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Abstract
This study investigates the impact of the digital economy (DE) on green total factor productivity (GTFP) and its transmis-
sion mechanism. Using panel data from 256 cities in China from 2009 to 2020, the study examines a directional distance 
function and the Malmquist–Luenberger productivity index to estimate the GTFP growth and constructs an ordinary least 
squares model to explore the impact effect and mechanism. Three findings are drawn from the estimation results: (1) The 
DE has significantly promoted GTFP. (2) Technological innovation has significantly aided in the promotion of GTFP. (3) 
By encouraging technological innovation, the DE further enhances the promotion of GTFP, verifying the DE → technology 
innovation → green conduction mechanism of total factor productivity.

Keywords Digital economy · Green total factor productivity growth · Technical innovation · China · Malmquist–
Luenberger productivity index

1 Introduction

Although industrialisation and urbanisation have brought 
high economic growth to countries around the world, they 
also caused serious energy waste and environmental pollu-
tion, leading to unsustainable growth in the global economy 
[1]. China has achieved world-renowned economic success 
since its reform and opening up, but it is also confronted 
with these challenges [2, 3]. China has implemented many 
environmental policies, such as supply-side reform, pro-
moting industrial upgrading and technological innovation 
to effectively reduce environmental pollution [4]. However, 
environmental pollution in China is still serious at present. 
According to the 2022 Global Environmental Performance 
Index report, China’s overall environmental performance 
ranks 160 out of 180 countries and regions, implying a sig-
nificant gap between China’s environmental performance 
and that of developed countries and an urgent need for 
environmental governance. Furthermore, World Bank data 
show that China’s primary energy intensity in 2015 was 81% 
higher than that of Japan and 24% higher than that of the 

United States, indicating a relatively high level of energy 
waste in China. As a result, severe environmental pollution 
and energy waste limit China’s ability to develop a green 
economy [5]. Green total factor productivity (GTFP) is an 
integrated efficiency that simultaneously considers economic 
growth, energy consumption, and environmental pollution 
[6]. Therefore, an in-depth study of GTFP can help China 
to achieve a green development path while maintaining eco-
nomic growth and inspire other countries to achieve green 
development.

In the new industrial technology revolution, impor-
tant digital technologies such as big data, artificial intel-
ligence and cloud computing are unstoppable in global 
development and will largely determine a country’s com-
petitiveness [7]. According to a United Nations Interna-
tional Trade Bureau economic report, the global digital 
economy (DE) share of gross domestic product (GDP) is 
between 4.5 and 15.5%, with China and the United States 
accounting for 40% of the global value added in informa-
tion and communication technologies; the DE will become 
an important factor in global economic prosperity [8]. In 
addition, according to the ‘White Paper on the Develop-
ment of the Global DE in 2021’ released by the China 
Academy of Information and Communication Technology, 
China’s DE reached US$5.4 trillion in 2020, ranking sec-
ond in the world, with a world highest year-on-year growth 
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of 9.6%, indicating that China’s DE has a huge potential 
for expansion.

Technological innovation is an important force for the 
development of human society and economics [9–11]. 
Concentrated in the field of environmental protection and 
energy conservation, green technological innovation is an 
important component of technological innovation and can 
significantly increase GTFP and reduce negative impacts 
on environmental systems [12–14].

The Global Innovation Index 2020, published by the 
World Intellectual Property Organization, shows a high 
level of global innovation activity. Innovation is shifting 
eastward, and China, in particular, is increasing promi-
nence as an innovation leader. However, Yale University’s 
2018 Environmental Performance Index [15] ranks China 
120th out of 180 regions. China still lags behind the rest 
of the world in terms of environmental performance and 
has a long way to go. Is China’s technological innovation 
fully effective? This is an important question that deserves 
more thought. On the one hand, because of the prevalence 
of international green trade barriers in the context of 
the global ‘green’ revolution, countries cannot avoid the 
need for green technological innovation if they want to 
strengthen their overall power [16]. On the other hand, 
to transform the drivers of economic growth, the role of 
green technological innovation in increasing GTFP must 
be enhanced [17]. Existing studies suggest that the DE 
may contribute to economic growth by driving technologi-
cal innovation [6, 18, 19]. Therefore, empirical research is 
needed to investigate the technological innovation effect 
on GTFP under the influence of the DE.

The DE may influence GTFP in three aspects, namely 
technological innovation promotion, energy conservation 
and pollution reduction, and increasing market uncertainty. 
In light of this, this paper will contribute to the existing 
literature in two ways: first, because China has become the 
world’s second-largest digital country, this paper examines 
the impact mechanism of the DE on GTFP from a techno-
logical innovation perspective; second, DE, technological 
innovation and GTFP are brought into the same logical 
framework, so as to quantitatively identify whether DE 
further affects GTFP by promoting technological innova-
tion and empirically test the impact of fiscal pressure on 
GTFP and its transmission mechanism.

The remainder of this study is organised as follows: 
Sect. 2 reviews related literature and identifies gaps in the 
literature. Section 3 generates three hypotheses based on 
previous research and inference. Section 4 cites the empir-
ical results. Section 5 further discusses the impact of the 
DE on technological innovation and GTFP, concludes the 
paper and offers some policy suggestions.

2  Literature Review

2.1  Formation Mechanism of Regional GTFP

GTFP is the economic efficiency obtained by incorporat-
ing energy consumption and environmental factors into 
the production function, that is, emphasising energy effi-
ciency optimisation and environmental quality improve-
ment while considering economic growth [20–24]. It is a 
measure of the contribution of technology to green eco-
nomic growth, which cannot be explained by the input 
of labour and capital factors. Solow proposed total factor 
productivity (TFP) as a measure of production technology, 
but Fare et al. argued that its assumption of zero harmful 
inputs or outputs results in measurement bias [25, 26]. Due 
to the limited supply of energy and environmental car-
rying capacity, some scholars consider including energy 
consumption and pollution in TFP and referring to it as 
GTFP [22, 27–29]. Most empirical results show that the 
TFP considering energy consumption and non-desired 
output is significantly lower than the TFP ignoring them 
[30, 31], indicating that energy consumption and envi-
ronmental pollution cannot be ignored when measuring 
economic efficiency. Furthermore, Meeusen and Broeck 
(1977) decomposed TFP into technical efficiency and 
technological progress, allowing researchers to study the 
specific sources of economic efficiency [32]. The distance 
between actual production and the optimal production 
frontier is reflected in technical efficiency, whereas the 
movement of that frontier is explained by technical pro-
gress [33, 34]. According to the existing literature, factors 
affecting technical efficiency include the introduction of 
advanced management methods and concepts and changes 
in production organisation and management systems [35], 
while technological progress comes mainly from scientific 
discoveries, inventions, innovations, and technological dif-
fusion [36–38].

2.2  Measurement and Socioeconomic Dividends 
of the DE

Existing research has extensively explored the measure-
ment and socioeconomic benefits of the DE. Some scholars 
have used a single indicator, such as Internet coverage or 
Internet access per capita, to measure the level of the DE 
[39], whereas more scholars have subsequently criticised 
that one indicator does not accurately and comprehen-
sively reflect the development of the DE [40]. The Euro-
pean Union estimates five dimensions based on the Digital 
Economy and Society Index, such as digital technology 
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adoption and Internet adoption, while the World Economic 
Forum publishes the Network Readiness Index to measure 
the level of information technology in countries around the 
world. It is now common for scholars to adopt a system 
of indicators to reflect the true picture of the DE. Further-
more, scholars have conducted a wealth of research on the 
socioeconomic impacts of the DE. At the micro level, the 
DE’s new business models have changed consumer behav-
iour, putting significant pressure on traditional businesses 
[19]. In addition, the DE has effectively reduced the cost of 
businesses searching for and transmitting information [41]. 
From a macro perspective, most studies show that the DE 
promotes economic growth [42]. The DE encourages both 
investment and consumption [43]. The DE has also driven 
the industrial economy to shift from labour-intensive to 
technology-intensive, which has strongly stimulated indus-
trial development [44]. Wu et al. found that the DE has 
continuously improved infrastructure development [45].

2.3  Mechanism of Green Technology Innovation 
in GTFP

Green technology innovation can improve pollution control 
and high-tech product quality. Being an important influenc-
ing factor of GTFP, it supports the high-quality development 
of the green economy. However, Economists’ research find-
ings on the impact of green technology innovation on GTFP 
are inconsistent. These studies suggest that green technology 
innovation may affect TFP, which can be explained in three 
main ways. One is that firms are driven by the core value of 
profit maximisation to carry out green technology innova-
tion activities. Marin demonstrates that green technology 
innovation under environmental regulation can indeed have 
a compensating effect and increase corporate profits in the 
Italian manufacturing industry [46]. Apak and Atay sug-
gest that green technology innovation can improve the firm’s 
global competitiveness [47]. He confirmed that green tech-
nology innovation effectively contributes to industrial TFP 
by improving production-related cleanliness and technologi-
cal processes [48]. Second, social supervisors and govern-
ments develop sustainable development policies contribut-
ing to green technology innovation. Fan and Sun claim that 
green technology innovation is the primary driver of green 
economy development, and the specific effect path is that 
environmental regulatory policies promote green economy 
development by stimulating green technology innovation 
[49]. Xia et al. argue that the media can promote green 
economy development by regulating corporate green inno-
vation behaviour, alleviating information asymmetry and 
reducing corporate green financing pressure to increase the 
impact of green technology innovation. Third, due to exter-
nalities, green technology innovation is not fully effective 

[50]. Rennings suggests that green technology innovation 
has dual externalities [51]. On the one hand, firms bear the 
costs of green innovation while receiving the corresponding 
benefits. On the other hand, pollution costs do not include 
production and operational costs. By not including produc-
tion and operational costs, firms lack incentives to innovate.

To sum up, although scholars pay attention to the impact 
of DE and technological innovation on the green economy 
and TFP, no literature has explored the intrinsic logical rela-
tionship between technological innovation and the DE. As a 
result, this paper will enrich the existing literature primarily 
from the following perspectives: First, it explores the impact 
mechanism of green technology innovation on TFP. Second, 
the DE, technology innovation and GTFP are brought into 
the same logical framework to examine empirical DE’s influ-
ence on technology innovation and its transmission mecha-
nism and quantitatively identify whether the DE affects 
GTFP by promoting technology innovation.

3  Theoretical Analysis and Research 
Hypothesis

The DE is one of China’s most dynamic economic develop-
ment areas. It has the inherent advantages of crossing space 
and reducing information asymmetry, thus increasing GTFP 
[48]. On the one hand, the DE itself is an energy-efficient 
and environmentally friendly online business model and 
an important embodiment of green transactions. With the 
help of the Internet, especially the improvement in artificial 
intelligence, the DE has compressed spatial and temporal 
distances [49], reducing traditional industries’ costs and 
increasing TFP. On the other hand, the DE has redefined 
the traditional trust mechanism in the transaction process 
by moving it from offline to online. Information technol-
ogy such as big data have greatly reduced transaction costs, 
making transaction information more transparent and 
building buy-seller credit relationships through technology. 
Especially with the development of blockchain technology, 
decentralisation minimises the cost and risk of economic 
transactions. Therefore, this article proposes the following 
hypotheses.

Hypothesis 1: The DE improves China’s GTFP.

In recent years, China’s high-quality development sys-
tem has developed in all directions, with a focus on GTFP. 
Accordingly, aiming to adjust the economic structure, 
the supply side is involved in technology innovation, and 
structural reform gradually moves towards a green econ-
omy, accelerating the development of a high-quality main 
fulcrum [50]. On the one hand, the DE can enhance the 
resource allocation efficiency of technological innovation 
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by optimising production patterns and incubating pollu-
tion control technologies. Applying oil and gas recycling 
and carbon capture, utilisation and storage technology 
in industrial production can effectively reduce the unit 
output of pollutants and increase the level of GTFP in 
the long run. On the other hand, strict environmental and 
emission standards will form a more efficient green tech-
nology innovation incentive mechanism, further increas-
ing the share of low-energy, low-pollution, and high-
value-added green industries in the industrial structure 
and has a long-term and positive supporting effect on the 
improvement of GTFP.

Hypothesis 2: Technology innovation promotes 
China’s GTFP improvements.

China’s economy has shifted from the high-speed 
growth stage to the high-quality growth stage. In this 
critical period of transformation, innovation is the key 
to realising economic development; and the DE is one of 
the driving forces.

The vigorous development of the DE brings new 
opportunities for the improvement of city innovation 
capabilities; digital technology is characterised by 
‘growth’ and ‘homogeneity’, enabling continuous prod-
uct iteration, breaking industry boundaries and integrat-
ing innovation. The popularity of technology can lower 
the entry barriers of some industries. The development 
of big data is based on the integrated development of 
data streams, which effectively integrate resources such 
as capital, talent, cloud computing, artificial intelligence 
and other technologies. This makes the technology more 
general and universal, improving the efficiency of inno-
vation and providing new developing power, thus raising 
the GTFP.

Hypothesis 3: The DE promotes technology innova-
tion and China’s GTFP improvement.

4  Research Design

4.1  Mechanism of Green Technology Innovation 
in Green Total Factor Productivity

The directional distance function (DDF) encourages the 
expansion of desired output and the minimisation of pollu-
tion emissions and is thus consistent with the concept of sus-
tainable development. Based on this, we will adopt the DDF 
and measure China’s GTFP through the Malmquist–Luen-
berger (ML) productivity index [52].

First, we define an environmental technology model that 
includes both desired and undesired outputs and assume that 
the desired output vector is y, the undesired output vector is 
b, and the input vector is x. It can be expressed as an output 
set in Eq. (1).

In Eq. (1), p(x) denotes the set of production possibili-
ties for ‘good’ and ‘bad’ outputs produced for input x ∈ RN

+
 . 

Environmental technologies need to satisfy three assump-
tions: first, the non-desired outputs are jointly weakly dis-
posable, and second, the desired and undesired outputs are 
not mutually exclusive, and third, input x and desired output 
y are strongly disposable. As shown in Fig. 1, p(x) is the pro-
duction possibility of two outputs (y, b) for a given input x.

Environmental technology provides a set of production 
possibilities, which is the basis for measuring GTFP. Thus, 
each industry can be considered a production decision unit, 
and the DDF can then calculate the relative efficiency of 
each decision unit, as in Eq. (2).

In the above equation, g is the directional vector, which 
reflects the preference for desired and undesired outputs. 

(1)p(x) = {(y, b) ∶ x can produce(y, b)}, x ∈ RN
+
.

(2)
⇀

D0(x, y, b;g) = sup {� ∶ (y, b)+�g ∈ p(x)}.

Fig. 1  Production possibility 
boundaries and distance func-
tions RETRACTED A
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Following the suggestion of Chung et al. (1997). g is set 
as g = (y, − b), which represents the directional vector of 
increase or decrease of desired and undesired outputs. 
Thus, DDF denotes the maximum multiple that can be 
expanded along the directional vector g and output vector 
(y b,)when the input vector x is certain. As shown in Fig. 1, 
if the undesired environmental output is not considered, 
the desired output and the undesired output will increase 
simultaneously, i.e., point A will be projected to point C 
in the same proportion. However, when the environmental 
non-desired output is considered, the production decision 
cell A will expand along the direction vector g = (gy, − gb) 
to point B on the production possibility boundary, imply-
ing maximisation of gross industrial output and minimi-
sation of pollution emissions. When more than two types 
of outputs exist, they can be solved by constructing linear 
programming of Eq. (3).

In Eq. (3), N, S and M denote the types of input fac-
tors, desired outputs and undesired outputs, respectively, 
a n d  x =

(

x1, x2,… , xN
)

∈ R+
N
y =

(

y1, y2,… , ys
)

∈ R+
s

b =
(

b1, b2,… , bM
)

∈ R+
M

 .K is the kth k = 1, 2,… ,K deci-
sion unit, t = 1,2,,T denotes the period, and �t

k
 denotes the 

weight of each cross-sectional observation.
With the DDF, the TFP index can be constructed. Based 

on the output perspective, the ML productivity index for 
periods t to t + 1 is given by Eq. (4).

The ML index can be further decomposed into the tech-
nical efficiency change (EFFCH) and the technical pro-
gress change (TECH). EFFCH indicates output growth 
due to changes in intra-producer efficiency, which mainly 
originates from pure technical efficiency change and 
production scale efficiency change, and TECH indicates 

(3)

⇀

Dt
0

(

xt, yt, bt;yt,−bt
)

= max �

s.t.

K
∑

k=1

�t
k
xt
kn
≥xt

kn
�t
k
≥ 0

s.t.

K
∑

k=1

�t
k
bt
km

≥ (1 + �)bt
ks

K
∑

k=1

�t
k
xt
kn
≥ xt

kn
�t
k
≥ 0

s = 1, 2, .., S;m = 1, 2, ...,M; n = 1, 2, ...,N k = 1, 2, ..,K.

(4)

MLt+1
t

=

{ [

1 + Dt
0
(xt, yt, bt;gt)

]

[

1 + Dt
0

(

xt+1, yt+1, bt+1;gt+1
)]

×

[

1 + Dt+1
0

(xt, yt, bt;gt)
]

[

1 + Dt+1
0

(

xt+1, yt+1, bt+1;gt+1
)]

}
1

2

.

output growth due to technological progress, as shown in 
Eqs. (5) and (6).

ML > 0 indicates GTFP growth, and ML < 0 indicates 
GTFP decline; EFFCH > 0, TECH > 0, and EFFCH > 0 
indicate GTFP growth. EFFCH > 0, TECH > 0, and 
EFFCH < 0 indicate GTFP decline. EFFCH > 0 and 
TECH > 0 indicate technical efficiency improvement and 
frontier technology advancement, respectively, while 
EFFCH < 0 and TECH EFFCH > 0 and TECH > 0 indicate 
technical efficiency improvement and frontier technology 
progress, and EFFCH < 0 and TECH < 0 indicate technical 
efficiency deterioration and frontier technology regression, 
respectively.

The calculation of the ML productivity index 
requires solving four DDFs using linear program-
ming, where the current period distance functions are 
Dt

0
(xt, yt, bt;gt) , Dt+1

0
(xt, yt, bt;gt) for periods t and t + 1, 

respectively. In addition, two hybrid DDFs need to be 
solved, i.e., the distance function for period t using the 
Dt+1

0

(

xt+1, yt+1, bt+1;gt+1
)

 measure based on the t + 1 period 
technique and the distance function for period t + 1 using 
the Dt

0

(

xt+1, yt+1, bt+1;gt+1
)

 measure based on the t period 
technique.

At the same time, because the ML productivity index 
reflects the GTFP growth rate, i.e., the change in green 
productivity relative to the previous year, the measured 
ML productivity index and its decomposition must be 
adjusted accordingly to obtain the actual value of GTFP 
and its decomposition, which is obtained by multiplying 
the measured ML productivity index by the Kew adjust-
ment method. The ML decomposition is calculated with 
2003 as the base period, implying that its GTFP is 1. The 
GTFP of 2010 is the base period value of 2009 multiplied 
by the ML index of 2010, the GTFP of 2011 is the GTFP 
of 2010 multiplied by the ML index of 2005, and so on. 
The ML decomposition is calculated in the same way as 
the ML index, and the adjusted ML index and decomposi-
tion for 2009–2020 are obtained.

4.2  Empirical Models

To explore the relationship between DE, technological inno-
vation and GTFP and identify the GTFP of the DE and tech-
nological innovation, this study includes the interaction of 
the DE and technological innovation in the model.

(5)EFFCHt+1
t

=

[

1 + Dt+1
0

(xt, yt, bt;gt)
]

[

1 + Dt+1
0

(

xt+1, yt+1, bt+1;gt+1
)]

(6)

TECHt+1
t =

{[

1 + Dt+1
0 (xt , yt , bt;gt)

]

[

1 + Dt
0(xt , yt , bt;gt)

] ×

[

1 + Dt+1
0

(

xt+1, yt+1, bt+1;gt+1
)]

[

1 + Dt
0
(

xt+1, yt+1, bt+1;gt+1
)]

}
1
2

.
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We used the following models, which were derived from 
previous studies [53]:

Specifically, i denotes the province, t represents the time 
of year, and GTFPit is the variable explaining GTFP. DEit as 
the core DE index variable, is expected to estimate a positive 
coefficient. INNit is the core technology innovation index 
variable and is expected to estimate a positive coefficient 
DEit ◻INNit denotes the DE and the interaction of technol-
ogy innovation items; if the estimated coefficient signifi-
cantly and positively interacts with the items, then the DE 
will promote technology innovation for the promotion of 
GTFP. αcontrol is the control variable, and �0 is the constant 
term; �i denotes an effect-observed area, and �i is the random 
error term.

Because the GTFP has time continuity, so Eq. (7–9) is 
more of a static panel. Therefore, the lag issue of GTFP is 
added to the measurement of Eq. (10–12) using the dynamic 
panel model. The characteristics of time help reflect the 
dynamic characteristics of explanatory variables and over-
come the endogenous related issues of the model to a certain 
extent. The dynamic panel model equation of the design is 
as follows:

(7)

ln(GTFP)it =�0 + �1ln(DE)it + �2ln(GOV)it + �3ln(YKS)it

+ �4ln(FIN)it + �5ln(R&D)it

+ �6ln(HUM)it + �7ln(FDI)it + �
i
+ �

it

(8)

ln (GTFP)it =�0 + �
1
ln (INN)it + �

2
ln (GOV)it

+ �
3
ln (YKS)it + �

4
ln (FIN)it + �

5
ln (R&D)it

+ �
6
ln (HUM)it + �

7
ln (FDI)it + �

i
+ �

it

(9)

ln (GTFP)it =�0 + �
1
ln (DE)it + �

2
ln (INN)it

+ �
3
ln (DE × INN)it + �

4
ln (YKS)it

+ �
5
ln (FIN)it.

+ �
6
ln (R&D)it + �

7
ln (HUM)it

+ �
8
ln (GOV)it + �

9
ln (FDI)it + �

i
+ �

it

(10)

ln(GTFP)it =�0 + �
1
ln(GTFP)it−1 + �

2
ln(DE)it

+ �
3
ln(YKS)it + �

4
ln(FIN)it + �

5
ln(R&D)it

+ �
6
ln(HUM)it + �

7
ln(FDI)it + �

i
+ �

it

(11)

ln (GTFP)it =�0 + �
1
ln (GTFP)it−1 + �

2
ln (INN)it

+ �
3
ln (GOV)it + �

4
ln (YKS)it + �

5
ln (FIN)it

+ �
6
ln (R&D)it + �

7
ln (HUM)it + �

8
ln (FDI)it

+ �
i
+ �

it

According to Eq. (10–12), GTFPit−1 is the lag of GTFP; 
the meanings of the other ̄ symbolic variables are the same 
as those of Eq. (7–9). In real life, economic relationships 
adjust dynamically over time, and scholars construct 
data models to study them. The dynamic panel model 
is a further development of the panel data model, which 
includes a one-period or several-period lagged terms of the 
explained variables. The systematic generalised method 
of moments (GMM) estimation method is chosen, which 
can effectively control the heteroskedasticity of the model 
and the possible endogeneity problem of dynamic data and 
make full use of sample information, thus obtaining more 
convincing results. The pre-condition of the GMM method 
is that the number of individuals should be large enough, 
but the time need not be too long. Data from 256 local 
cities during 2009–2020 are studied, which satisfies its 
pre-condition, so GMM is chosen to ensure the unbiased 
estimation of the regression.

4.3  Variable Measurement

4.3.1  Dependent Variable

This paper aims to explain the variables of GTFP. Green 
economy development places a greater emphasis on eco-
nomic benefits and high environmental pollution, unteth-
ered from high energy consumption. To measure GTFP, 
both environmental pollution and energy consumption 
must be included in the traditional TFP analysis frame-
work. This paper contains the desired output and the 
desired output of the production possibilities set and 
measures TFP in China’s 256 cities from 2009 to 2020 
based on the radial DDF of the ML productivity index. In 
particular, the GTFP of input and output variable selection 
is measured as follows:

(1) Input variables
First, the prefecture-level number of employees is selected 

as the labour input. Second, for capital investment, each pre-
fecture-level municipality’s annual estimated capital stock 
was selected, and the perpetual inventory method was used 
to flow social fixed asset investment data from 2009 to 2020. 
Deflator treatment is conducted for each phase of investment 
to remove price factors in social fixed assets. Capital stock in 
2009 is obtained according to the K0 = I0∕(g + �) formula. 

(12)

ln (GTFP)
it
=�

0
+ �

1
ln (GTFP)

it−1 + �
2
ln (DE)

it

+ �
3
ln (INN)

it
+ �

4
ln (DE × INN)

it
+ �

5
ln (YKS)

it

+ �
6
ln (FIN)

it
+ �

7
ln (R&D)

it
+ �

8
ln (HUM)

it

+ �
9
ln (FDI)

it
+ �

i
+ �

it
.
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Specifically, 9 is the average of the fixed asset investment 
growth rate over ten years, δ is a depreciation rate of 5%. 
Third, the prefecture-level annual electricity consumption 
is used as the energy input to indicate the energy consump-
tion level.

(2) Output variables
First, the prefecture-level city GDP is chosen as the 

desired output; GDP is adjusted for the actual value of the 
constant price of 2009 in order to remove the influence of 
price factors. Secondly, for non-expected output, industrial 
sulfur dioxide emissions, industrial wastewater emissions 
and industrial smoke (dust) emissions of prefecture-level 
municipalities are integrated into the expected output. emis-
sions, industrial wastewater emissions and industrial smoke 
(dust) emissions are integrated into the comprehensive eval-
uation index system of non-desired output, and the linear 
weighted summation method and entropy value are used to 
calculate the comprehensive index of non-desired output.

4.3.2  Independent Variables

The core of this article explains variables for the DE and 
technological innovation. The existing literature primarily 
chooses the number of invention patents or research and 
development (R&D) spending as a measure of technological 
innovation. Given patent grants can reflect the situation of 
technological innovation activities and the output of scien-
tific research results more objectively and accurately, refer-
ring to the research of Furman and Chang, the number of 
granted patents per ten thousand people at each level at the 
year end is used as a measure of technological innovation 
[53]. This paper uses principal component analysis to derive 
the DE from two indicators, namely Internet development 
and digital finance. Internet development is represented by 
Internet penetration, the number of Internet-related employ-
ees, Internet-related output and the number of mobile Inter-
net users. The index of digital finance is derived from ‘The 
Peking University Digital Financial Inclusion Index of 
China’ [54].

4.3.3  Control Variables

To conduct scientific research on the DE, review the impact 
of technological innovation on GTFP and obtain consistent 
and reliable test results, the following control variables are 
defined:

Financial development (FIN) Improving GTFP is depend-
ent on green production technology and green scientific 
and technological innovation. As a technology innovation 
activity with large investment, high risk, long R&D cycle 
and significant positive external spillover, GTFP improve-
ment urgently needs the support of financial system innova-
tion and financing risk sharing configuration. The level of 

financial development is measured by the loan balance ratio 
of China’s financial institutions at the end of the year.

Human capital (HUM) Science and technology talents 
are the knowledge carriers of green technology progress 
and the driving forces for breaking energy and environment 
constraints and reducing resource consumption and pollu-
tion emissions. This article selects the proportion of China’s 
science and technology activities in the total population to 
depict human capital.

Technology spillovers (FDI) The technology spillover 
brought by the FDI affects the change in the production 
process and improvement of personnel skills, which will, 
in turn, affect green technology progress. This paper uses 
the percentage of the output value of foreign-invested enter-
prises in the total output value of Chinese enterprises to 
reflect technology spillovers.

Scale of research and development (R&D) The proportion 
of China’s industry R&D expenditure in the output value of 
all industries is selected to reflect the development scale.

Population density (YKS) refers to the population per unit 
area.

Fiscal policy (GOV) refers to the proportion of indus-
try subsidies from the government as a percentage of total 
output.

In this paper, the data sources are mainly the ‘China 
Statistical Yearbook’, ‘China Financial Yearbook’, ‘China 
Stock Market Accounting Research’, ‘China’s Industrial 
Economic Research Database’ and ‘WIND database’. It 
should be noted that in this paper, data of ‘other mining’, 
‘arts and crafts’ and ‘other industrial resource waste and 
waste materials processing industry’ are excluded from 
industrial division sample data, mainly because of seri-
ous data missing in these three industries. Moreover, this 
paper interpolates the missing data of some processing 
industries, making it different from the latest version of the 
national economy industry classification standard.

4.4  Sample

Panel data from 2009 to 2020 are used in this paper to 
study the DE, technological innovation and GTFP. This 
sample range includes 3584 samples of 256 prefecture-
level cities, excluding the provinces (regions) with the 
fewest cities in the yearbooks, the four municipalities 
Hainan, Tibet and Xinjiang, as well as cities with fewer 
than 100,000 employees. The original data used are 
primarily from the China Urban Statistical Yearbook, 
SooPAT patent search engine and WIND database. Con-
sidering the uniformity of the magnitudes, all variables are 
logarithmicized during the regression. As a summary, the 
definitions of all the variables involved is list in Table 1.
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5  Empirical Results

5.1  Benchmark Test

The panel model test shows that the F statistic significance is 
large, and all passed the 1% significance level test, indicating 
the reliability of the panel model and the conclusion. Tables 2 
and 3 in models (1) and (2) show the benchmark return results 
of DE (DE) and technological innovation (INN), with the goal 
of testing the impact of the DE and technological innovation 
on GTFP. Whether or not to include the control variable, the 
regression coefficients of the DE and technological innovation 
are significantly positive, demonstrating the boosting effect of 
the DE on TFP, and TFP and technological innovation helps 
promote the green economy; all these can confirm hypotheses 
1 and 2. Model (3) includes the interaction between the DE 
and the technological innovation results of benchmark return 
to test the promotion effect of the DE on technology innovation 
and GTFP. The interaction between the DE and technology 

innovation (DE × INN) has a significant positive effect on 
GTFP, thus promoting the green DE and the TFP of tech-
nology innovation, which tentatively confirms that research 
hypothesis 3 holds.

5.2  Robustness Testing

To ensure the effectiveness and reliability of the research con-
clusion, this paper made the following robustness test: The 
analysis of GTFP and its decomposition terms in each region 
shows that technical change has made the greatest contribution 
to GTFP, so technical change index is taken as explanatory 
variable. Green green decomposition of total factor produc-
tivity indexes technological progress as the proxy variable of 
green total factor productivity empirical test, the results are 
shown in Table 3 column (1)–(3). The other one is variable 
shrinkage end processing. In order to mitigate the effects of 
outliers on estimation results, in this paper, all variables shrink 
tail at 1% level, and the results are shown in Table 3 columns 
(4)–(6). From the above three kinds of robustness test results 

Table 1  Variable description

Variables character Name Symbol Calculation method

Explained variable Green total
Factor Productivity

lnGTFP TFP include both environmental pollution and energy consumption

Explanatory variables Digital Economy lnDE Internet development and digital finance
Innovation lnINN Level of patents granted per 10,000 population

Control variable Population density lnYKS The proportion of the number of employees in the enterprise
Financial development lnFIN Loan balance of financial institutions over deposit balance
Scale of research and development lnR&D R&D expenditure share
Human capital lnHUM The proportion of prefecture-level cities in the number of scientific and 

technological activities
Fiscal policy lnGOV Share of local fiscal expenditures
Technology spillovers lnFDI Amount of actual utilization of foreign direct investment Share of GDP

Table 2  DE return to the GTFP

*** and ** indicate statistical significance at 1% and 5%, respectively; the values in parentheses represent 
z statistics

Variables Prediction Model 1 Model 2 Model 3

Coefficient t-value Coefficient t-value Coefficient t-value

GTFP(-1)  + 0.8475*** 10.1 0.8117*** 9.94 0.8361*** 10.01
DE  + 0. 1637** 2.22
INN  + 0.0035*** 2.67
DE x INN  + 0.0044*** 2.68
YKS  + 0.109** 2.38 0.224* 1.74 0.225 0.6
FIN  + 0.039 0.78 0.105** 2.26 0.038 0.76
R&D  + 0.004** 2.23 0.222* 1.72 0.226 0.61
HUM  + 0.550*** 2.89 0.478** 2.25 0.523*** 2.69
GOV  + 0.036 0.41 0.238 1.11 − 0.421 − 1.25
FDI  + − 0.143 − 1.33 − 0.115 − 1.01 0.132 1.22
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mainly explain the variable parameter estimation, significance 
level compared with the benchmark test has not been funda-
mental changes, to confirm the benchmark test conclusion of 
this paper is robust and reliable.

5.3  Mechanism Verification of the Impact of Digital 
Economy on Green Economy Efficiency

Referring to Gan et al. (2020), this paper constructs an inter-
mediary model to test the mechanism of the digital economy 
on the efficiency of the green economy [55].

Among them, MI represents the intermediary variable, 
that is, the level of technological innovation (innovation): 
the number of patent applications granted in 256 cities is 
selected to represent it. The mediation effect test requires 
that the recursive models 13–15 are all significant. If any 
one step test coefficient is not significant, then the next step 
cannot be tested. For example, the estimated coefficient of 
digital economy δ1 and the estimated coefficient of interme-
diate variable δ2 are both significant, and the absolute value 
of the coefficient of δ1 is smaller than the absolute value of 
the coefficient of β1, then it can indicate that technological 
innovation has played a part of the mediating role; if the 
estimated coefficient of digital economy δ1 is not significant 
and the mediating variable coefficient δ2 is significant, it 
may mean that technological innovation has a completely 

(13)
lnGTFPit = �0 + �1 lnGTFPit + �2 lnDEit + �i lnXit + �i + �t + �it

(14)
lnMLit = �0 + �1 lnMLit + �2 lnDEit + �i lnXit + �i + �t + �it

(15)
lnGTFPit =�0 + �1 lnGTFPit + �2 lnDEit + �3MLit

+ �i lnXit + �i + �t + �it.

mediating effect. The specific estimation results are shown 
in Table 4.

The first column of Table 4 reports the estimation results 
of the basic model that the digital economy affects the effi-
ciency of the green economy. The results in the second 
column show that the estimated coefficient of the digital 
economy on the level of technological innovation is signifi-
cantly positive at the 1% statistical level (value 0.0549); that 
is, the development of the digital economy has significantly 
promoted urban technological innovation. The influence 
coefficients of the digital economy and technological innova-
tion level on the efficiency of the green economy in the third 
column have passed the significance level tests of 5% and 
1% respectively. Moreover, the absolute value of the esti-
mated coefficient of the digital economy (value of 0.0109) 
is smaller than the absolute value of the estimated coeffi-
cient of the Internet (value of 0.0135) in the first column, 
indicating that technological innovation has played a part of 
the mediating effect in the process of the digital economy’s 
impact on the efficiency of the green economy.

This is because, on the one hand, the digital economy 
has strong diffusivity, which makes traditional industries 
continue to absorb new technologies of the digital economy 
and carry out corresponding innovations to adapt to the 
application of new technologies; that is, the digital economy 
has created innovation incentives to traditional industries 
through diffusion effects [56]. On the other hand, green tech-
nological innovation can improve the production efficiency 
of enterprises and reduce pollution emissions, thereby pro-
moting the realization of green development of the regional 
economy [57]. This confirms the previous theoretical analy-
sis that the digital economy further improves the efficiency 
of the green economy by promoting regional technological 
innovation.

Table 3  Robustness test results

*** and ** indicate statistical significance at 1% and 5%, respectively; the values in parentheses represent z statistics

Variables Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

GTFPt-1 0.8475***  (10.10) 0.8117*** (9.94) 0.8361***  (10.01) 0.8768*** (10.12) 0.8361***  (10.01) 0.8361***  (10.01)
DE 0.2165***  (4.86)  (– 2.46) 0.2363*** (4.99)  (– 2.46)
INN  (11.32) 0.0065***  (5.86)  (12.28) 0.0050 ***  (12.28)
DE x INN 0.0041***  (3.26) 0.0054***  (3.34)
YKS – 0.2165*** (– 4.86) – 0.1403** – 0.1403** (– 2.46) – 0.1403** – 0.1403** (– 2.46) – 0.1403** (– 2.46)
FIN 0.039  (0.78) 0.105**  (2.26) 0.038  (0.76) 0.038  (0.76) 0.038  (0.76) 0.038  (0.76)
R&D 0.004**  (2.23) 0.222*  (1.72) 0.226  (0.61) 0.004**  (2.23) 0.226  (0.61) 0.222*  (1.72)
HUM 0.550***  (2.89) 0.478**  (2.25) 0.523***  (2.69) 0.523***  (2.69) 0.478**  (2.25) 0.550***  (2.89)
GOV 0.036  (0.41) 0.238  (1.11) – 0.421  (– 1.25) 0.238  (1.11) – 0.421  (– 1.25) 0.036  (0.41)
FDI – 0.143  (– 1.33) – 0.115  (– 1.01) 0.132  (1.22) – 0.117  (– 1.02) 0.132  (1.22) – 0.143  (– 1.33)
R2 0.11 0.22 0.11 0.11 0.11 0.11
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6  Conclusions and Policy Implications

6.1  Conclusions

In the context of the Internet revolution, the DE has become 
a new engine for the high-quality development of China’s 
economy. From the perspective of scientific and techno-
logical innovation, based on the panel data of 256 cities in 
China from 2009 to 2020, this paper measured the efficiency 
index of the green economy through the ML productivity 
index. The impact of the DE on green economy efficiency 
and its mechanism were also empirically tested using the 
spatial autoregressive model and intermediary effect model. 
Accordingly, we adopt the DDF and measure China’s GTFP. 
The results showed the following.

First, the DE significantly improved the efficiency of 
the urban green economy, which had become an impor-
tant force for China to promote high-quality development 
in the new era. Also, robustness tests were performed 
through winsorisation, and the technological innovation 
index was taken as an explanatory variable; the conclu-
sion was still valid. At present, most literature uses the 
slacks-based model to measure the green economy effi-
ciency and focuses on the perspectives of industrial struc-
ture adjustment, policy evaluation, industrial agglomera-
tion, and environmental regulation (Guo et al. 2020). The 
conclusion of this paper complements the above literature, 
enriches the literature foundation of the green economy 
efficiency research, and provides a new interpretation of 
green economy efficiency from the perspective of the DE.

Second, at present, the existing literature focuses on 
the internal mechanism of manufacturing agglomeration 
affecting the efficiency of the green economy. The pre-
sent paper provides a new internal theoretical mechanism 
for the relationship between the DE and the efficiency of 
the green economy from the perspective of technological 
innovation. as far as the impact mechanism is concerned, 

scientific and technological innovation plays a mediating 
role in the process of the DE affecting green economy 
efficiency, demonstrating that the DE is an important path 
to improving the efficiency of the green economy. This is 
because, on the one hand, the digital economy has strong 
diffusivity, which makes traditional industries continue to 
absorb new technologies of the digital economy and carry 
out corresponding innovations to adapt to the application 
of new technologies; that is, the digital economy has cre-
ated innovation incentives to traditional industries through 
diffusion effects [58]. On the other hand, green techno-
logical innovation can improve the production efficiency 
of enterprises and reduce pollution emissions, thereby 
promoting the realization of green development of the 
regional economy [59]. This confirms the previous theo-
retical analysis that the digital economy further improves 
the efficiency of the green economy by promoting regional 
technological innovation.

6.2  Policy Implications

Based on the above conclusions, this article proposes the 
following policy recommendations:

The development of digital industries is the most impor-
tant innovation driver of GTFP growth. It can accelerate 
the structural transformation of the economy by promoting 
the progress of technological innovation. However, judg-
ing from the current situation in China, there is still much 
room for the development of the DE. Then, the strengthen-
ing of the DE should start from the following aspects: (1) 
increase investment in emerging infrastructure fields, such 
as the Internet, big data and artificial intelligence; establish 
corresponding digital technology development funds and 
entrepreneurship funds, and guide social capital to key tech-
nology fields in the Internet and big data industries. With the 
advantage of capital efficiency, stakeholders must promote 

Table 4  Mechanism verification

*** and ** indicate statistical significance at 1% and 5%, respectively; the values in parentheses represent 
z statistics

Variables GTFP INN GTFP
1 2 3

INN 0.0217*** (3.09)
DE 0.0135*** (2.98) 0.0549*** (3.39) 0.0109**(2.41)
YKS – 0.0094***(– 4.81) – 0.0112***(3.05) – 0.0096***(– 4.94)
FIN 0.1136(1.27) 0.0250 (0.49) – 0.0611**(– 2.37)
R&D – 0.0031* (– 1.79) – 0.0007* (– 0.22) – 0.0031* (– 1.83)
HUM 0.0269*** (3.55) – 0.0917*** (– 4.53) 0.0329*** (4.23)
GOV 0.0098* (1.66) – 0.1374 ***(– 10.51) 0.0126** (2.10)
FDI 0.0626***(2.72) 0.0757*** (3.52) 0.0442***(1.80)
R2 0.4137 0.6836 0.4367
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the leapfrog development of digital infrastructure; (2) vigor-
ously promote the industrialisation and scale development 
of the DE; accelerate the deep integration of new generation 
technologies, such as artificial intelligence, industrial Inter-
net and big data, with the manufacturing industry; enhance 
the digitalisation level of the manufacturing industry; and 
further consolidate the release of green dividends of the DE 
on social and economic development.

Authors’ Contributions Yuhuan Wang designed and performed the 
research and wrote the paper.

Funding Not applicable.

Declarations 

Conflict of Interest The authors claim that there are no competing in-
terests.

Availability of Data and Material The data supporting this study’s 
findings are available from the corresponding author upon reasonable 
request.

Ethics Approval and Consent to Participate Not applicable.

Open Access  This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, 
provide a link to the Creative Commons licence, and indicate if changes 
were made. The images or other third party material in this article are 
included in the article's Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not included in 
the article's Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will 
need to obtain permission directly from the copyright holder. To view a 
copy of this licence, visit http:// creat iveco mmons. org/ licen ses/ by/4. 0/.

References

 1. Wu, H., Hao, Y., Ren, S.: How do environmental regulation and 
environmental decentralization affect green total factor energy 
effificiency: evidence from China. Energy Econ. 91, 104880 
(2020)

 2. Xu, L., Tan, J.: Financial development, industrial structure and 
natural resource utilization effificiency in China. Resour. Policy 
66, 101642 (2020)

 3. Wen, H., Lee, C.C., Song, Z.: Digitalization and environment: 
how does ICT affect enterprise environmental performance? Envi-
ron. Sci. Pollut. Res. 28(39), 54826–54841 (2021)

 4. Lin, K.C., Shyu, J.Z., Ding, K.: A cross-strait comparison of inno-
vation policy under industry 4.0 and sustainability development 
transition. Sustainability 9(5), 786 (2017)

 5. Tang, J., Qin, F.: Analyzing the impact of local government com-
petition on green total factor productivity from the factor market 
distortion perspective: based on the three stage DEA model. Envi-
ron. Dev. Sustain. 1–29 (2022)

 6. Li, J., Chen, L., Chen, Y., He, J.: Digital economy, technological 
innovation, and green economic effificiency—empirical evidence 

from 277 cities in China. Manag. Decis. Econ. 43(3), 616–629 
(2022)

 7. Romero Dexeus, C.: The deepening effects of the digital revolu-
tion. In: Fayos-Solà, E., Cooper, C. (eds) The future of tourism. 
Springer, Cham (2019)

 8. Tosheva, E.: Economic and social benefifits of digital economy 
and digital transformation in The Republic of North Macedonia. 
İzmir Sosyal Bilimler Dergisi 2(2), 42–51 (2020)

 9. Ganda, F.: The impact of innovation and technology investments 
on carbon emission in selected organization for economic co-oper-
ation and development countries. J. Clean. Prod. 217, 469–483 
(2019)

 10. D’Attoma, I., Ieva, M.: Determinants of technological innovation 
success and failure: does marketing innovation matter? Ind. Mar-
ket. Manag. 91, 64–81 (2020)

 11. Adak, M.: Technological progress, innovation and economic 
growth; the case of Turkey. Proc. Soc. Behav. Sci. 195, 776–782 
(2015)

 12. Central Committee of the Communist Party of China, the State 
Council. National strategy of innovation-driven development [EB/
OL]. (2016–05–19)[2018–03–15]

 13. Deng, Y.L., You, D.M., Wang, J.J.: Optimal strategy for enter-
prises’ green technology innovation from the perspective of politi-
cal competition. J. Clean. Prod. 235, 930–942 (2019)

 14. Chen, X., Wang, X.J., Zhou, M.M.: Firms’ green R&D coopera-
tion behavior in a supply chain: technological spillover, power and 
coordination. Int. J. Prod. Econ. 218, 118–134 (2019)

 15. Yale Center for Environmental Law and Policy, International 
Earth Science Information Network CIESIN, 2018. Environmen-
tal Performance Index [EB/OL]. Yale University, (2018)

 16. Liu, G.B., Song, J.Z.: Research on high quality development of 
China’s regional economy. Reg. Econ. Rev. 55–60 (2019)

 17. Du, K.R., Li, J.L.: Towards a green world: how do green technol-
ogy innovations affect total carbon productivity. Energy Pol. 131, 
240–250 (2019)

 18. Usman, A., Ozturk, I., Hassan, A., Zafar, S.M., Ullah, S.: The 
effect of ICT on energy consumption and economic growth in 
South Asian economies: an empirical analysis. Telemat. Inform. 
58, 101537 (2021)

 19. Fernández-Portillo, A., Almodóvar-González, M., Hernández-
Mogollón, R.: Impact of ICT development on economic growth. 
A study of OECD European union countries. Technol. Soc. 63, 
101420 (2020)

 20. Chung, Y.H., Färe, R., Grosskopf, S.: Productivity and undesir-
able outputs: a directional distance function approach. J. Environ. 
Manag. 51(3), 229–240 (1997)

 21. Zhao, P., Gao, Y., Sun, X.: How does artificial intelligence affect 
green economic growth?—Evidence from China. Sci. Total Envi-
ron. 834, 155306 (2022)

 22. Zheng, X., Yu, H., Yang, L.: Technology imports, independent 
innovation, and China’s green economic efficiency: an analysis 
based on spatial and mediating effect. Environ. Sci. Pollut. Res. 
24, 1–19 (2022)

 23. Solow, R.M.: Technical change and the aggregate production func-
tion. Rev. Econ. Stat. 39, 312–320 (1957)

 24. Färe, R., Grosskopf, S., Tyteca, D.: An activity analysis model 
of the environmental performance of fifirms—application to fos-
sil-fuel-fifired electric utilities. Ecol. Econ. 18(2), 161–175 (1996)

 25. Jorgenson, D.W., Stiroh, K.J.: US economic growth at the industry 
level. Am. Econ. Rev. 90(2), 161–167 (2000)

 26. Färe, R., Grosskopf, S., Pasurka, C.A., Jr.: Environmental produc-
tion functions and environmental directional distance functions. 
Energy 32(7), 1055–1066 (2007)

 27. Chen, S., Golley, J.: ‘Green’ productivity growth in China’s indus-
trial economy. Energy Econ. 44, 89–98 (2014)

RETRACTED A
RTIC

LE

http://creativecommons.org/licenses/by/4.0/


 International Journal of Computational Intelligence Systems           (2023) 16:92 

1 3

   92  Page 12 of 12

 28. Färe, R., Grosskopf, S., Pasurka, C.A., Jr.: Accounting for air pol-
lution emissions in measures of state manufacturing productivity 
growth. J. Reg. Sci. 41(3), 381–409 (2001)

 29. Lin, B., Tan, R.: Ecological total-factor energy efficiency of Chi-
na’s energy intensive industries. Ecol. Indic. 70, 480–497 (2016)

 30. Meeusen, W., van Den Broeck, J.: Efficiency estimation from 
Cobb-Douglas production functions with composed error. Int. 
Econ. Rev. 435–444 (1977)

 31. Färe, R., Grosskopf, S., Norris, M.: Productivity growth, techni-
cal progress, and effifi-ciency change in industrialized countries: 
reply. Am. Econ. Rev. 87(5), 1040–1044 (1997)

 32. Ray, S.C., Desli, E.: Productivity growth, technical progress, and 
effificiency change in industrialized countries: comment. Am. 
Econ. Rev. 87(5), 1033–1039 (1997)

 33. Nelson, R.A.: Regulation, capital vintage, and technical change 
in the electric utility industry. Rev. Econ. Stat. 59–69 (1984)

 34. Cohen, W.M., Levinthal, D.A.: Innovation and learning: the two 
faces of R & D. Econ. J. 99(397), 569–596 (1989)

 35. Benhabib, J., Spiegel, M.M.: The role of human capital in eco-
nomic development evidence from aggregate cross-country data. 
J. Monet. Econ. 34(2), 143–173 (1994)

 36. Granderson, G.: The impact of regulation on technical change. 
South Econ. J. 65(4), 807–822 (1999)

 37. Habibi, F., Zabardast, M.A.: Digitalization, education and eco-
nomic growth: a comparative analysis of Middle East and OECD 
countries. Technol. Soc. 63, 101370 (2020)

 38. Zhang, J., Lyu, Y., Li, Y., Geng, Y.: Digital economy: an innova-
tion driving factor for low-carbon development. Environ. Impact 
Assess. Rev. 96, 106821 (2022)

 39. Verhoef, P.C., Broekhuizen, T., Bart, Y., Bhattacharya, A., Dong, 
J.Q., Fabian, N., Haenlein, M.: Digital transformation: a mul-
tidisciplinary reflection and research agenda. J. Bus. Res. 122, 
889–901 (2021)

 40. Jesemann, I.: Support of startup innovation towards development 
of new industries. Proc. CIRP 88, 3–8 (2020)

 41. Tian, J., Liu, Y.: Research on total factor productivity measure-
ment and inflfluencing factors of digital economy enterprises. 
Proc. Comput. Sci. 187, 390–395 (2021)

 42. Wen, H., Zhong, Q., Lee, C.C.: Digitalization, competition strat-
egy and corporate innovation: evidence from Chinese manufactur-
ing listed companies. Int. Rev. Financ. Anal. 82, 102166 (2022)

 43. Wu, Y., Wu, Y., Guerrero, J.M., Vasquez, J.C.: Digitalization and 
decentralization driving transactive energy internet: key technolo-
gies and infrastructures. Int. J. Electr. Power Energy Syst. 126, 
106593 (2021)

 44. Marin, G.: Do eco-innovation harm productivity growth through 
crowding out? Results of an extended CDM model for Italy. Res. 
Pol. 43(2), 301–317 (2014)

 45. Apak, S., Atay, E.: Global competitiveness in the EU through 
green innovation technologies and knowledge production. Proc. 
Soc. Behav. Sci. 181, 207–217 (2015)

 46. He, X.G.: The constraint of energy, green technology innovation 
and sustainable growth: theoretical model and empirical evidence. 
J. Zhongnan Univ. Econ. Law 4, 30–38 (2015)

 47. Fan, D., Sun, X.T.: Environmental regulation, green technological 
innovation and green economic growth. J. Chin. Popul. Resour. 
Environ. 30(6), 105–115 (2020)

 48. Xia, W.L., Chen, X.F., Li, Q., Chen, X.: Green technology inno-
vation, media environmental supervision and corporate perfor-
mance e empirical data from heavy pollution industries. Commun. 
Finance Account. 16, 38–42 (2020)

 49. Rennings, K.: Redefifining innovation e eco-innovation research 
and the contribution from ecological economics. Ecol. Econ. 
32(2), 319–332 (2000)

 50. Amri, F.: Carbon dioxide emissions, total factor productivity, 
ICT, trade, financial development, and energy consumption: test-
ing environmental Kuznets curve hypothesis for Tunisia. Environ. 
Sci. Pollut. Res. 25(33), 33691–33701 (2018)

 51. Amri, F., Zaied, Y.B., Lahouel, B.B.: ICT, total factor productiv-
ity, and carbon dioxide emissions in Tunisia. Technol. Forecast. 
Soc. Change 146, 212–217 (2019)

 52. Lv, C., Shao, C., Lee, C.C.: Green technology innovation and 
financial development: Do environmental regulation and innova-
tion output matter? Energy Econ. 98, 105237 (2021)

 53. Chung, Y.H., Fare, R., Grosskopf, S.: Productivity and undesir-
able outputs: a directional distance function approach. J. Environ. 
Manag. 51(3), 229–240 (1997)

 54. Wei, Z., Yuan-quan, L.U.: Fiscal Pressure, Technological Inno-
vation and Green Total Factor Productivity. J. Guizhou Univ. 
Finance Econ. 39(04), 101 (2021)

 55. Furman, J.L., Porter, M.E., Stern, S.: The determinants of national 
innovative capacity. Res. Policy 31(6), 899–933 (2002)

 56. Guo, F., Wang, J.Y., Wang, F., Kong, T., Zhang, X., Cheng, Z.: 
Measuring China’s digital financial inclusion: Index compilation 
and spatial characteristics. China Econ. Q. 19(4), 1401–1418 
(2020)

 57. Gan, T., Liang, W., Yang, H., Liao, X.: The effect of economic 
development on haze pollution (PM 25) based on a spatial per-
spective: Urbanization as a mediating variable. J. Clean. Prod. 
266, 121880 (2020)

 58. Liu, J., Chang, H., Forrest, J.Y.L., Yang, B.: Influence of artificial 
intelligence on technological innovation: Evidence from the panel 
data of china’s manufacturing sectors. Technol. Forecast. Soc. 
Change 158, 120142 (2020)

 59. Zhang, J.X.,Chang, Y., Zhang, L., Li, D.: Do technological inno-
vations promote urban green development?—A spatial economet-
ric analysis of 105 cities in China. J. Clean. Prod. 182(5), 395–403 
(2018)

Publisher's Note Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

RETRACTED A
RTIC

LE


	Digital Economy, Technical Innovation and China’s Green Total Factor Productivity Growth
	Abstract
	1 Introduction
	2 Literature Review
	2.1 Formation Mechanism of Regional GTFP
	2.2 Measurement and Socioeconomic Dividends of the DE
	2.3 Mechanism of Green Technology Innovation in GTFP

	3 Theoretical Analysis and Research Hypothesis
	4 Research Design
	4.1 Mechanism of Green Technology Innovation in Green Total Factor Productivity
	4.2 Empirical Models
	4.3 Variable Measurement
	4.3.1 Dependent Variable
	4.3.2 Independent Variables
	4.3.3 Control Variables

	4.4 Sample

	5 Empirical Results
	5.1 Benchmark Test
	5.2 Robustness Testing
	5.3 Mechanism Verification of the Impact of Digital Economy on Green Economy Efficiency

	6 Conclusions and Policy Implications
	6.1 Conclusions
	6.2 Policy Implications

	References


