971 (0.173) 0.3766 (0.276) −0.8830*** (0.099) 1.7334*** (0.405)

Fiscal −0.1913 (0.197) −0.4401 (0.499) 0.0747 (0.080) −0.6975 (0.427)

Fdi 0.0021 (0.002) 0.0111* (0.006) 0.0010 (0.001) 0.0108 (0.007)

Trinf 0.0783 (0.061) 0.2570* (0.147) 0.0612 (0.046) 0.2072 (0.147)

constant 0.8299 (0.717) 0.4639 (1.237) 0.3092 (0.258) 0.5104 (1.272)

Time FE Y Y Y Y

Province FE Y Y Y Y

Observations 0.544 0.781 0.945 0.783

R-Squared 240 240 240 240

Note: * indicates significance at the 10% level; ** indicates significance at the 5% level; *** indicates significance at the 1% level; T-statistics are reported in parentheses.
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mismatch have great room for improvement in the optimal
allocation of energy industry factors. The construction of digital
infrastructure can accelerate the upgrading of the energy industry to
the high end of the value chain, enhance the advanced allocation
ability of the flow of energy industry elements, and improve the
energy-environmental efficiency.

5.4 Robustness test

5.4.1 Analysis of endogeneity issues
Furthermore, in order to alleviate the possibility of

bidirectional causality in regression, this study conducted
regression with digital infrastructure lagging behind by one
order, and the results are shown in Table 7. As shown in
column (1) of Table 7, the digital infrastructure with a lag
order has a significant positive effect on energy and
environmental efficiency, which also further confirms that the
impact of digital infrastructure construction has a lag effect. To
further alleviate the estimation bias caused by the endogeneity of
variables, this article uses the first-order lag of digital infrastructure
as a tool variable for two-stage least squares estimation. The results
are shown in column (2) of Table 7, and it can be found that the
conclusion has not changed significantly.

5.4.2 Excluding cities directly under the central
government

In order to exclude the bias of the estimation results caused by
the difference of regional economic development and to enhance the
universality of the results of the impact of digital infrastructure on
energy and environmental efficiency, and considering that the cities
directly under the central government (Beijing, Tianjin, Shanghai
and Chongqing) are more economically developed and have
advantages in the development of digital economy and the
quality of technical personnel, the sample data of cities directly
under the central government are excluded from this paper, and the
further estimation results are shown in Table 8. The estimation
results show that the positive effect of digital infrastructure on
energy and environmental efficiency is significant at the 1% level,
and the estimation results of this study are well robust, which is
consistent with the expectation.

5.4.3 Replacing explained variables
Considering that the core explanatory variables may have

measurement bias, this study takes the number of Internet
domain names as a replacement variable for digital infrastructure
from the perspective of industry digitization. Internet domain
names, as a key basic resource of the Internet, reflect the scale of
network development and the popularity of the Internet industry in

TABLE 6 Heterogeneity analysis result.

(1) (2) (3) (4) (5)

eastern central region western region high factor mismatch low factor mismatch

Diginf 0.1197** (0.053) 0.0791 (0.082) 0.0182 (0.033) 0.0707** (0.029) 0.0597 (0.052)

Control Y Y Y Y Y

constant −2.2989 (3.418) −3.7482 (2.365) 1.0696 (1.057) 4.1848** (1.519) −3.6799** (1.523)

Time FE Y Y Y Y Y

Province FE Y Y Y Y Y

Observations 0.763 0.920 0.859 0.899 0.827

R-Squared 88 64 88 96 144

Note: * indicates significance at the 10% level; ** indicates significance at the 5% level; *** indicates significance at the 1% level; T-statistics are reported in parentheses.

TABLE 7 Analysis results of endogeneity issues.

(1) (2)

Diginf — 0.1405*** (0.036)

L.Diginf 0.0842** (0.041) —

Control Y Y

constant 0.5362 (1.387) 1.0618 (0.9083)

Time FE Y Y

Province FE Y Y

Observations 0.751 0.953

R-Squared 240 240

Note: * indicates significance at the 10% level; ** indicates significance at the 5% level; *** indicates significance at the 1% level; T-statistics are reported in parentheses.
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the digital era. The corresponding regression results are shown in
Table 8. The coefficient of the effect of the replaced digital
infrastructure variable on energy-environmental efficiency is still
significantly positive, which is consistent with the estimated results
obtained from the previously used measures.

6 Conclusions and implications

Digital infrastructure has become an important engine to
promote the structural transformation of traditional industries
and the development of innovative industries. The relationship
between digital infrastructure and environmental performance is
also of great interest. In the context of China’s accelerated layout
of digital infrastructure, we quantitatively identify the different
impacts and mechanisms of digital infrastructure on energy and
environmental efficiency from multiple perspectives. We selected
the panel data of 31 provinces in China from 2010 to 2017, and
used multiple regression models to investigate the effect,
mechanism and heterogeneity of digital infrastructure on
energy and environmental efficiency. The findings of the study
are as follows: First, the digital infrastructure promotes energy-
environmental efficiency, which remains robust after a series of
tests. We also found that the impact of digital infrastructure on
energy and environmental efficiency has a lag effect. Second,
technological progress and energy industry advancement are the
pathways through which digital infrastructure affects energy-
environmental efficiency. Furthermore, we find that the positive
effect of digital infrastructure on energy and environmental
efficiency is significant in the east and where factor mismatch
is high.

Based on the findings of this study, the following policy
implications were obtained.

The promotion effect of digital infrastructure construction on
energy and environmental efficiency has been effectively verified.
Therefore, it is necessary to comprehensively deploy and
accelerate the construction of digital infrastructure, improve
energy and environmental efficiency, and promote green
development. To this end, first, the government should
increase the capital, labor and technology investment in digital
infrastructure construction to enhance the scale of regional

digital infrastructure construction; Second, we should
accelerate the cultivation of artificial intelligence, big data,
cloud computing and other digital technologies, deepen the
market value of digital technology, and improve the service
effect of digital infrastructure construction; Third, we should
use digital infrastructure inputs to improve the automation and
digitization of production processes and energy use, and
effectively improve the efficiency of energy resource use. In
addition, we need to accelerate the integrated development
and widespread use of digital infrastructure inputs and
environmentally friendly technologies to digitally innovate
energy management and use, and strengthen digitalization in
the energy sector.

Based on the differential characteristics of regional resource
endowment and factor allocation of energy industry, the optimal
resource allocation mechanism of digital infrastructure construction
is given full play. The research results show that digital infrastructure
plays a stronger role in the eastern region and the region with low
factor allocation efficiency. Therefore, the government should
formulate targeted policies and plans for the construction of
digital infrastructure, meet the actual needs of regional
development, reasonably allocate the production materials for
digital infrastructure construction, so as to reduce environmental
pollution and improve energy efficiency.

We need to use digital infrastructure inputs to promote
energy technology advancement and efficiency improvement.
Firstly, the development of high-end energy industry should
be accelerated, and the transformation and upgrading of the
energy industry structure should be promoted by making full use
of digital infrastructure inputs. Secondly, we should make full use
of digital infrastructure investment to enhance the technological
innovation capacity of the energy industry, and promote the
energy industry to speed up the renewal of technical equipment
and process optimization and upgrading. Thirdly, we should
enhance investment in science and technology innovation,
increase the exchange of talents and technical cooperation in
digital infrastructure construction, focus on the core digital
frontier and disruptive innovation technologies, strengthen the
exchange and cooperation of digital talents and technologies
between regions, alleviate the imbalance of regional digital
infrastructure construction.

TABLE 8 Robustness test result.

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

Diginf 0.0976** (0.035) 0.0889** (0.035) — —

substitute variables — — 0.2535*** (0.066) 0.2412** (0.094)

Control Y Y Y Y

constant 0.0102 (0.432) −0.2270 (1.030) −0.2896 (0.364) 0.9313 (1.239)

Time FE Y Y Y Y

Province FE Y Y Y Y

Observations 0.720 0.815 0.691 0.752

R-Squared 208 208 240 240

Note: * indicates significance at the 10% level; ** indicates significance at the 5% level; *** indicates significance at the 1% level; T-statistics are reported in parentheses.
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There are several aspects worth further exploration in the future
of this research. Firstly, more mechanisms can be explored to explain
the impact of digital infrastructure on energy and environmental
efficiency from different perspectives. Second, this study provides a
detailed explanation of the heterogeneity of the impact of digital
infrastructure on energy and environmental efficiency under
different conditions, and provides corresponding policy insights.
In the future, the impact of digital infrastructure on energy and
environmental efficiency can be quantified from a more microscopic
perspective, providing more specific corporate behavior.

Data availability statement

The original contributions presented in the study are included in
the article/supplementary materials, further inquiries can be
directed to the corresponding author.

Author contributions

XS: Conceptualization, Data curation, Formal Analysis, Funding
acquisition, Methodology, Project administration, Resources,
Software, Supervision, Visualization, Writing–original draft,
Writing–review and editing.

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. This study is
supported by the Natural Science Foundation of Fujian
(2021J011036); Annual Project of the 2022 Fujian Province Xi
Jinping New Era Chinese Characteristics Socialist Thought
Research Center Project (FJ2022XZB037); Research Project of
Fashu Foundation (MFS23005).

Conflict of interest

The author declares that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors and
do not necessarily represent those of their affiliated organizations, or
those of the publisher, the editors and the reviewers. Any product that
may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

References

Abbas, S., Gui, P., Chen, A., and Ali, N. (2022). The effect of renewable energy
development, market regulation, and environmental innovation on CO2 emissions in
BRICS countries. Environ. Sci. Pollut. Res. 29 (39), 59483–59501. doi:10.1007/s11356-
022-20013-7

Ai, H., Deng, Z., and Yang, X. (2015). The effect estimation and channel testing of the
technological progress on China’s regional environmental performance. Ecol. Indic. 51,
67–78. doi:10.1016/j.ecolind.2014.09.039

Ali, N., Phoungthong, K., Khan, A., Abbas, S., Dilanchiev, A., Tariq, S., et al. (2023).
Does FDI foster technological innovations? Empirical evidence from BRICS economies.
Plos one 18 (3), e0282498. doi:10.1371/journal.pone.0282498

Ali, N., Phoungthong, K., Techato, K., Ali, W., Abbas, S., Dhanraj, J. A., et al. (2022).
FDI, Green innovation and environmental quality nexus: new insights from BRICS
economies. Sustainability 14 (4), 2181. doi:10.3390/su14042181

Baloch, M. A., Danish, R., and Qiu, Y. (2022). Does energy innovation play a role in
achieving sustainable development goals in BRICS countries? Environ. Technol. 43 (15),
2290–2299. doi:10.1080/09593330.2021.1874542

Batool, K., Zhao, Z. Y., Atif, F., and Dilanchiev, A. (2022). Nexus between energy
poverty and technological innovations: a pathway for addressing energy sustainability.
Front. Environ. Sci. 10, 888080. doi:10.3389/fenvs.2022.888080

Cao, S., Nie, L., Sun, H., Sun, W., and Taghizadeh-Hesary, F. (2021). Digital finance,
green technological innovation and energy-environmental performance: evidence from
China’s regional economies. J. Clean. Prod. 327, 129458. doi:10.1016/j.jclepro.2021.
129458

Chen, C., Hu, Y., Karuppiah, M., and Kumar, P. M. (2021). Artificial intelligence on
economic evaluation of energy efficiency and renewable energy technologies. Sustain.
Energy Technol. Assessments 47, 101358. doi:10.1016/j.seta.2021.101358

Chen, Y., Liu, K., and Ni, L. (2022). Understanding Chinese energy-environmental
efficiency: performance, decomposition, and strategy. Environ. Sci. Pollut. Res. 30 (7),
17342–17359. doi:10.1007/s11356-022-23316-x

Chen, Y., Zhu, Z., and Yu, X. I. (2020). How urbanization affects energy-environment
efficiency: evidence from China. Singap. Econ. Rev. 65 (06), 1401–1422. doi:10.1142/
s0217590820500447

Dong, F., Li, Y., Qin, C., Zhang, X., Chen, Y., Zhao, X., et al. (2022). Information
infrastructure and greenhouse gas emission performance in urban China: a difference-
in-differences analysis. J. Environ. Manag. 316, 115252. doi:10.1016/j.jenvman.2022.
115252

Du, Y., Zhou, J., Bai, J., and Cao, Y. (2023). Breaking the resource curse: the
perspective of improving carbon emission efficiency based on digital infrastructure
construction. Resour. Policy 85, 103842. doi:10.1016/j.resourpol.2023.103842

Fan, L., Zhang, Y., Jin, M., Ma, Q., and Zhao, J. (2022). Does new digital infrastructure
promote the transformation of the energy structure? The perspective of China’s energy
industry chain. Energies 15 (23), 8784. doi:10.3390/en15238784

Fuchs, H., Shehabi, A., Ganeshalingam, M., Desroches, L. B., Lim, B., Roth, K., et al.
(2020). Comparing datasets of volume servers to illuminate their energy use in data
centers. Energy Effic. 13, 379–392. doi:10.1007/s12053-019-09809-8

Greenpeace (2021). Decarbonizing China’s digital infrastructure: data centers and 5G
carbon reduction potential and challenges (2020-2035). Avaliable At: https://www.
greenpeace.org/static/planet4-eastasia-stateless/2021/05/a5886d59-china-5g-and-data-
centercarbon-emissions-outlook-2035-english.pdf.

Guan,W., and Xu, S. (2016). Study of spatial patterns and spatial effects of energy eco-
efficiency in China. J. Geogr. Sci. 26, 1362–1376. doi:10.1007/s11442-016-1332-x

Hao, Y., Li, Y., Guo, Y., Chai, J., Yang, C., and Wu, H. (2022). Digitalization and
electricity consumption: does internet development contribute to the reduction in
electricity intensity in China? Energy Policy 164, 112912. doi:10.1016/j.enpol.2022.
112912

Hilty, L. M., Arnfalk, P., Erdmann, L., Goodman, J., Lehmann, M., and Wäger, P. A.
(2006). The relevance of information and communication technologies for
environmental sustainability–a prospective simulation study. Environ. Model. Softw.
21 (11), 1618–1629. doi:10.1016/j.envsoft.2006.05.007

Hintemann, R. (2020). Efficiency gains are not enough: data center energy
consumption continues to rise significantly. Berlin: Borderstep Inst. für Innovation
und Nachhaltigkeit gGmbH.

Hu, X., Ali, N., Malik, M., Hussain, J., Fengyi, J., and Nilofar, M. (2021). Impact
of economic openness and innovations on the environment: a new look into
ASEAN countries. Pol. J. Environ. Stud. 30 (4), 3601–3613. doi:10.15244/pjoes/
130898

Hussain, J., Zhou, K., Muhammad, F., Khan, D., Khan, A., Ali, N., et al. (2021).
Renewable energy investment and governance in countries along the belt and Road
Initiative: does trade openness matter? Renew. Energy 180, 1278–1289. doi:10.1016/j.
renene.2021.09.020

Ishida, H. (2015). The effect of ICT development on economic growth and energy
consumption in Japan. Telematics Inf. 32 (1), 79–88. doi:10.1016/j.tele.2014.04.003

Frontiers in Energy Research frontiersin.org11

Sun 10.3389/fenrg.2023.1277333

https://doi.org/10.1007/s11356-022-20013-7
https://doi.org/10.1007/s11356-022-20013-7
https://doi.org/10.1016/j.ecolind.2014.09.039
https://doi.org/10.1371/journal.pone.0282498
https://doi.org/10.3390/su14042181
https://doi.org/10.1080/09593330.2021.1874542
https://doi.org/10.3389/fenvs.2022.888080
https://doi.org/10.1016/j.jclepro.2021.129458
https://doi.org/10.1016/j.jclepro.2021.129458
https://doi.org/10.1016/j.seta.2021.101358
https://doi.org/10.1007/s11356-022-23316-x
https://doi.org/10.1142/s0217590820500447
https://doi.org/10.1142/s0217590820500447
https://doi.org/10.1016/j.jenvman.2022.115252
https://doi.org/10.1016/j.jenvman.2022.115252
https://doi.org/10.1016/j.resourpol.2023.103842
https://doi.org/10.3390/en15238784
https://doi.org/10.1007/s12053-019-09809-8
https://www.greenpeace.org/static/planet4-eastasia-stateless/2021/05/a5886d59-china-5g-and-data-centercarbon-emissions-outlook-2035-english.pdf
https://www.greenpeace.org/static/planet4-eastasia-stateless/2021/05/a5886d59-china-5g-and-data-centercarbon-emissions-outlook-2035-english.pdf
https://www.greenpeace.org/static/planet4-eastasia-stateless/2021/05/a5886d59-china-5g-and-data-centercarbon-emissions-outlook-2035-english.pdf
https://doi.org/10.1007/s11442-016-1332-x
https://doi.org/10.1016/j.enpol.2022.112912
https://doi.org/10.1016/j.enpol.2022.112912
https://doi.org/10.1016/j.envsoft.2006.05.007
https://doi.org/10.15244/pjoes/130898
https://doi.org/10.15244/pjoes/130898
https://doi.org/10.1016/j.renene.2021.09.020
https://doi.org/10.1016/j.renene.2021.09.020
https://doi.org/10.1016/j.tele.2014.04.003
https://www.frontiersin.org/journals/energy-research
https://www.frontiersin.org
https://doi.org/10.3389/fenrg.2023.1277333


Lange, S., Pohl, J., and Santarius, T. (2020). Digitalization and energy consumption.
Does ICT reduce energy demand? Ecol. Econ. 176, 106760. doi:10.1016/j.ecolecon.2020.
106760

Li, C., Xu, Y., Zheng, H., Wang, Z., Han, H., and Zeng, L. (2023). Artificial intelligence,
resource reallocation, and corporate innovation efficiency: evidence from China’s listed
companies. Resour. Policy 81, 103324. doi:10.1016/j.resourpol.2023.103324

Lin, B., and Zhou, Y. (2021). Does the Internet development affect energy and carbon
emission performance? Sustain. Prod. Consum. 28, 1–10. doi:10.1016/j.spc.2021.03.016

Liu, J., Liu, L., Qian, Y., and Song, S. (2022). The effect of artificial intelligence on
carbon intensity: evidence from China’s industrial sector. Socio-Economic Plan. Sci. 83,
101002. doi:10.1016/j.seps.2020.101002

Liu, L., Yang, K., Fujii, H., and Liu, J. (2021). Artificial intelligence and energy
intensity in China’s industrial sector: effect and transmission channel. Econ. Analysis
Policy 70, 276–293. doi:10.1016/j.eap.2021.03.002

Mickwitz, P., Melanen, M., Rosenström, U., and Seppälä, J. (2006). Regional eco-
efficiency indicators–a participatory approach. J. Clean. Prod. 14 (18), 1603–1611.
doi:10.1016/j.jclepro.2005.05.025

Moutinho, V., Madaleno, M., and Robaina, M. (2017). The economic and
environmental efficiency assessment in EU cross-country: evidence from DEA and
quantile regression approach. Ecol. Indic. 78, 85–97. doi:10.1016/j.ecolind.2017.02.042

Sattar, U. (2022). A conceptual framework of climate action needs of the least
developed party countries of the Paris Agreement. Int. J. Environ. Res. Public Health 19
(16), 9941. doi:10.3390/ijerph19169941

Sun, G., Li, G., Dilanchiev, A., and Kazimova, A. (2023). Promotion of green
financing: role of renewable energy and energy transition in China. Renew. Energy
210, 769–775. doi:10.1016/j.renene.2023.04.044

Takase, K., and Murota, Y. (2004). The impact of IT investment on energy: japan and
US comparison in 2010. Energy Policy 32 (11), 1291–1301. doi:10.1016/s0301-4215(03)
00097-1

Tang, K., and Yang, G. (2023). Does digital infrastructure cut carbon emissions in
Chinese cities? Sustain. Prod. Consum. 35, 431–443. doi:10.1016/j.spc.2022.11.022

Usman, A., Ozturk, I., Hassan, A., Zafar, S. M., and Ullah, S. (2021). The effect of ICT
on energy consumption and economic growth in South Asian economies: an empirical
analysis. Telematics Inf. 58, 101537. doi:10.1016/j.tele.2020.101537

Wei, C., and Shen, M. H. (2007). Energy efficiency and its influencing factors: an empirical
analysis based on DEA. Manag. World 8, 66–76. doi:10.19744/j.cnki.11-1235/f.2007.08.009

Wei, L., and Ullah, S. (2022). International tourism, digital infrastructure, and
CO2 emissions: fresh evidence from panel quantile regression approach. Environ.
Sci. Pollut. Res. 29 (24), 36273–36280. doi:10.1007/s11356-021-18138-2

Wen, H., Zhong, Q., and Lee, C. C. (2022). Digitalization, competition strategy
and corporate innovation: evidence from Chinese manufacturing listed

companies. Int. Rev. Financial Analysis 82, 102166. doi:10.1016/j.irfa.2022.
102166

Wen, J., Ali, W., Hussain, J., Khan, N. A., Hussain, H., Ali, N., et al. (2021). Dynamics
between green innovation and environmental quality: new insights into South Asian
economies. Econ. Polit. 39, 543–565. doi:10.1007/s40888-021-00248-2

Wu, H. X., and Yu, C. (2022). The impact of the digital economy on China’s economic
growth and productivity performance. China Econ. J. 15 (2), 153–170. doi:10.1080/
17538963.2022.2067689

Wu, R., and Lin, B. (2022). Environmental regulation and its influence on energy-
environmental performance: evidence on the Porter Hypothesis from China’s iron and
steel industry. Resour. Conservation Recycl. 176, 105954. doi:10.1016/j.resconrec.2021.
105954

Xue, Y., Tang, C., Wu, H., Liu, J., and Hao, Y. (2022). The emerging driving force of
energy consumption in China: does digital economy development matter? Energy Policy
165, 112997. doi:10.1016/j.enpol.2022.112997

Yan, Z., Zou, B., Du, K., and Li, K. (2020). Do renewable energy technology
innovations promote China’s green productivity growth? Fresh evidence from
partially linear functional-coefficient models. Energy Econ. 90, 104842. doi:10.1016/j.
eneco.2020.104842

Zhang, J., Zeng, W., and Shi, H. (2016). Regional environmental efficiency in China:
analysis based on a regional slack-based measure with environmental undesirable
outputs. Ecol. Indic. 71, 218–228. doi:10.1016/j.ecolind.2016.04.040

Zhang, Y., and Dilanchiev, A. (2022). Economic recovery, industrial structure and
natural resource utilization efficiency in China: effect on green economic recovery.
Resour. Policy 79, 102958. doi:10.1016/j.resourpol.2022.102958

Zhang, Y., Li, X., Jiang, F., Song, Y., and Xu, M. (2020). Industrial policy, energy and
environment efficiency: evidence from Chinese firm-level data. J. Environ. Manag. 260,
110123. doi:10.1016/j.jenvman.2020.110123

Zhao, S., Hafeez, M., and Faisal, C. M. N. (2022). Does ICT diffusion lead to
energy efficiency and environmental sustainability in emerging Asian
economies? Environ. Sci. Pollut. Res. 2022, 12198–12207. doi:10.1007/s11356-
021-16560-0

Zheng, X., Ye, Z., and Fang, Z. (2023). Analysis on the influence of industrial structure
on energy efficiency in China: based on the spatial econometric model. Int. J. Environ.
Res. Public Health 20 (3), 2134. doi:10.3390/ijerph20032134

Zhou, X., Zhou, D., Wang, Q., and Su, B. (2019). How information and
communication technology drives carbon emissions: a sector-level analysis for
China. Energy Econ. 81, 380–392. doi:10.1016/j.eneco.2019.04.014

Zhu, Y., Wang, Z., and Zhu, L. (2021). Does technological innovation improve
energy-environmental efficiency? New evidence from China’s transportation
sector. Environ. Sci. Pollut. Res. 28, 69042–69058. doi:10.1007/s11356-021-
15455-4

Frontiers in Energy Research frontiersin.org12

Sun 10.3389/fenrg.2023.1277333

https://doi.org/10.1016/j.ecolecon.2020.106760
https://doi.org/10.1016/j.ecolecon.2020.106760
https://doi.org/10.1016/j.resourpol.2023.103324
https://doi.org/10.1016/j.spc.2021.03.016
https://doi.org/10.1016/j.seps.2020.101002
https://doi.org/10.1016/j.eap.2021.03.002
https://doi.org/10.1016/j.jclepro.2005.05.025
https://doi.org/10.1016/j.ecolind.2017.02.042
https://doi.org/10.3390/ijerph19169941
https://doi.org/10.1016/j.renene.2023.04.044
https://doi.org/10.1016/s0301-4215(03)00097-1
https://doi.org/10.1016/s0301-4215(03)00097-1
https://doi.org/10.1016/j.spc.2022.11.022
https://doi.org/10.1016/j.tele.2020.101537
https://doi.org/10.19744/j.cnki.11-1235/f.2007.08.009
https://doi.org/10.1007/s11356-021-18138-2
https://doi.org/10.1016/j.irfa.2022.102166
https://doi.org/10.1016/j.irfa.2022.102166
https://doi.org/10.1007/s40888-021-00248-2
https://doi.org/10.1080/17538963.2022.2067689
https://doi.org/10.1080/17538963.2022.2067689
https://doi.org/10.1016/j.resconrec.2021.105954
https://doi.org/10.1016/j.resconrec.2021.105954
https://doi.org/10.1016/j.enpol.2022.112997
https://doi.org/10.1016/j.eneco.2020.104842
https://doi.org/10.1016/j.eneco.2020.104842
https://doi.org/10.1016/j.ecolind.2016.04.040
https://doi.org/10.1016/j.resourpol.2022.102958
https://doi.org/10.1016/j.jenvman.2020.110123
https://doi.org/10.1007/s11356-021-16560-0
https://doi.org/10.1007/s11356-021-16560-0
https://doi.org/10.3390/ijerph20032134
https://doi.org/10.1016/j.eneco.2019.04.014
https://doi.org/10.1007/s11356-021-15455-4
https://doi.org/10.1007/s11356-021-15455-4
https://www.frontiersin.org/journals/energy-research
https://www.frontiersin.org
https://doi.org/10.3389/fenrg.2023.1277333

	The impact of digital infrastructure on energy-environmental efficiency: empirical evidence from China
	1 Introduction
	2 Literature review
	2.1 Effect of digital infrastructure
	2.2 Energy-environmental efficiency and determinate factor
	2.3 Digital infrastructure and energy-environmental efficiency
	2.4 Literature gaps

	3 Theoretical analysis
	3.1 Direct effect of digital infrastructure on energy-environmental efficiency
	3.2 Indirect effect of digital infrastructure on energy-environmental efficiency
	3.2.1 Progressive effect
	3.2.2 Structure effect


	4 Empirical methodology, data and variables
	4.1 Empirical method
	4.2 Variable definition
	4.2.1 Estimation of digital infrastructure
	4.2.2 Estimation of energy-environmental efficiency
	4.2.3 Control variables

	4.3 Data description

	5 Empirical analysis
	5.1 Benchmark regression analysis
	5.2 Analysis of mechanism verification
	5.2.1 Progressive effect
	5.2.2 Structure effect

	5.3 Heterogeneity analysis
	5.4 Robustness test
	5.4.1 Analysis of endogeneity issues
	5.4.2 Excluding cities directly under the central government
	5.4.3 Replacing explained variables


	6 Conclusions and implications
	Data availability statement
	Author contributions
	Funding
	Conflict of interest
	Publisher’s note
	References


