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Abstract
Although the digital economy has become a new driving force for development worldwide, it is still unclear how digital 
economy development affects green total factor energy efficiency (GTFEE). Using panel data from 281 prefecture-level 
cities in China from 2003 to 2018, this study empirically analyzes the effect of digital economy development on GTFEE by 
adopting a dynamic panel model, a mediation effect model, a dynamic threshold panel model, and a spatial Durbin model. 
The empirical results show that digital economy development has a significantly negative direct effect on GTFEE. The 
digital economy can impact GTFEE by the mechanisms of electrification, hollowing out of industrial scale, and hollowing 
out of industrial efficiency. Neither innovation nor environmental regulations significantly change this negative impact. The 
dynamic threshold panel model shows a nonlinear relationship between digital economy development and GTFEE, which 
indicates that the effect of digital economy development on GTFEE significantly inverts from negative to positive as the 
digital economy develops. In addition, GTFEE has a significantly positive spatial correlation, and the digital economy has 
a positive spatial spillover effect on GTFEE.

Keywords Digital economy development · Green total factor energy efficiency (GTFEE) · Dynamic panel model · Spatial 
Durbin model (SDM)

Introduction

Energy is not only essential to human survival and develop-
ment but also an important strategic factor in socioeconomic 
development and national security (Crompton and Wu 2005; 
Hao et al. 2021). While global energy consumption contin-
ues to increase, energy efficiency improvements have been 
declining since 2015. In 2020, this decline in energy effi-
ciency became even more alarming because the COVID-19 
pandemic added an extra layer of social stress (IEA 2020). 
Energy efficiency improvements play a significant role in 

global carbon neutrality. The International Energy Agency’s 
(IEA’s) Sustainable Development Scenario proposes that 
energy efficiency improvements should contribute 40% of 
the reduction in energy-related greenhouse gas emissions 
over the next 20 years (IEA 2020). China is the world’s larg-
est energy consumer. In 2019, its total energy consumption 
reached 4.98 billion tons of standard coal. Although China 
has been making efforts to implement the 2015 Paris Agree-
ment, there is still a huge gap in energy efficiency between 
China and developed countries (Lee and Lee 2022; Wang 
et al. 2022). Therefore, improving energy efficiency in China 
is vital to both China’s economic competitiveness and global 
carbon neutrality.

Digitalization, the Fourth Industrial Revolution, is a cru-
cial driver of social and economic development at every 
level. The digital economy is now a new socioeconomic 
form following the agricultural and industrial economies 
(Wen et al. 2021), which improves resource allocation, inte-
gration, and synergy (Pan et al. 2022). For example, online 
shopping increases the demand for transportation and logis-
tics, increases energy consumption, and greatly increases 
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packaging waste. In addition, the digital economy promotes 
adjustments and upgrades to society’s industrial structure. 
With the rapid development of the digital economy, digital 
technologies permeate energy technologies, restructuring 
energy consumption and efficiency, and pollution emis-
sion. Kurniawan et al. (2022) investigated the facilitation 
of digital technologies for waste recycling, indicating that 
the digital transformation in the waster sector not only pro-
motes the resource recovery of non-biodegradable waste for 
a circular economy, but also enables local community to do 
online transactions of recycled goods. However, the promo-
tion of energy consumption by digital infrastructure cannot 
be ignored because the digital transformation of economic 
activities is always asset-light and energy-consuming (Li 
et al. 2021b; Wang et al. 2022). Digitalization also promotes 
the development of new energy industries and the consump-
tion of power (Sadorsky 2012). New energy technologies 
are not mature; thus, the transformation of the energy struc-
ture after the introduction of these immature technologies 
may lead to a decline in energy efficiency (Wen et al. 2021, 
2022), which shows the complex relationship between the 
digital economy and energy efficiency.

According to the “White Paper on Global Digital Econ-
omy Development Report” released by the China Academy 
of Information and Communications Technology in 2021, 
the number of Internet users in China reached 989 million, 
and Internet penetration reached 79.4%, ranking first in the 
world. By 2020, China’s digital economy was worth more 
than 60 trillion dollars, accounting for 38.6% of the country’s 
gross domestic product (GDP). In its 14th Five-Year Plan, the 
Chinese government attaches great importance to the devel-
opment of the Internet, accelerates the development of the 
digital economy, and promotes the digital transformation of 
production modes and lifestyle to achieve green and sustain-
able economic development. Given the large scale of China’s 
digital economy and energy consumption, improving energy 
efficiency in China in the era of digitalization will be of great 
value to the sustainable development of energy worldwide.

With the growing relationship between the digital econ-
omy and energy system, scholars have increasingly focused 
on the impact of the digital economy on energy consump-
tion, efficiency, and green total factor energy efficiency 
(GTFEE). Some studies argue that information and com-
munication technologies (ICTs) improve energy efficiency 
through productivity improvements or technological inno-
vations (Wu et al. 2021a), while other scholars have also 
found conflicting evidence. For example, Avom et al. (2020) 
reported that ICTs worsened environmental quality in sub-
Saharan African countries, while Ren et al. (2021) found 
that Internet development in China increased the scale of 
energy consumption through economic growth. Salahuddin 

and Alam (2016) showed that ICTs stimulated electricity 
consumption in both the short and the long run. However, 
these studies’ conclusions are inconsistent; more evidence is 
needed to expose the relationship between the digital econ-
omy and energy efficiency. Therefore, it is very important to 
clarify the impact of the digital economy on GTFEE, espe-
cially in developing countries like China in the early stages 
of development of their digital economy.

This study empirically explores the impact of the digital 
economy on GTFEE in China. In contrast with most earlier 
studies (Sadorsky 2012; Li et al. 2018), this paper uses a 
comprehensive digital economy index from three dimen-
sions of digital infrastructure, digital industrialization, and 
industry digitization and considers desired and undesired 
output in GTFEE, drawing on data from prefecture-level cit-
ies in China from 2003 to 2018. The comprehensive index 
and large data sample enhance the clarity of the study’s 
findings, enriching the literature on the theory of the digi-
tal economy and GTFEE. While Li et al. (2021b) studied 
the relationship between digital economy and GTFEE, 
their study was focused on panel and nonspatial models, 
and the relevant earlier studies have not analyzed the digital 
economy’s direct, indirect, and spatial spillover effects on 
GTFEE based on a dynamic panel model or a spatial Durbin 
model (SDM).

This study makes the following contributions to the lit-
erature. Firstly, this paper empirically not only estimates 
the direct impact of digital economy development on 
GTFEE using a dynamic panel model, but also explores 
the mechanisms between digital economy and GTFEE 
using a mediation effect model, which provide empirical 
evidence for a rule for energy efficiency changes in the 
digital economy era. Secondly, this paper takes environ-
mental regulations and research and development (R&D) 
investment as threshold variables and finds a dynamic 
threshold effect of digital economy development on 
GTFEE, with a nonlinear relationship between the digi-
tal economy and GTFEE. Finally, this paper empirically 
evaluates the spatial spillover effect of digital economy 
development on GTFEE and decomposes its direct and 
indirect effects.

The rest of our study is organized as follows. A brief 
literature review and the research hypothesis are presented 
in “Literature review and research hypotheses.” “Method-
ology and data” explains the methodology and data used. 
“Empirical results and discussion” presents the empirical 
results and discusses the dynamic threshold panel model, 
mediation effect model, and spatial econometric model. 
“Estimation results for the heterogeneity analysis” outlines 
our heterogeneity analysis and the robustness analysis. The 
final section concludes the study.
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Literature review and research hypotheses

Literature review

The origins of the digital economy can be traced back to 
socioeconomic models driven by computer and network-
ing technologies (Tapscott 1996). Related studies have 
suggested that the digital economy comprises big data, 
artificial intelligence (AI), cloud computing, blockchain, 
the production of ICTs infrastructure, and the digitaliza-
tion of traditional industries (e.g., Teece 2018). Hence, 
OECD countries and China are working to improve their 
frameworks for measuring the digital economy.

Digital technologies are not only a modern phenomenon 
with enormous potential to promote the growth of national 
GDP but are also an important driving force in promot-
ing sustainable development through developing a high-
quality digital economy. Using Levinsohn and Petrin’s 
semi-parametric method (Levinsohn and Petrin 2003), 
Tian and Liu (2021) found that digital infrastructure has 
a significantly positive impact on total factor productiv-
ity. In addition, Li et al. (2020) showed that the digital 
economy revamps business processes through technologi-
cal innovation, government policies for economic growth, 
and digital entrepreneurship in Asian nations. Focusing on 
a new communication technology and broadband Internet, 
Destefano et al. (2018) studied the effects of heterogene-
ous types of ICTs on UK firm performance and found that 
ICTs use causally affected only firm size, not firm produc-
tivity. Zhang et al. (2021) measured digital economy devel-
opment, including digital infrastructure, digital industry, 
and digital integration, and revealed that the positive effect 
of the digital economy on high-quality economic develop-
ment was mediated by technological progress. Ding et al. 
(2021) found that the digital economy also promoted the 
domestic value-added rate of Chinese exports.

Since the digital economy includes important factors 
affecting energy consumption, structure, and efficiency, 
in recent years, scholars worldwide have studied the digi-
tal economy from different perspectives using different 
methods. First, some studies have focused on the digi-
tal economy on energy consumption and pollution emis-
sions. For example, Cho et al. (2007) revealed that ICTs 
investment in the service sector and most manufacturing 
sectors increases electricity consumption by investigating 
the relationship between ICTs investment and electricity 
consumption. Usman et al. (2021) analyzed the effects of 
ICTs on some South Asian economies’ economic perfor-
mance and energy consumption and found that India was 
the only country to achieve energy efficiency following 
increased use of ICTs. While some studies unraveled that 
the ICTs has a long-run positive effect on emission and can 

promote the development of green economies (Raheem 
et al. 2020; Wei and Ullah 2022), Salahuddin and Alam 
(2015) found no meaningful relationship between Internet 
usage and carbon dioxide  (CO2) emissions in Australia in 
either the long or the short run using an autoregressive dis-
tributed lag model. Based on global panel data from 190 
countries between 2005 and 2006, Li et al. (2021a) also 
found an inverted “U”-shaped relationship between the 
digital economy and  CO2 emissions, which indicates that 
the digital economy promoted  CO2 emissions at an early 
stage of its development. Second, some researches have 
investigated the effects of basic digital technologies on 
energy management and efficiency. For example, big data 
analytics can be used not only in next-generation green 
vehicles to control their  CO2 emissions but also to meas-
ure carbon emissions (Seles et al. 2018). Ye et al. (2020) 
and Sarc et al. (2019) considered AI to be a very efficient 
way to tackle the digital economy’s complex and dynamic 
environmental problems, such as sorting different types 
of waste. Some studies have examined how the Internet 
of Things (IoT) can be used to measure and control air 
pollution. For example, Idrees and Zheng (2020) showed 
that an IoT sensor with real-time monitoring information 
and support was an effective tool to identify fine particu-
late matter with diameters generally 2.5 µm and smaller 
(PM2.5) and could be used to predict changes in dynamic 
trends (Kanabkaew et al. 2019). Zuo et al. (2018) found 
that a novel IoT and cloud-based approach could perform 
energy consumption evaluations and analyses of products. 
Furthermore, Lahouel et al. (2021) revealed that ICTs 
could affect the relationship between total factor produc-
tivity (TFP) and  CO2 emissions. Pan et al. (2022) found 
that the digital economy acts as an innovation driver for 
the TFP. Previous studies have investigated the impact of 
digital economy on energy and pollution and have revealed 
the relationship between digital economy and total factor 
productivity, which indicate that it is likely to have a close 
relationship between digital economy and GTFEE. There-
fore, more studies have focused on how the digital econ-
omy impacts GTFEE. Internet development significantly 
promotes energy saving and emission reduction efficiency 
through technological progress, energy structures, human 
capital, and openness (Wu et al. 2021b) and contributes 
significantly to green economic growth, mainly through 
enterprise innovation. These studies have generally used 
a composite model, the epsilon-based measure (EBM) 
(Wang et al. 2021a).

In summary, the literature has outlined the positive 
effect of the digital economy on socioeconomic and sus-
tainability. However, the effect of the digital economy on 
economic development is still debatable, especially its 
effect on GTFEE based on the Solow paradox. Although 
the literature has provided a theoretical basis for analysis of 



81899Environmental Science and Pollution Research (2023) 30:81896–81916 

1 3

the relationship between the digital economy and GTFEE, 
some limitations need to be addressed. First, few studies 
have investigated the nonlinear and spatial spillover effects. 
Second, few studies have focused on the prefecture-level cit-
ies. Third, few studies have investigated the transmission 
mechanism of negative effects. Therefore, this study first 
constructs a comprehensive digital economy development 
index based on Chinese prefecture-level cities using the lat-
est methods to estimate the effect of the digital economy on 
GTFEE.

Research hypotheses

Following the literature on the digital economy and the rela-
tionship between the digital economy and GTFEE, the paper 
constructs comprehensive digital economy development 
index and calculates the GTFEE with full consideration of 
non-desirable output using the un-desirable SBM model, to 
explore the relationship between the digital economy and 
GTFEE based on prefecture-level cities in China. In gen-
eral, our study considers three mechanisms. First, the digital 
economy can directly impact the energy system from energy 
demand, structure, and efficiency which is a key factor influ-
encing GTFEE, and with improvements in digital economy 
development, technological progress, and higher intensity 
of environmental regulations, the digital economy has a 
nonlinear effect on GTFEE. Second, the digital economy 
can indirectly affect the GTFEE through economical system. 
Third, following the knowledge, resources, and technology 
spillovers, the digital economy has a spatial spillover effect 
on the spatial correlation of GTFEE. Figure 1 shows our 
analysis of these three mechanisms.

The digital economy is an important driving force for 
socioeconomic development. It not only injects new momen-
tum into traditional economies but also reshapes the whole 
life cycle of productions, business modes, individual life-
styles, industrial structures, and energy consumption and 
efficiency, among other areas (Ding et al. 2021). However, 
at the early stage, the digital economy also promotes pol-
lution emissions and energy consumption through expand-
ing investment in digital devices and infrastructure and 
digitizing traditional industries (Wang 2022). While with 
the further development of the digital economy, the digital 
economy can improve GTFEE through increasing the energy 
efficiency and reducing energy consumption by integrating 
digital technologies, optimizing the production process, 
increasing labor productivity, improving resource manage-
ment and reasonable environmental regulations (Lange et al. 
2020; Huang and Lei 2021). Based on these factors, we pro-
pose the following hypothesis:

Hypothesis 1: The digital economy has not only a signifi-
cant impact on GTFEE but also a nonlinear relationship 
with GTFEE.

The digital economy can enhance energy efficiency and 
resource management to decrease the energy consumption, 
however, which would lead to various rebound effects (Ruzze-
nenti and Bertoldi 2017). First, the digital economy increases 
the demand for electricity and facilitates a shift in energy 
demand from traditional fossil fuels to new ones (Berkhout 
and Hertin 2001). Increased demand for electricity has led 
to a decline in energy efficiency, and immature new energy 
technologies have also reduced energy efficiency. Second, 

Fig. 1  Mechanism analysis of digital economy and green total energy efficiency
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the digital industrialization is providing and updating a great 
many digital products. Digital servitization is providing a great 
diversity of services derived from digital technologies and is 
creating a great many new services supplied by platforms. 
Meanwhile, to meet different individualization requirements, 
digitalization is changing the production process, increas-
ing new products bound with digital services, and reshaping 
the seller-buyer relationships through creating new business 
modes, which would bring out the hollowing out of industrial 
scale. Additionally, the services derived from digital economy 
are relatively energy intensive, compared to other services, 
which would increase energy consumption leading to reduce 
the GTFEE (Collard et al. 2005; Cho et al. 2007; Mulder et al. 
2014). Third, digitalization has the potential to increase energy 
efficiency since labor productivity in manufacturing and ser-
vice sectors has been improving by standardized labor and 
cognitive human labor; however, new jobs tend to necessitate 
high education levels and highly skilled labors, which leads to 
hollowing out of industrial efficiency through wage polariza-
tion and labor productivity imbalance (Lange et al. 2020; Staab 
2017). In result, the energy efficiency would be counteracted 
by the loss of economy growth caused by hollowing out of 
industrial efficiency. Based on the above factors, we propose 
the following hypothesis:

Hypothesis 2: The digital economy can impact the GTFEE 
through the mechanisms of electrification, hollowing out of 
industrial scale and hollowing out of industrial efficiency.

Digital economy development not only accelerates 
the flow of information and reduces the cost of informa-
tion transmission but also creates new business models 
to improve the efficiency of transactions and promote the 
sharing of knowledge and resources. Moreover, the digital 
economy has broken the time and space boundaries of tradi-
tional economy, which makes it easy for digital businesses to 
forge links to other regions and promote the spatial overflow 
of digital technologies. Therefore, the digital economy pro-
motes the efficiency of labor, productivity, logistics, man-
agement, and energy consumption in local and neighboring 
regions. Based on the above analysis, we propose the fol-
lowing hypothesis:

Hypothesis 3: Digital economy development has a spatial 
spillover effect on GTFEE.

Methodology and data

Dynamic panel model

Considering that GTFEE is gradually improving and the 
GTFEE from the previous period may affect the GTFEE in the 

subsequent period, this paper would obtain a biased estimation 
if it were to use only static panel analysis (Mulder et al. 2014; 
Wu et al. 2021a; Gao et al. 2021). Instead, to capture the rela-
tionship between digital economy development and GTFEE 
(Che et al. 2013), this paper adopts the system generalized 
method of moments (SYS-GMM) system set out in Eq. (1):

where i and t represent prefectural-level cities and time, 
GTFEE is dependent variable, lnDig is the digital economy 
development index, X is a series of control variables, ui is 
an individual fixed effect, εit is a random perturbation term, 
and α, φ, β, and δ are the coefficients to be estimated. To 
control for the heteroscedasticity and multicollinearity of 
the model, this study uses the natural logarithmic form for 
all the explanatory variables.

There are moderating effects between digital economy 
development, environmental regulations, and R&D invest-
ment. Therefore, the interactions between digital economy 
development and environmental regulations and between 
digital economy development and R&D investment are the 
key factors affecting GTFEE. Considering the dynamic panel 
bias and potential endogeneity of regressors, this paper simul-
taneously uses SYS-GMM to estimate the effects of the inter-
actions between environmental regulations, digital economy 
development, and R&D investment on GTFEE:

where Z represents environmental regulations (lnEnv) 
and R&D investment (lnRD), while ω1 is the coefficient. 
lnZit × Digit represents the interaction effect between digital 
economy development and environmental regulations (lnEn-
vit × lnDigit), the interaction effect between digital economy 
development and R&D investment (lnRDit × lnDigit), and ω2 
is the coefficient of the interaction effect, respectively.

Mediation effect model

The digital economy may affect the GTFEE through electrifi-
cation, hollowing out of industrial scale, and hollowing out of 
industrial efficiency. To study the potential indirect impacts of 
digital economy on GTFEE, this paper adopts mediation effect 
model to carry out further empirical investigation:

where Mediation represents the mediation variables, 
including the electrification (lnElectrification), hollowing 

(1)
GTFEEit = � + �GTFEEi,t−1 + � lnDigit + �Xit + �i + �it

(2)

GTFEEit = � + �GTFEEi,t−1 + � lnDigit + �Xit + �1 ln Zit

+�2 ln Zit × Digit + �i + �it

(3)

GTFEEit = c0 + c lnDigit + �m lnXit + ui + rt + �it

lnMediationit = a0 + a lnDigit + �m lnXit + ui + rt + �it

GTFEEit = b0 + c� lnDigit + b lnMediationit + �m lnXit + ui + rt + �it
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out of industrial scale (lnIndustry_up), and hollowing out of 
industrial efficiency (lnProduct_rate). c represents the effect 
of digital economy on GTEFF without mediation variables, 
and a represents the effect of digital economy on media-
tion variables. Adding mediation variables, c′ represents the 
direct effect of digital economy on GTFEE, and b represents 
the effect of mediation variables on GTFEE. a0, b0, c0 rep-
resent the coefficients of constant, and �m,�m, �m represent 
the relevant control variables. ui is an individual fixed effect, 
and rt is a time-fixed effect.

Dynamic threshold panel model

Based on the differences in economic development, 
environmental regulations, and R&D investment among 
prefecture-level cities in China, there may be a nonlinear 
relationship between digital economy development and 
GTFEE (Huang and Lei 2021). To evaluate the nonlinear 
relationship between digital economy development and 
GTFEE further, this paper uses the dynamic threshold 
panel model to empirically test this nonlinear mecha-
nism. This model introduces the lag term of GTFEE 
into a static threshold model, which avoids the estima-
tion error caused by endogeneity (Kremer et al. 2013; 
Seo and Shin 2016). The dynamic threshold panel model 
follows:

where qi represents digital economy development 
(lnDig), environmental regulations (lnEnv), and regional 
R&D investment (lnRD) are the threshold variables. γ is the 
threshold value to be estimated, I(∙) is an instruction func-
tion, and β1 and β2 represent the influence coefficient of the 
digital economy development on GTFEE under different 
threshold variable intensities, respectively.

Spatial econometric models

Spatial correlation test

We select Moran’s I index to test the spatial autocorrelation 
before conducting our empirical analysis. The formula for 
Moran’s I is as follows:

where S2 =
n∑
i=1

(yi − Y)2 and Y =
1

n

n∑
i=1

yi . We test the spa-

tial correlation between cities using the local Moran’s I, and 

(4)
GTFEEit = 𝛼 + 𝜑GTFEEi,t−1 + 𝛽1 lnDigit ∙ I(qi ≤ 𝛾)

+𝛽2 lnDigit ∙ I(qi > 𝛾) + 𝛿Xit + 𝜇i + 𝜀it

(5)

Moran�sI =
n

n∑
i=1

n∑
j=1

Wij

∗

n∑
i=1

n∑
j=1

Wij(yi − Y)(yj − Y)

n∑
i=1

(yi −
_

Y)2

=

n
n∑
i=1

n∑
j=1

Wij(yi − Y)(yj − Y)

S2
n∑
i=1

n∑
j=1

Wij

the formula is as follows: Ii = Zi ×
n∑
j=1

wijzj , where zi = yi − Y  

and zj = yj − Y are the deviation between the observed value 
and the mean, respectively.

Spatial Durbin model

The GTFEE has a spatial correlation characteristic (Wu 
et al. 2020). In addition, the digital economy in China 
also shows a spatial correlation characteristic (Li et al. 
2021a). This paper uses a spatial econometric model to 
study the relationship between the digital economy and 
GTFEE. However, the objects applicable to the differ-
ent main spatial econometric models are also quite dif-
ferent. The main spatial econometric models include a 
spatial autoregressive (SAR) model, a spatial error model 
(SEM), and an SDM, and their applicable objects also 
differ.

The SDM is a synthesis of a SAR model and SEM, 
with more general results in practical applications. The 
SDM includes endogenous and exogenous interaction 
effects, which can not only control the spatial effects 
of explanatory variables, but also make the parameter 
estimation results more robust. We construct the SDM 
as follows:

where i and t represent prefecture-level cities and 
time, respectively; GTFEE is the dependent variable; 
lnDig represents the explanatory variable for digital 
economy development; X is a series of control variables; 
� is a series of the SAR coefficient; β and δ are series 
of coefficients; μi is an individual fixed effect; εit is a 
random perturbation term; and Wijt is an N × N order 
spatial weight matrix. Other variables are the same as 
explained above.

In this study, the rook spatial weight matrix and 
inverse distance geographic matrix are used to measure 
the spatial spillover effect. The 0–1 rook spatial weight 
matrix (W1) is defined as Wij =

{
1,i≠j
0,i=j , where prefecture-

level city i has a common boundary with city j. Then 
Wij = 1; otherwise, Wij = 0. The inverse distance geo-
graphic matrix (W2) is defined as Wij =

{ 1

dij
,i≠j

0,i=j
 , where dij 

is the surface distance of the prefectural-level city as 
calculated by its latitude and longitude.

(6)

GTFEEit = �0 + �1

N∑
j≠i

WijtGTFEEit + �3 lnDigit + �2

N∑
j≠i

Wijt lnDigit

+�iXit + �i

N∑
j≠i

WijtXit + �i + �it
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Explanation of the Variables

Green total factor energy efficiency

Following Tone (2001) and Wang et al. (2021b), this paper 
selects panel data from 281 prefecture-level cities in China 
between 2003 and 2018 and calculates GTFEE consider-
ing all undesired outputs using the undesirable SBM model. 
Specifically, this study assumes that there are N decision-
making units (DMUs), each of which has m inputs, n1 
expected outputs, and n2 unexpected outputs. For i DMU, 
the vector form of the inputs xi, expected output yg

i
 , and 

unexpected yb
i
 are expressed as:

where  X ,  Yg  ,  and  Yb  a re  mat r ixes ,  and 
X = [x1, x2, x3......xn] ∈ Rm×n , Yg = [y

g

1
, y

g

2
, y

g

3
...y

g
n] ∈ Rn1×n , 

and Yb = [yb
1
, yb

2
, yb

3
...yb

n
] ∈ Rn2×n.

T h e  D M U  s e t  T D M U  i s  e x p r e s s e d  a s 
TDMU =

{
(x1, y

g

1
, yb

1
), (x2, y

g

2
, yb

2
), (x3, y

g

3
, yb

3
), ...(xn, y

g
n, y

b
n
)
}

 , 
t h e n  t h e  p o s s i b l e  s e t 
T =

{
(x, yg, yb)|xk ≥ X�, y

g

k
≥ Yg�, yb

k
≥ Yb�, � ≥ 0

}
 , where ∑n

k=1
�k = 1 ; this refers to variable returns of scale, and it is 

difficult to decompose the efficiency further. S–, Sg, and Sb 
represent the slack of inputs, expected outputs, and unex-
pected outputs, respectively. λ is the weight vector, which is 
used to set up the undesirable SBM model as follows:

In Eq. (8), the input variables S– includes capital stock 
(K), labor force (L), and energy consumption (EU). First, 
to calculate capital stock (K), this paper defines the capital 
depreciation rate and base period capital, and then calculates 
the stock using the perpetual inventory method. Next, the 
number of employees in each city is used as the labor input. 
Finally, this paper decomposes the provincial energy data 
to prefecture-level cities based on the weight of each city’s 
GDP in its province, which provides the relative microdata 
for empirical research (Gao et al. 2021; Li et al. 2022). The 
desirable output Yg is gross regional product (i.e., GDP), and 
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the unexpected output indicators Yb are industrial water dis-
charge, industrial sulfur dioxide  (SO2), and industrial solid 
waste generation.

Comprehensive digital economy development

Digital economy development (lnDig) is a new, rela-
tively complex, and systematic concept. Therefore, a 
single simple indicator cannot sufficiently reflect the 
development of China’s actual digital economy. Most 
recent studies have focused on Internet development or 
use a simple digital index (Choi and Yi 2009; Salahud-
din et al. 2016). Hence, this paper constructs a compre-
hensive indicator system to reflect the current level of 
China’s digital economy development (see Table 1). An 
objective weighting method is used to accurately esti-
mate objects based on the information entropy principle. 
Time variables are involved in our reasonable analysis of 
the digital economy index.

Moderating and mediating variables

This paper selects R&D investment (lnRD) and gov-
ernment environmental regulation (lnEnv) as the mod-
erating variables. R&D investment is logarithmically 
valued. R&D investment can improve resource utili-
zation and regional energy efficiency, thus affecting 
GTFEE. This paper obtains government environmental 
regulations (lnEnv) by selecting the weights of the main 
vocabulary related to environmental regulations in all 
words used in local government work reports, such as 
“environmental protection,” “pollution,” “energy con-
sumption,” “emission reductions,” “sewage,” “ecol-
ogy,” “green,” “low carbon,” “air,” “chemical oxygen 
demand,” “SO2,” “CO2,” “PM10,” and “PM2.5,” using 
a web crawler (Python2.5). Such regulations can reduce 
air pollution and improve the economic development 
quality.

This study also adopts the electrification (lnElectrifica-
tion); hollowing out of industrial scale (lnIndustry_up) and 
hollowing out of industrial efficiency (lnProduct_rate) are 
selected as mediation variables to test the mediation effect 
of digital economy on GTFEE. Electrification is measured 
by the logarithm of a city’s electricity consumption. The 
hollowing out of the industrial scale refers to an increas-
ing proportion of services, and it is defined as follows, 
re_industry = q1 × 1 + q2 × 2 + q3 × 3 ( qi represents the 
ratio of output value of different industry to the regional 
GDP, i = 1, 2, 3 ). The hollowing out of industrial efficiency 
refers to the decline of productivity in the industry, and it is 
measured by the ratio of labor productivity in the tertiary to 
secondary industries.
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Control variables and data sources

Adding control variables To minimize errors in the 
regression results from the omission of variables, the fol-
lowing control variables are selected to the models. Eco-
nomic development (lnGDP) is expressed by the regional 
GDP, while foreign direct investment (lnFDI) can stim-
ulate green innovation in local industries because for-
eign companies bring capital and advanced technologies 
(Gao et al. 2021; Lee et al. 2022). Using the weight of 
industrial added value in regional GDP, the industrial 
structure (lnIS) significantly improves energy efficiency 
(Long et al. 2016). The government intervention (lnGov) 
variable is used to measure the cities’ public finance 
budget expenditure, which will affect their local govern-
ments’ competitive behavior because they are inclined 
to financially invest in projects with a significant impact 
on the environment to meet their target of high-quality 
development. The total fixed assets investment (lnInv) 
can promote the rationalization of the industry structure, 
which then affects energy efficiency. Using the number 
of university students per 10,000 people in the region 
(Yao et al. 2021), human capital (lnHR) significantly 
improves the use of resource elements. By selecting the 
proportion of the urban population from the local perma-
nent population, urbanization (lnUrb) can affect energy 
efficiency based on the heterogeneity of city features 
(Jiang et al. 2021).

Data sources and descriptive statistics All data for these 
indicators are from the China Energy Statistical Yearbook, 
the China Environmental Statistical Yearbook, Statistical 
Report on China’s Internet Development Status, China 
Financial Statistics Yearbook, China Statistical Yearbook on 
Science and Technology, and the National Bureau of Statis-
tics. The relevant missing data are filled in by interpolation. 
Table 2 presents the descriptive statistics for the variables 
in this study.

Empirical results and discussion

Estimation results for the dynamic panel model

To make our results more comparable, this paper reports the 
regression results for an ordinary least square model (OLS) 
with clustering robust standard deviation (SD) under time 
and individual dual fixed effects and for a dynamic panel 
model with system GMM to obtain more robust conclusions 
(Table 3). Due to heteroscedasticity and sequence correla-
tion, we implement a (cluster) robust version of the Haus-
man specification test using a bootstrap procedure. Table 3 
shows that the result of Hausman test results is positive at 
the 1% levels.

This paper uses GMM estimators because the standard 
fixed effects estimator is inconsistent when T is small, and N 
is large for the dynamic panel data models. Specifically, the 
system GMM estimator is now a standard GMM estimator 
used in empirical studies (Hayakawa and Qi 2020). Because 
GMM is an instrumental variable method, the lagged terms 

Table 1  Evaluation system of digital economy comprehensive index

Target level Standard level Index level Index interpretation

Comprehensive digital economy 
development level

Digital infrastructure Total number of mobile phones Reflect the popularity of mobile phone
Total number of Internet users Measuring the demand of Internet 

services
Digital industrialization Total number of employees in infor-

mation transmission, software, and 
information technology

Reflect the employment in digital 
industry

Total sales value of telecom service Reflect the business level of digital 
industry

Industry digitization Total value of E-commerce sales Reflect the ability of digital market 
business

Table 2  Descriptive statistics

Variables sd mean min max

GTFEE 0.187 0.531 0.000 1.000
lnDig 1.061  − 9.122  − 12.720  − 4.566
lnGDP 1.091 6.837 3.459 10.390
lnIS 1.161 6.070 2.152 9.207
lnInv 1.235 6.325 2.809 9.772
lnUrb 0.426 3.803 2.261 5.929
lnFDI 2.105 2.215  − 6.624 7.404
lnGov 1.111 4.896 1.197 9.030
lnHR 1.975 4.264  − 9.210 7.165
lnEnv 1.053  − 5.598  − 20.720  − 3.778
lnRD 1.925  − 0.016  − 9.210 6.319
lnElectrification 0.085 0.807 0.584 3.171
lnIndustry_up 0.993 5.618 1.404 10.410
lnProduct_rate 0.971 0.256  − 4.071 3.104
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of the dependent variable and some independent variables 
satisfy the exogeneity and correlation conditions, which are 
usually selected as instrumental variables in dynamic panel 
data (Weeks and Yudong Yao 2003). In this study, the first-
order lag term of the dependent variable (GTFEE) is chosen 
as the instrumental variable. To prove that our instrumental 
variables are reasonable, this study also reports the results 
for the autoregressive 2 (AR(2)) model and Diff-in-Hansen 

test for the exogeneity and correlations and the Sargan and 
Hansen tests for overidentifying restrictions.

Table 3 reports the regression results of digital economy 
on GTFEE using the panel data model and dynamic panel 
data model. Column (1) and column (2) are listed as the 
estimation results using OLS, OLS_FE based on panel 
data model. Columns (3) ~ (5) are listed as the results using 
systematic GMM based on dynamic panel data model. In 

Table 3  The impact of digital 
economy development on 
GTFEE

The prefix "ln" before the explanatory variables denotes a logarithmic form. ***, ** and * indicate signifi-
cance at 1%, 5% and 10% level, respectively. Figures in () are the standard errors, figures in [] are the cor-
responding P-value

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

OLS OLS_FE SYS_GMM SYS_GMM SYS_GMM
L_GTFEE 0.796*** 0.779*** 0.797***

(0.050) (0.053) (0.050)
lnDig  − 0.059***  − 0.041***  − 0.012**  − 0.012**  − 0.012

(0.006) (0.010) (0.005) (0.005) (0.009)
lnGDP 0.069*** 0.176***  − 0.000 0.010 0.001

(0.018) (0.044) (0.011) (0.010) (0.012)
lnIS 0.023* 0.010 0.007  − 0.005 0.006

(0.013) (0.025) (0.009) (0.007) (0.009)
lnInv  − 0.031***  − 0.041***  − 0.023***  − 0.023***  − 0.023***

(0.007) (0.012) (0.008) (0.007) (0.008)
lnUrb  − 0.005  − 0.012 0.014 0.011 0.014

(0.009) (0.016) (0.009) (0.009) (0.009)
lnFDI 0.008*** 0.009*** 0.004** 0.003** 0.004**

(0.002) (0.003) (0.002) (0.002) (0.002)
lnGov 0.036*** 0.034** 0.021** 0.005 0.020**

(0.009) (0.016) (0.008) (0.008) (0.008)
lnHR 0.0004 0.0002  − 0.0004  − 0.0008 0.0004

(0.001) (0.002) (0.001) (0.001) (0.001)
lnRD 0.021**

(0.009)
lnDig × RD 0.001

(0.001)
lnEnv 0.002

(0.014)
lnDig × Env 0.000

(0.001)
Constant  − 0.597***  − 0.899***  − 0.057 0.037  − 0.047

(0.098) (0.224) (0.080) (0.080) (0.111)
Hansen test 36.84***
AR(2) 1.42 1.42 1.42

[0.156] [0.156] [0.156]
Sargan test 332.87*** 321.74*** 332.69***
Hansen test 99.63*** 89.75*** 99.45***
Diff-in-Hansen 87.83 *** 74.70*** 87.28***
City fixed effect No Yes Yes Yes Yes
Time fixed effect No Yes No No No
Observations 4,496 4,496 4,215 4,215 4,215
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them, the AR (2) values (and the related P-values) are 1.42 
(0.156), while the results of Dif-in-Hansen, Sargan, and 
Hansen tests all passed the significance test at 1% level, 
thereby all instrument variables are valid and credible. It 
can be seen from columns (1) ~ (2) that the coefficients of the 
digital economy on the GTFEE are − 0.059 and − 0.041, all 
of which pass the significance test. Those models prove that 
the coefficient for the effect of digital economy development 
on the GTFEE is significantly negative. There are two pos-
sible reasons for this finding. First, large-scale investment in 
prefecture-level cities’ construction of digital infrastructure, 
such as 5G stations, cloud computing data centers, and cor-
responding digital technologies, also stimulates investment 
in steel, optical fiber, and some traditional industries, which 
promotes the energy consumption. Second, the digitization 
of industries is at an early stage of development in prefec-
ture-level cities and the IoT is under construction, which 
promotes power consumption (Zhou et al. 2019). Following 
the integration of the digital technology and energy revolu-
tions, energy technologies and management systems can be 
reshaped (Litvinenko 2020); however, this is an arduous and 
long-term task. The potential efficiency of resourcing and 
energy is improving, but an optimization effect has not yet 
appeared; therefore, it is difficult to eliminate the increas-
ing energy and power consumption of traditional industries 
during the digital investment stage, unless the development 
of the digital economy is faster than the related increase in 
energy consumption.

Finally, columns (4) and (5) show the results of digital 
economy on GTFEE, considering the moderating effects of 
R&D investment and environmental regulations based on 

dynamic panel data model. It can be seen from columns 
(4) and (5) that the coefficients for the interaction terms of 
digital economy development with R&D investment and 
environmental regulations are positive, although they are 
not significant. This finding indicates that strengthening 
environmental regulations restrains the increasing energy 
consumption caused by digital economy development. In 
addition, green technological innovations can partly moder-
ate the negative effect of environmental regulations on haze 
pollution in dynamic situations (Feng et al. 2021; Zheng 
et al. 2021), and information can also improve energy effi-
ciency (Henryson et al. 2000). Therefore, technical progress 
eliminates the negative effect of digital economy develop-
ment on GTFEE. Considering the rebound effect (Farla 
and Blok 2000), however, the direct or indirect effects of 
technical progress on the energy system are complex. In the 
long term, digital economy development increases energy 
consumption, but digital infrastructure investment cannot 
significantly improve GTFEE.

Estimation results for the mediation effect model

Table 4 reports the estimation results of the mediation 
effect model using electrification (lnElectrification), hol-
lowing out of industrial scale (lnIndustry_up), and hol-
lowing out of industrial efficiency (lnProduct_rate) as 
the mediation variables. Column (1) and column (2) use 
electrification (lnElectrification) as mediation variable; 
columns (3) and (4) use hollowing out of industrial scale 
as mediation variable; columns (5) and (6) represent hol-
lowing out of industrial efficiency. Columns (1), (3), and 

Table 4  Estimation results of mediation effect

The prefix "ln" before the explanatory variables denotes a logarithmic form. ***, ** and * indicate significance at 1%, 5% and 10% level, respec-
tively. Figures in () are the robust standard errors

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

lnElectrification lnGTFEE lnIndustry_up lnGTFEE lnProduct_rate lnGTFEE
lnDig 0.112***  − 0.075*** 0.023***  − 0.076*** 0.448***  − 0.076***

(0.034) (0.007) (0.003) (0.007) (0.034) (0.007)
lnElectrification  − 0.032***

(0.003)
lnIndustry_up  − 0.113***

(0.037)
lnProduct_rate  − 0.005*

(0.003)
Control Yes Yes Yes Yes Yes Yes
Constant 5.854***  − 0.748*** 0.702***  − 0.005** 7.782***  − 0.895***

(0.534) (0.107) (0.043) (0.002) (0.539) (0.110)
Sobel_z value  − 0.004***  − 0.003***  − 0.002*

(0.001) (0.001) (0.001)
Observations 4496 4,496 4,496 4,496 4496 4,496
R-squared 0.215 0.129 0.298 0.108 0.161 0.107
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(5) show that the impact coefficient of digital economy 
on electrification, hollowing out of industrial scale, and 
hollowing out of industrial efficiency is significantly posi-
tive with 0.112, 0.023, and 0.448, indicating that digital 
economy can increase the electrification, promote the hol-
lowing out of industrial scale, and expand the hollowing 
out of industrial efficiency. It can be seen from columns 
(2), (4), and (6) that the regression coefficients for the rela-
tionship between electrification, hollowing out of indus-
trial scale, and hollowing out of industrial efficiency and 
GTFEE are all significantly negative with − 0.032, − 0.113, 
and − 0.005, all of which pass the Sobel test, indicat-
ing that digital economy can negatively impact GTFEE 
through promoting electrification, hollowing out of indus-
trial scale, and hollowing out of industrial efficiency. As 
a result, GTFEE indirectly reduced by digital economy 
with − 0.004, − 0.003, and − 0.002, respectively.

The possible reasons for above finding are as follows: 
first, the industry digitalization has promoted further elec-
trification that increases the consumption of electricity, 
due to low ratio of electricity supplied by renewables in 
China, which increases the greenhouse gas emissions, and 
thereby the positive effect on the GTFEE caused by energy 
efficiency has been decreased. Second, compared to the 
industrial digitalization, digital services have been grow-
ing faster, which have been penetrated in Internet busi-
ness, product service, and daily life service. More and 
more individual requirements have been recognized and 
been satisfied; therefore, the potential to save energy due 
to increases in energy efficiency is outbalanced by rise in 
the services derived from digital economy and hollow-
ing out of industrial scale caused by rise in the special 
customization. As the traditional service industry and its 
facilities increase energy demand, the flow of factors of 
production to the tertiary industry does not reduce energy 
intensity (Luan et al. 2021). Third, the digitalization needs 
high education levels and highly skilled labors; however, 
the human capital improvement cannot meet the request in 
short time, which brings out wage polarized and inequal-
ity income; as a result, the digitalization lacks the abil-
ity to increase the labor productivity, which decreases 

the potentials to increase the industrial efficiency and the 
energy efficiency leading to impede the improvement in 
GTFEE. Therefore, digital economy can affect the GTFEE 
by affecting electrification, hollowing out of industrial 
scale, and hollowing out of industrial efficiency.

Estimation results for the dynamic threshold panel 
model

As noted in the “Methodology and data” section, this study 
uses dynamic threshold panel models to verify the thresh-
old effect, where the threshold variable is digital economy 
development (lnDig), environmental regulations (lnEnv), 
or R&D investment (lnRD). Table 5 shows the threshold 
values and confidence intervals for lnDig, lnEnv, and lnRD. 
The Z statistics and P values show that all dynamic thresh-
old panel models with different threshold variables reject 
the null hypothesis of no threshold effects at the 1% sig-
nificance level, indicating an obvious threshold effect with 
digital economy development showing a nonlinear impact 
on GTFEE.

Table 5  The threshold value of 
different threshold variables and 
its confidence interval

The prefix “ln” before the explanatory variables denotes a logarithmic form. The probability is evaluated 
based on 1000 replications of regressions
*** Significance at 1% level; **significance at 5% level; *significance at 10% level

Threshold 
variable

Threshold value Z P-value BS 95% confidence 
interval

Lower Higher

lnDig  − 8.602  − 441.52 0.000 1000  − 8.64  − 8.564
lnEnv  − 5.195  − 269.78 0.000 1000  − 5.233  − 5.157
lnRD 1.196 38.39 0.000 1000 1.135 1.257

Table 6  Regression result of dynamic threshold panel models

The prefix ln before the explanatory variables denotes a logarithmic 
form. Z values are denoted in parentheses; the confidence interval of 
the threshold values is denoted in []
*** Significance at 1% level; **significance at 5% level; *significance 
at 10% level

Variables lnDig lnRD lnEnv

Threshold value  − 8.602***  − 5.195*** 1.196***
[− 8.640 − 8.564] [− 5.233 − 5.157] [1.135 1.257]

L.GTFEE 0.525*** 0.343*** 0.344***
(128.52) (119.13) (130.56)

Below_thres  − 0.041***  − 0.041*** 0.021***
(− 2.93) (− 40.21) (10.46)

Above_thres 0.093*** 0.128 ***  − 0.094***
(− 23.87) 52.12 (− 24.72)

Control Yes Yes Yes
City fixed effect Yes Yes Yes
Observations 4496 4496 4496
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This study takes lnDig, lnEnv, and lnRD as thresh-
old variables. Table 6 shows the regression results for 
the dynamic threshold panel models, which indicates the 
nonlinear correlations between the digital economy and 
GTFEE with different threshold variables. First, when we 
use digital economy development (lnDig) as the threshold 
variable, the correlation of digital economy development 
on GTFEE is positive with 0.093 at the 1% significant 
level. With the development of the digital economy, the 
subsequent industry digitization and digital governance 
can improve the efficiency of production and total factor 
productivity and accelerate the decline in energy con-
sumption intensity (Pan et al. 2022). Second, while the 
R&D investment is over the threshold value, the effect 
of the digital economy on GTFEE is positive with 0.128 
at the 1% significance level. Technical efficiency is the 
main moderating effect for improving energy efficiency 
(Zhu et al. 2019; Chen et al. 2021). With the advance-
ment of technologies, especially energy conservation 
technologies, as well as industrial structure upgrades 
and improvements to energy efficiency and information 
management, digital economy development will improve 
the local GTFEE significantly (Lv et al. 2020). Third, 
environmental regulations have an adaptability relation-
ship with the evolution of energy consumption structures 
(Ekins et al. 2012). Currently, environmental regulations 
can improve GTFEE, but the impact will become nega-
tive when too much emphasis is placed on environmental 
regulations that do not match the level of development of 
digital technologies.

Estimation results for the SDM

Spatial correlation test

Based on the geographic weight matrix, we use Moran’s I 
and Geary’s C indexes to evaluate the spatial correlation of 
GTFEE in various regions of China. Table 7 shows that the 
global Moran’s I and Geary’s C indexes values for GTFEE 
and digital economy development (lnDig) from 2003 to 2018 
are significantly positive at the 1% level. The null hypoth-
esis of no spatial autocorrelation is significantly rejected. 
Therefore, China’s GTFEE and digital economy develop-
ment have significant spatial autocorrelation, and conducting 
spatial econometric analysis is appropriate. The Moran’s I 
scatterplots (see Fig. 2) show that most cities are distributed 
in the third quadrant, and the clusters indicate that GTFEE 
has significant local spatial agglomeration characteristics.

Model selection test

Table 8 shows the diagnostic test results for the spatial 
econometric model. Under the 0–1 rook spatial weight 
matrix (W1), the value of the Lagrange multiplier (LM) test 
is positive at the 1% level, and the Wald test under W1 is 
also passed at the 1% level. However, the robust LM lag test 
was not passed; therefore, we report the results for the SAR 
model and SDM under W1. In addition, using the inverse 
distance geographic matrix (W2), we find that the values for 
the LM, robust LM, Wald, and LR tests are all positive at 
the 1% level; therefore, the choice of the SDM is reasonable. 

Table 7  The spatial correlation 
test results

Time Green total factor energy efficiency (GTFEE) Digital economy development (lnDig)

Moran’s I Geary’s C Moran’s I Geary’s C

I z I z I z I z

2003 0.131*** 26.085 0.838***  − 12.572 0.054*** 11.039 0.916***  − 7.44
2004 0.078*** 15.751 0.893***  − 8.737 0.055*** 11.386 0.912***  − 7.288
2005 0.080*** 16.205 0.882***  − 9.065 0.053*** 10.971 0.918***  − 7.131
2006 0.104*** 20.852 0.855***  − 11.342 0.056*** 11.562 0.915***  − 7.512
2007 0.103*** 20.540 0.860***  − 11.631 0.060*** 12.305 0.912***  − 7.630
2008 0.087*** 17.564 0.881***  − 9.970 0.059*** 12.071 0.916***  − 7.298
2009 0.084*** 16.82 0.876***  − 10.330 0.059*** 12.071 0.905***  − 8.077
2010 0.088*** 17.603 0.881***  − 10.056 0.058*** 11.901 0.916***  − 7.193
2011 0.090*** 18.037 0.882***  − 10.258 0.057*** 11.672 0.919***  − 7.212
2012 0.080*** 16.195 0.905***  − 8.567 0.053*** 10.935 0.925***  − 6.674
2013 0.060*** 12.158 0.933***  − 6.465 0.053*** 10.857 0.924***  − 6.548
2014 0.074*** 14.893 0.914***  − 8.550 0.053*** 10.972 0.927***  − 6.384
2015 0.080*** 16.096 0.909***  − 8.816 0.053*** 10.877 0.929***  − 6.214
2016 0.066*** 13.467 0.912***  − 8.560 0.059*** 12.010 0.925***  − 6.467
2017 0.078*** 15.647 0.897***  − 9.274 0.057*** 11.620 0.928***  − 6.353
2018 0.044*** 9.129 0.935***  − 5.673 0.055*** 11.216 0.929***  − 6.337
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In summary, we choose to use the SDM with a fixed model 
under W1 and W2 to estimate the spatial spillover effect 
between digital economy development and GTFEE.

Spatial effect estimation results

Table 9 reports the estimation results of spatial effects. It 
can be found that the regression coefficients for each vari-
able in the estimation results from the SDM under different 
spatial weight matrixes and the SAR model under W1 are 
all negative at the 1% significance level, which are basically 
consistent with the estimated coefficients for the nonspatial 
models and show the robustness of our spatial econometric 
models to a certain extent.

This paper focuses on analyzing the regression results 
from the SDM under different spatial weight matrixes (i.e., 
W1 and W2). Table 9 shows that the spatial correlation 

coefficient ρ is significantly positive, which indicates that 
the GTFEE has a significant spatial spillover effect. Con-
sidering the core explanatory variables, the coefficients for 
digital economy development are all negative and pass the 
significance test at the 1% level. The results based on the 
SDM show that digital economy development currently has 
a significantly negative impact on regional GTFEE. The 
investment in digitization in Chinese prefecture-level cities 
may promote increased energy consumption in traditional 
industries. In addition, Internet development increases the 
scale of energy consumption through economic growth (Ren 
et al. 2021), and the negative impact of ICTs on productivity 
is still existed in China (Chen and Xie 2015).

Finally, we discuss the influences of other control vari-
ables on GTFEE. The regional economy development level 
(lnGDP) improves GTFEE, while the FDI (lnFDI) has a 
positive effect on GTFEE (Pan et al. 2020). In meeting the 
target of high-quality development, local government pub-
lic finance (lnGov) has a significantly improved effect on 
the GTFEE. The urbanization level (lnUrb) has a negative 
effect at the 5% confidence level under W2 (Li et al. 2018). 
The digital economy infrastructure promotes traditional 
industries’ investments during the early stage of its construc-
tion; therefore, investment (lnInv) has a negative effect on 
GTFEE.

Estimation results for the decomposition effects

To further analyze the effect of digital economy devel-
opment on regional GTFEE, this paper decomposes the 

Fig. 2  The scatterplots map of Moran’s I in 2003 and 2018

Table 8  Diagnostic test results for spatial model

Test 0–1 rook spatial 
weight matrix (W1)

Inverse distance geo-
graphic matrix (W2)

Value P-value Value P-value

LM-lag 356.556 0.000 1,994.226 0.000
Robust LM-lag 1.188 0.276 41.662 0.000
LM-error 552.075 0.000 2,622.574 0.000
Robust LM-error 196.707 0.000 670.010 0.000
Wald-lag 240.726 0.000 231.787 0.000
Wald-error 198.068 0.000 120.041 0.000
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impact of the digital economy on GTFEE into direct 
and spillover effects under the SDM, using W1 and W2 
(Table 10). Columns (1) ~ (3) report the estimation results 
under 0–1 rook spatial weight matrix (W1), and columns 
(4) ~ (6) report the results under the inverse distance geo-
graphic matrix (W2). Compared with using the differ-
ent weight matrixes (W1 and W2), Table 10 shows that 
although the decomposition results are slightly differ-
ent, the direct effects of the digital economy on GTFEE 
are all negative at the significance level of 1%. With 
rapid digitization, investment in traditional industries 
increases alongside investment in digital infrastructure, 
industrial digitization, and digital industrialization; how-
ever, improved technological efficiency cannot eliminate 
the related increase in energy consumption. Therefore, 
regional digital economy development has a negative 
effect on regional GTFEE (Chen et al. 2021).

However, the indirect effects of the digital economy on 
GTFEE under W1 and W2 are significantly positive at the 
5% and 1% levels, respectively. Taking the results from 
columns (4) ~ (6) under W2 as an example, the spillover 
effect of digital economy development on regional GTFEE 
is 0.312 at the significance level of 1%, and the direct effect 
is − 0.056. Therefore, the total effect is positive with 0.256 
at the significance level of 1%. The results show that digital 
economy development has a significant spatial spillover 
effect on regional GTFEE. Moreover, due to the nature of 
the SDM, the scope of this spatial overflow is global. That 
is, the spatial overflow does not occur only in local neigh-
boring regions. This result shows that the greater the digital 
economy input and the more advanced the digital economy 
at the regional level, the higher the level of digital devel-
opment in neighboring regions, which will likewise feed 
back into the original regions. The development of Internet 

Table 9  The impact of digital 
economy development on 
GTFEE

The prefix "ln" before the explanatory variables denotes a logarithmic form. ***, ** and * indicate signifi-
cance at 1%, 5% and 10% level, respectively. Figures in () are the standard errors

Variables Panel data model Spatial model (W1) Spatial model (W2)

(1) OLS (2) OLS_FE (3) SAR (4) SDM (5) SDM

lnDig  − 0.059***  − 0.041***  − 0.046***  − 0.054***  − 0.057***
(0.006) (0.010) (0.006) (0.007) (0.007)

lnGDP 0.067*** 0.184*** 0.108*** 0.176*** 0.195***
(0.018) (0.044) (0.019) (0.023) (0.024)

lnIS 0.020 0.007 0.036***  − 0.002 0.001
(0.013) (0.025) (0.013) (0.015) (0.016)

lnInv  − 0.031***  − 0.040***  − 0.034***  − 0.059***  − 0.053***
(0.007) (0.012) (0.007) (0.008) (0.007)

lnUrb  − 0.003  − 0.011  − 0.020**  − 0.028***  − 0.019*
(0.009) (0.016) (0.009) (0.011) (0.010)

lnFDI 0.008*** 0.009*** 0.009*** 0.008*** 0.006***
(0.002) (0.003) (0.002) (0.002) (0.002)

lnGov 0.037*** 0.037** 0.002 0.011 0.038***
(0.009) (0.017) (0.010) (0.012) (0.012)

lnHR 0.0004 0.0002 0.0008 0.0004 0.0001
(0.001) (0.002) (0.001) (0.001) (0.001)

lnRD 0.001  − 0.006  − 0.004*  − 0.008**  − 0.005
(0.003) (0.004) (0.002) (0.003) (0.003)

lnEnv 0.002 0.001 0.001 0.001 0.001
(0.002) (0.002) (0.002) (0.002) (0.002)

Con  − 0.572***  − 0.943***
(0.103) (0.226)

Spatial rho 0.138*** 0.143*** 0.557***
(0.020) (0.021) (0.077)

City effect No Yes Yes Yes Yes
Time effect No Yes No No No
Hausman test 28.50*** 664.46*** 825.09*** 303.26***
Wald test 240.726*** 198.068*** 120.041***
Observations 4496 4496 4496 4496 4496
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technologies, which is the basis of the digital economy, 
accelerates the flow of information, reduces the cost of 
information transmission, and greatly shortens the spati-
otemporal distance between regions. The increasing use 
of Internet technologies increases management efficiency, 
expands markets, and improves energy consumption 
structures. Thus, digital economy development promotes 
improvements in the GTFEE of neighboring regions by 
improving the quality of innovation and upgrading indus-
trial structures (Su et al. 2021).

Estimation results for the heterogeneity 
analysis

Different analysis of linear regressions

We study the heterogeneity of the baseline results for the 
geographical location and digital economy development 
level. Because the economic and digital economy devel-
opment levels differ across the vast territory of China, we 
divide our sample into smart and non-smart cities to analyze 
their different effects on GTFEE based on the demonstra-
tion sites for the Broadband China Strategy selected by the 
Ministry of Industry and Information Technology and the 

National Development and Reform Commission in three 
batches in 2014, 2015, and 2016 (Li et al. 2021b). The level 
of digital economy development is higher in smart cities 
than in non-smart cities; however, the demand for invest-
ment in digital infrastructure is higher in non-smart cities 
than in smart cities.

Table 11 shows the results of the regression. Columns 
(1) and (2) represent the basic dynamic panel model, 
columns (3) and (4) present the moderating effect of 
R&D investment (lnDig × RD), while columns (5) and 
(6) include the interaction of environmental regulations 
(lnDig × Env). From columns (1) and (2), the correlations 
between the digital economy and GTFEE are − 0.014 
and − 0.016 in smart cities and non-smart cities, respec-
tively. This result indicates that the negative effect on 
regional GTFEE in non-smart cities is more significant 
but becomes weaker with increasing digital economy 
development.

In columns (3) and (4), considering the moderation of 
regional R&D investment, the values for the interaction 
effect are 0.001 and 0.003 at the significance level of 10% 
in smart and non-smart cities, respectively, which indi-
cates the positive influence of digital technology devel-
opment on regional GTFEE with higher R&D invest-
ment. The result shows that technological progress is an 

Table 10  Estimation results of decomposition effects

The prefix "ln" before the explanatory variables denotes a logarithmic form. ***, ** and * indicate significance at 1%,5% and 10% level, respec-
tively. Figures in () are the standard errors

Variable 0–1 rook spatial weight matrix (W1) Inverse distance geographic matrix (W2)

(1) Direct effect (2) Indirect effect (3) Total effect (4) Direct effect (5) Indirect effect (6) Total effect

lnDig  − 0.053*** 0.024**  − 0.030***  − 0.056*** 0.312*** 0.256***
(0.007) (0.011) (0.010) (0.007) (0.092) (0.091)

lnGDP 0.171***  − 0.155*** 0.016 0.192***  − 0.835***  − 0.644**
(0.021) (0.037) (0.035) (0.023) (0.283) (0.282)

lnIS 0.002 0.081*** 0.083*** 0.002 0.290* 0.292*
(0.014) (0.023) (0.021) (0.015) (0.152) (0.151)

lnInv  − 0.057*** 0.065*** 0.007  − 0.053*** 0.261*** 0.208***
(0.007) (0.013) (0.012) (0.007) (0.074) (0.073)

lnUrb  − 0.028*** 0.016  − 0.012  − 0.019**  − 0.046  − 0.065
(0.010) (0.016) (0.014) (0.010) (0.144) (0.141)

lnFDI 0.008*** 0.000 0.009** 0.006*** 0.081** 0.087***
(0.002) (0.003) (0.004) (0.002) (0.033) (0.032)

lnGov 0.010  − 0.025  − 0.015 0.038***  − 0.075  − 0.038
(0.011) (0.019) (0.018) (0.012) (0.132) (0.131)

lnHR 0.000 0.001 0.001 0.000  − 0.026  − 0.026
(0.001) (0.002) (0.003) (0.001) (0.016) (0.016)

lnRD  − 0.008** 0.003  − 0.005  − 0.005  − 0.026*  − 0.030**
(0.003) (0.004) (0.004) (0.003) (0.015) (0.015)

lnEnv 0.001 0.000 0.001 0.001  − 0.016  − 0.015
(0.002) (0.004) (0.004) (0.002) (0.024) (0.024)
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important way for the digital economy to improve GTFEE 
in regions with a developing digital economy (Li et al. 
2021b). In addition, under environmental regulations, as 
shown in columns (5) and (6), the effect of digital economy 

development on regional GTFEE is negative in smart cities 
but positive in non-smart cities. However, these results 
are no longer significant, which may show that the digital 
economy has no positive effect on GTFEE in cities with 

Table 11  Estimation results of 
heterogeneity analysis

The prefix "ln" before the explanatory variables denotes a logarithmic form. ***, ** and * indicate signifi-
cance at1%, 5% and 10% level, respectively. Figures in () are the standard errors, figures in [] are thecor-
responding P-value

Variables Smart cities Smart cities Smart cities

(1) Yes (2) No (3) Yes (4) No (5) Yes (6) No

L_GTFEE 0.896*** 0.686*** 0.897*** 0.672*** 0.895*** 0.781***
(0.034) (0.118) (0.035) (0.109) (0.034) (0.069)

lnDig  − 0.014**  − 0.016*  − 0.013*  − 0.025**  − 0.015  − 0.005
(0.007) (0.010) (0.007) (0.010) (0.011) (0.014)

lnDig*RD 0.001* 0.003*
(0.001) (0.001)

lnDig*Env  − 0.001 0.001
(0.002) (0.002)

lnRD 0.019*** 0.038***
(0.007) (0.014)

lnEnv  − 0.003 0.015
(0.017) (0.022)

Controls Yes Yes Yes Yes Yes Yes
Constant  − 0.149  − 0.074  − 0.047  − 0.111  − 0.170 0.043

(0.097) (0.139) (0.102) (0.148) (0.139) (0.159)
AR(2) 1.700 1.180 1.700 1.180 1.700 1.180

[0.089] [0.237] [0.089] [0.237] [0.089] [0.237]
Sargan test 135.560*** 259.840*** 132.320*** 297.310*** 136.030*** 307.970***
City fixed effect Yes Yes Yes Yes Yes Yes
Observations 1500 2715 1500 2715 1500 2715

Table 12  Heterogeneity analysis of non-linear regression

The prefix "ln" before the explanatory variables denotes a logarithmic form. ***, ** and * indicate significance at1%, 5% and 10% level, respec-
tively. Z values are denoted in parentheses; the confidence interval of the threshold values is denoted in []

Variables lnDig lnRD lnEnv

(1) Smart cities (2) Non-smart cities (3) Smart cities (4) Non-smart cities (5) Smart cities (6) Non-smart cities

Threshold value  − 9.587***  − 8.853*** 1.027*** 0.841***  − 5.118***  − 5.249***
[− 9.925 − 9.249] [− 8.888 − 8.819] [ 0.750 1.304] [0.775 0.908] [− 5.301 − 4.936] [− 5.290 − 5.208]

L.GTFEE 0.226*** 0.602 0.500*** 0.426*** 0.319*** 0.392***
(7.26) (115.89) (31.51) (62.08) (31.65) (100.59)

Below_thres  − 0.199***  − 0.028  − 0.049  − 0.003* 0.159*** 0.026***
(− 10.43) (− 16.04) (− 13.26) (− 1.75) (4.34) (12.01)

Above_thres 0.225*** 0.009** 0.077***  − 0.031***  − 0.023**  − 0.034
(9.08) (2.07) (5.88) (− 6.21) (− 2.03) (− 8.09)

Cons 2.931*** 0.985*** 1.908***  − 0.139*  − 1.133***  − 0.718***
(9.04) (12.76) (7.66) (− 1.79) (− 4.71) (− 9.91)

Control Variables Yes Yes Yes Yes Yes Yes
City fixed effect Yes Yes Yes Yes Yes Yes
Observations 1,600 2,896 1,600 2,896 1,600 2,896
Number of cities 100 181 100 181 100 181
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higher levels of digitalization governance developed by 
regional governments.

Different analysis of the nonlinear regressions

Table 12 shows the different analysis of the nonlinear 
regressions in different city groups, where columns (1) 
and (2) report the results using the digital economy 
(lnDig) as the threshold value, columns (3) and (4) pre-
sent the results using the R&D investment (lnRD) as 
the threshold value, while columns (5) and (6) show the 
results using the environmental regulations (lnEnv) as the 
threshold value.

As shown in columns (1) and (2), the correlations 
of digital economy on GTFEE are − 0.199 and − 0.028 
below the threshold value, while the correlations are 
0.225 and 0.009 at the significance level above the 
threshold value, which indicates that digital economy 
development improves GTFEE while the development of 
digital economy is above the threshold variable. Consid-
ering R&D investment (lnRD) as the threshold variable, 
in column (3), it can be found that the impact of the 
digital economy on GTFEE in smart cities is negative 
with − 0.049, while it is positive with 0.077 at the 1% 
level when the R&D investment is over the threshold 
value of 1.0269. From column (4), however, the threshold 
values do not show clear changes and always show a neg-
ative impact on GTFEE in non-smart cities. These results 
indicate that the digital economy improves GTFEE when 
moderated by R&D investment in matching the develop-
ment level of the digital economy; however, this will 
inhibit the improvement in GTFEE. Finally, consider-
ing environmental regulations (lnEnv) as the threshold 
variable, in columns (5) and (6), it can be seen that the 
correlations of digital economy on GTFEE are 0.159 and 
0.026 at the significant level of 1% below the threshold 
value in smart cities or not, while the impacts of the digi-
tal economy on GTFEE are negative in different groups 

over the threshold value, which shows that environmen-
tal regulations should be matched with the development 
of the digital economy; otherwise, it will restrain the 
improvement in GTFEE.

Robustness test for the nonspatial econometric 
model

To verify the reliability of the regression results, we also 
conduct the following robustness tests shown as in Table 13. 
First, according to Yang et al. (2019), we adopt the gradi-
ent of each city as the instrument variable. Although urban 
gradient affects digital infrastructure construction, it does 
not change with the change of economic development, which 
meets the requirement of exclusion. In column (1), the result 
shows that the coefficient of digital economy on the GTFEE 
is significant and negative at the 1% level.

Second, in order to avoid measurement deviation of digi-
tal economy indicators, we replace explanatory variables. 
The Broadband China strategy in China was officially 
launched in 2014, which represented the government’s sup-
port for information infrastructure and digital infrastructure. 
Regarding the piloted cities of Broadband China strategy as 
the exogenous policy shock of digital economy, we introduce 
a difference-in-differences (DID) to verify the relationship 
between digital economy and GTFEE. From column (2), it 
can be found that the coefficient of digital economy is nega-
tive and significant at the 5% level, reconfirming the reliabil-
ity of our finding. Besides, we replace the comprehensive 
index of digital economy calculated by the main Internet 
Indicators and the digital financial inclusion index obtained 
from Peking University. In columns (3) and (4), the results of 
regression under OLS_FE and SYS-GMM are shown that it 
is significant the coefficient of digital economy with − 0.614 
and − 0.377 at the 5% level.

Finally, we refer to Li et al. (2021a) in replacing the cal-
culation method for GTFEE in our robustness test. This 
paper calculates the GTFEE values using an EBM model, 

Table 13  Empirical results of 
robustness tests

The prefix "ln" before the explanatory variables denotes a logarithmic form. ***, ** and * indicate signifi-
cance at 1%, 5% and 10% level, respectively. Figures in () are the standard errors

Variables (1) (2) (3) (4) (5) (6)
2SLS DID OLS_FE SYS-GMM OLS_FE SYS-GMM

L_GTFEE 1.046***
(0.181)

L_EBMEE 0.665***
(0.086)

lnDig  − 0.598***  − 0.034*  − 0.614**  − 0.377**  − 0.027**  − 0.031***
(0.095) (0.020) (0.247) (0.158) (0.011) (0.008)

Controls Yes Yes Yes Yes Yes Yes
Observations 4,496 4,496 2,248 1686 4,496 4,215
Number of cities 281 281 281 281 281 281
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which is a hybrid or composite model with both radial and 
non-radial distance functions. The EBM model can deal with 
cases where input and output variables have both radial and 
non-radial characteristics (Gao et al. 2021). We measure 
GTFEE by the EBM method as EBMEE, which is used as 
the explanatory variable. We conduct the empirical regres-
sions again for each model above. Columns (5) and (6) in 
Tables 13 show that the coefficient for digital economy 
development is significantly negative at the 5% level under 
OLS_FE and SYS-GMM. The overall results of the robust-
ness test based on linear regression are consistent with those 
in Table 3, showing the robustness of our conclusion. The 
results of the robustness test of the nonlinear regression in 
Table 14 also match the estimated results in Table 6, demon-
strating the robustness of the nonlinear relationship between 
the digital economy and GTFEE.

Conclusion and policy implications

This study constructs a comprehensive measurement system 
for the digital economy and GTFEE based on the panel data 
from 281 prefectural-level cities in China from 2003 to 2018. 
This paper adopts OLS regression and system GMM esti-
mations to empirically analyze the direct impact of digital 
economy development on GTFEE, the intermediary mecha-
nisms of R&D investment and environmental regulations, 
and the mediation effect of electrification, hollowing out of 
industrial scale, and hollowing out of industrial efficiency. 
The dynamic threshold panel model is set up to reveal the 
nonlinear relationship between digital economy and GTFEE 
with digital economy development, R&D investment, and 

environmental regulations as threshold variables. Further-
more, this paper adopts the SDM to analyze the indirect 
impact of the digital economy on GTFEE under 0–1 rook 
spatial weight matrix (W1) and reverse distance geographic 
weight matrix (W2). Finally, this study divides the research 
samples into different regions (i.e., smart and non-smart cit-
ies) to study the regional heterogeneity of the effect of digital 
economy development on GTFEE.

Our main research conclusions are as follows. First, digi-
tal economy development has a negative direct effect on 
GTFEE, and the robustness test after replacing the calcula-
tion method for GTFEE is still valid. Second, the results 
for the transmission mechanism show that digital economy 
development can improve GTFEE through technological 
progress and environmental regulations, while it also can 
reduce GTFEE through the mechanisms of electrification, 
hollowing out of industrial scale, and hollowing out of 
industrial efficiency. Third, the regression results from our 
dynamic threshold panel model show that although much 
stricter environmental regulations will lead to a decline in 
GTFEE, the effect of increasing digital economy develop-
ment on GTFEE significantly inverts from negative to posi-
tive. Fourth, when the SDM is used with different spatial 
matrixes (i.e., W1 and W2), the indirect effects of digital 
economy development on GTFEE are significantly positive. 
Finally, in terms of different regions, the negative effect of 
digital economy development on GTFEE in smart cities is 
weaker than that in non-smart cities. In addition, technologi-
cal progress significantly promotes the positive effect of the 
digital economy on GTFEE when above the threshold for 
R&D investment. Regardless of whether in smart cities or 
in non-smart cities, however, the positive effect of the digital 
economy on GTFEE inverts from positive to negative when 
above the threshold for environmental regulations.

Based on our research conclusions, we propose the fol-
lowing two policy recommendations.

Considering the negative effect of the digital economy 
on GTFEE, to achieve the win–win outcome of fostering 
economic development while inhibiting haze pollution in 
China, local government departments should play an active 
role in promoting the development of green technologies. 
First, with the spread of digital networks, the energy costs 
and electrical requirements for telecommunication com-
panies and Internet service providers’ infrastructure are 
continuously increasing. To achieve energy savings, gov-
ernment departments should promote advanced Internet 
technologies and projects and develop standard processes 
and related infrastructure to design and invest in green net-
works and data centers with energy-aware systems. Second, 
to mitigate the adverse effects of the digital economy on 
GTFEE, government departments should promote the use 
of renewable energy and provide support for improving the 
green competitiveness of industrial enterprises. Meanwhile, 

Table 14  Robustness test of non-linear regression

The prefix ln before the explanatory variables denotes a logarithmic 
form. Figures in () are the standard errors
*** Significance at 1% level; **significance at 5% level; *significance 
at 10% level

Variables (1) (2) (3)
lnDig lnRD lnEnv

Threshold 
value

 − 9.104*** 0.626***  − 5.240***
[− 9.215 − 8.993] [0.512 0.739] [− 5.314 − 5.165]

L.GTFEE 0.493*** 0.429*** 0.394***
(43.75) (47.15) (40.27)

Below_thres  − 0.035***  − 0.425*** 0.010***
(− 6.07) (− 11.92) (2.98)

Above_thres 0.038*** 0.037***  − 0.074***
(4.24) (5.73) (− 11.59)

Control Vari-
ables

Yes Yes Yes

City fixed effect Yes Yes Yes
Observations 4,496 4,496 4,496
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data ownership should be clarified and protected by the law 
system, which can promote sharing and exchanging the 
data, and can decline the repetitive storage and computing 
to reduce the electricity consumption and greenhouse gas 
emissions. Therefore, government departments should high-
light the cost-effective utility of participating in the digital 
economy and changing energy consumption structures to 
achieve carbon intensity targets.

Taking the negative effect of digital economy on 
GTFEE by the mechanisms of electrification, hollowing 
out of industrial scale, and hollowing out of industrial effi-
ciency, the following measures could be taken to reduce 
the negative effect and improve the GTFEE. First, industry 
4.0 should be rapidly constructed to reshape the scenes of 
product process, management, marketing, and sales, which 
can improve the industry productivity giving rise to save 
energy and thereby enhance the GTFEE. Second, the pol-
icy system should be perfected to prevent the monopoly 
raised from the Internet business that would cause the loss 
of industry efficiency. Third, the digitalization because of 
digital technologies requests higher education level and 
highly skilled labors; to match the request, the govern-
ment and corporations should provide more chances for 
the labors to further study; additionally, the labors can 
learn more through sharing knowledge.

The findings show that with greater digital economy 
development and technological progress, digital economy 
development can more significantly promote GTFEE. 
However, there is a spatial spillover effect of the digital 
economy on GTFEE. Therefore, government departments 
and enterprises should work to construct an “Environmen-
tal Observation Web” as an observation center based on 
cross-cluster systems to observe and present environmen-
tal data in a standardized way to understand environmental 
processes and their interdependencies. The Environmental 
Observation Web incorporates environmental data with 
the geospatial and scalable processing capabilities of 
Internet-based tools, such as cloud computing, IoT, and 
big data processing. An advanced, integrated environ-
mental assessment system that incorporates the socioeco-
nomic, energy, and digital technology systems, such as 
IoT and cloud-based novel approaches, should be built to 
achieve the dynamic, real-time collection of energy con-
sumption–related data. Local governments should focus 
on spilling over their technological innovations across 
regional barriers, launching cooperative programs, and 
constructing decentralized infrastructure to strengthen the 
heterogeneous impact of the digital economy on GTFEE 
in different regions.
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