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With prominent environmental pollution and depleted resources, how to coordinate
economic growth and eco-environmental protection to guide green development
represented by green total factor productivity (GTFP) is an urgent issue. This study
aims to empirically evaluate the direct effect, indirect effect, spatial spillover effect
and non-linear effect of the digital economy on green development using the data of
284 prefecture-level cities in China. The empirical results indicate that: (1) the digital
economy significantly improves GTFP, which is still valid after testing for robustness,
including introducing instrumental variables, taking the “broadband China” pilot
policy as a quasi-natural experiment, changing core explanatory variables and
dependent variables, and changing the sample size; (2) the influence of the digital
economy on GTFP is characterized by significant heterogeneity among resource
dependence, geographical location, financial development level and openness level;
(3) the mechanism analysis shows that the digital economy promotes GTFP by green
technological innovation, industrial structure upgrading and energy conservation; (4)
the spatial econometric models indicate that the digital economy significantly
enhances GTFP of neighboring cities; (5) there is a non-linear relationship
between the digital economy and GTFP using the threshold model. The findings
could provide references for policymakers to promote urban green development.
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1 Introduction

Under the background of the increasingly prominent environmental pollution and resource
shortages, how to coordinate economic growth and eco-environmental protection is an urgent
issue (Wang and Feng, 2021). Cities are the area where the deterioration of ecological
environment is relatively serious, which is mainly due to the concentration of human
energy consumption and carbon dioxide emissions. According to the statistics of UN
Habitat, cities consume 78% of the world’s primary energy and account for more than 50%
of the global total greenhouse gas emissions. Especially, as the largest emerging country and
carbon emitter in the world, China bears the pressure of energy consumption and ecological
destruction during its rapid urbanization. China’s urban energy consumption accounts for 85%
of China’s carbon emissions, far exceeding the world average of 67%. To combat global
warming caused by carbon emissions, the Chinese government proposed to achieve a carbon
peak by 2030 and carbon neutrality by 2060 at the 75th United Nations General Assembly in
2020. The 20th National Congress of the Communist Party of China once again proposed to
promote green development and harmonious coexistence between human beings and nature,
which emphasize the coordinated development of socio-economy and eco-environment. Cities
are the main battleground for carbon emissions reduction and national economic growth to
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achieve the “dual carbon” target. At this stage, the key to achieving this
target lies in guiding green development in cities by promoting the
green transformation of traditional industries and the development of
low-carbon intelligent industries (Yang et al., 2019).

The digital economy may be a feasible option for China to achieve
green development by promoting green transformation of traditional
industries and facilitate forming sustainable green productivity (Tao
et al., 2023). The digital economy refers to a serious of economic
activities that take data as the key production factor, information
network as the main carrier, and digital technology application as the
driving force to improve the level of digitalization, networking and
intelligence of the economy and society (G20, 2016; Zhang et al.,
2022). China’s digital economy ranked second in the world in 2021,
with a share of 39.8% of China’s GDP1. With the characteristics of
permeability and sharing, the digital economy is conducive to the
transformation of production and governance modes, which obviously
provides the opportunities for the green development. On the one
hand, the digital economy deeply integrates digital technology such as
artificial intelligence, big data, the Internet of Things, cloud computing
and blockchain with the real economy, favorable to achieve the green
transformation of traditional industries (Li and Wang, 2022; Yi et al.,
2022). On the other hand, the digital economy can extend the scale of
environmentally friendly and intelligent digital industry. What cannot
be ignored is that the digital economy may exacerbate pollution
emissions through scale expansion owing to the energy rebound
effect. Therefore, whether the digital economy can be a desirable
way to achieve green development remains to be further explored.

Many scholars have studied the economic effect of the digital
economy at macro, meso and micro levels and confirmed that the
digital economy significantly improves production efficiency hence
accelerating economic growth. At the macro level, Tranos et al. (2021)
proved that the digital economy exerts a positive and lasting impact on
subsequent regional productivity. Kim et al. (2021) empirically
analyzed that information and communication technology (ICT),
the basis of the digital economy, can both directly contribute to
output growth and generates economic spillover effects to other
industries using the country-level data from 15 European countries.
Yabo and Jie (2022) demonstrated that the digital economy
significantly improves the quality of exports. At the meso-regional
level, Pan et al. (2022) proposed that the digital economy is an
innovation driver for the development of provincial total factor
productivity. At the micro level, the studies found that the digital
economy is beneficial to firm productivity and performance (He and
Liu, 2019; Li and Wang, 2021). The core of digital economy, digital
technologies contributes to competition advantages of enterprises
(Teece, 2018). It seems that there is a consensus that the digital
economy has positive economic effects.

There is no agreed conclusion about the environmental effect of the
digital economy with similar duality of ICT in both developed and
developing countries. Extensive research has confirmed that the digital
economy can mitigate climate change and exerts a positive impact on
sustainable environment (Balogun et al., 2020). Schulte et al. (2016)
showed that ICT significantly decreases energy demand using the panel
data from OECD countries. Emerging countries have greatly reduced

carbon emissions by increasing Internet access (Ozcan and Apergis,
2018). Danish (2019) proposed that ICT reduces the carbon dioxide
emissions of countries along the Belt and Road. Wang et al. (2021) based
on the data of OECD countries found that digital technology reduces the
domestic carbon emission intensity since the carbon emissions reduction
through cross-industry technology spillover exceeds the emission
increased by technology innovation in the information industry. Yi
et al. (2022) and Zhang et al. (2022) respectively demonstrated that
the digital economy is conducive to the reduction of carbon emissions at
the provincial and urban levels in China. On the contrary, some scholars
believe that the digital economy exerts a negative impact on the
environment due to the energy rebound effect (Lange et al., 2020).
The application of digital technologies requires energy and resources
inputs, such as the manufacture, processing, operation and distribution of
electronic equipment, which greatly increases energy consumption and
damages to the environment for European Union (EU) countries (Park
et al., 2018). Specifically, the use of large global data centers and mobile
data traffic may generate manufacturing-related electronic waste
(Lennerfors et al., 2015). The studies on OECD countries and
emerging economies found that the application of ICT significantly
increases the electricity consumption in both the short and long term
(Sadorsky, 2012; Salahuddin andAlam, 2016). Ren et al., 2021 proved that
Internet development significantly improves the energy consumption
scale by boosting economic growth using the provincial panel data of
China. Xue et al. (2022) pointed out that digital economy development
increases the energy consumption based on the urban panel data of China.
Furthermore, Higón et al. (2017) claimed that there is an inverted
U-shaped relationship between ICT and carbon emissions using the
data from 142 countries, and many developed countries have already
passed the turning point and gained the environmental dividend brought
by ICT, while the developing countries have not yet reached the turning
point. Li and Wang (2022) proved the inverted U-shaped relationship
between digital economy and carbon emissions based on the city-level
data of China. Stefanie and David (2021) discussed that whether
digitalization can become part of the “solution” for environmental
sustainability depends on the comprehensive effect of various
mechanisms, like political and economic system. These controversial
findings on the environmental effects of the digital economy provides
room for further study on the impact of the digital economy on green
development.

Research on the digital economy and green development is in its
infancy, requiring more abundant data and empirical proofs (Hao
et al., 2022; Hu and Guo, 2022; Ma and Zhu, 2022). Green total factor
productivity (GTFP), which comprehensively seeks the coordination
of economic growth and eco-environmental protection, is widely
employed to measure green development (Qiu et al., 2021; Wang
et al., 2021; Hao et al., 2022; Ma and Zhu, 2022). This indicator
incorporates environmental factors into the economic efficiency
analysis framework and covers both expected output and undesired
output like industrial wastewater emissions, which can effectively
reflect the sustainable growth of economy (Emrouznejad and Yang,
2018; Liu and Xin, 2019; Zhang and Vigne, 2021; Li et al., 2022). Hao
et al. (2022) demonstrated that the digital economy improves the
manufacturing GTFP of China. Hu and Guo (2022) confirmed that the
digital economy positively impacts the GTFP of the Yangtze River
Economic Belt in China. Ma and Zhu (2022) confirmed that the digital
economy drives the high-quality green development of emerging
economies by enhancing industrial restructuring and green
technological innovation. However, the theoretical explanations and

1 The data are obtained from the “Development of China’s Digital Economy”
white paper (2022).
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mechanisms of the digital economy’s impact on green development
are inadequately studied. The spatial spillover effects of the digital
economy and the regional heterogeneity of the impact of the digital
economy on green development in China need further validation
analysis. Whether the digital economy has played a critical role in
promoting green development urgently need further empirical
verification, which has vital theoretical and policy implication for
emerging countries to achieve green development.

The aims of this paper are as follows. 1) Figure out whether the digital
economy can promote green development represented by green total
factor productivity and decompose the GTFP into green technology
progress index (GTP) and green technology efficiency index (GTE) to
evaluate its specific impact path. 2) Analyze the intrinsic mechanism of
digital economy to impact the green total factor productivity. 3) Explore
the spatial spillover effect of the digital economy on green total factor
productivity using the spatial econometric models. 4) Ascertain whether
there is a non-linear relationship between the digital economy and green
total factor productivity by adopting the threshold model. 5) Further
investigate the heterogenous effect of digital economy on green total factor
productivity in terms of cities characteristics. This study uses the data of
284 prefecture-level cities in China from 2011 to 2019 to examine the
effect of the digital economy on green development and its transmission
mechanism, which is momentous to verify whether digital economy can
become an efficient channel for emerging countries to achieve green
development. The super-efficient SBM-DDF with pollution emission as
undesirable output is employed to estimate the urban GTFP and the
composite indicator of digital economy is constructed using principal
component analysis at the city level (Huang et al., 2019; Zhao et al., 2020).

The contributions of this study can be reflected in the following
aspects. First, it enriches the research on the impact and transmission
mechanisms of the digital economy on green development taking the
coordinated development of economy and environment into account at
the urban level in emerging countries. The current literature mainly
concentrates on the economic and environmental effect of the digital
economy separately and draws controversial conclusions about
environmental effects. Different from the most literature that utilizes
the development level of ICT to represent the digital economy, which is
not completely scientific and may lead to biased empirical results, a
comprehensive indicator is constructed to measure the digital economy.
This paper proves the impact and intrinsic mechanisms of the digital
economy on GTFP from the aspects of green technological innovation,
industrial structure upgrading and energy conservation at the urban level.
Second, this paper investigates the heterogeneous effects of the digital
economy on GTFP in terms of resource dependence, geographical
location, financial development level and openness for cities. Finally,
the appropriate spatial econometric method is adopted to analyze the
spatial spillover effect of the digital economy on GTFP. The research
conclusion has considerable application value for promoting urban green
development.

2 Theoretical mechanism and research
hypothesis

2.1 The direct impact of the digital economy
on GTFP

With digital technologies as the driving force, the digital economy
provides opportunities for achieving green development that emphasizes

the coordination of economic growth and environmental protection. The
digital economy breaks the bottleneck of factor supply for the
development of emerging industries and innovates the business
models, which in turn guarantee green production, green lifestyle and
environmental governance (Xu et al., 2019). First, the deep integration of
digital technologies with the real economy is conducive to the green
transformation of production mode. The digital technology optimizes
production processes and operation modes, replaces clean energy and
promoteswastemanagement processes, so as to improve energy efficiency
and energy conservation. Simultaneously, the digital economy builds a
digital platform for information sharing and exchange between the supply
and the demand sides, thereby saving business costs (Hao et al., 2022). In
terms of green lifestyle, the digital economy drives the green
transformation of residents’ consumption pattern in digital application
scenarios. The digital technology gives birth to digital consumption
platforms such as online shopping, online meetings, remote learning,
non-inductive payment and paperless office system, which reduce travel
and cultivate a green lifestyle (Martin et al., 2018). The application of
digital technologies in vehicles like shared-bikes can also contribute to the
reduction of energy consumption and carbon emission by increasing
vehicle usage and sharing rates. In terms of social governance, the digital
technology optimizes the environmental governance mode and broaden
the governance channels to achieve energy conservation and pollution
emission reduction (Roscia et al., 2013). For one thing, the application of
digital technologies in government departments could improve the
efficiency of governmental affairs by enhancing the ability of pollution
emission prediction, supervision, management, and emergency response.
Digital government could obtain and track data from regional energy
suppliers and consumers to better monitor and address corporate
environmental pollution behavior (Li et al., 2022). It can also prevent
corruption such as data forgery and collusion between government and
enterprises through enhancing information transparence (Zhang et al.,
2022). For another, digital economy encourages the public participation in
supervising environmental governance by creating diversified
communication platforms. The residents can perceive environmental
changes and then give timely feedbacks through the digital media
platform like TikTok, WeChat, Weibo and governmental websites.
Moreover, the dramatic advancement of ICT has stimulated a free
culture providing its consumer with utility and happiness, in which
case, the consumers gradually tends to pursue social, cultural and
emotional values rather than just economic value of the products
(Watanabe et al., 2015). The current GDP statistics fails to capture the
excess over the economic value owing to the digital contents’
characteristics of freebies, mass standardization and easy replication
(Watanabe et al., 2018). Therefore, this paper proposes:

Hypothesis 1: The digital economy promotes urban green total
factor productivity.

2.2 The indirect impact mechanism of the
digital economy on GTFP

2.2.1 The digital economy affects GTFP by advancing
green technological innovation

With data as the key production factor and digital technologies as
the driving force, the digital economy has realized the transformation
from factor-driven to innovation-driven forms. The digital economy
stimulates green technological innovation that innovates products and
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processes just as energy saving, pollution prevention and control,
waste recycling and green product design (Luo et al., 2022), thus
improving GTFP.

With the characteristics of fairness and real-time interactivity, the
digital technology breaks the boundaries of time and space, reducing
information asymmetry and transaction costs (Chung, 2018). In
addition, digital technology triggers a learning and imitation effect
by facilitating knowledge spillover and innovation resources exchange
(Proeger and Runst, 2020). These make it possible to match human-
centered information on innovation factors with individual skills in a
timely manner, which greatly stimulate the green technological
innovation. From the production side, green technological
innovation optimizes the production process and augments the
input of renewable resources (Danish and Ulucak, 2021), thus
controlling pollution emissions at the source and in the production
process. On the governance side, green technological innovation is
conducive to updating the terminal treatment equipment or process to
reduce pollution emissions at the end of production (Cai and Li, 2018).
These could greatly reduce unnecessary production and operation
costs (Wang et al., 2021), pollution emissions (Yi et al., 2020; Obobisa
et al., 2022), and improving energy efficiency (Miao et al., 2017), thus
improving urban GTFP. Therefore, the digital economy contributes to
the GTFP by boosting green technological innovation.

2.2.2 The digital economy affects GTFP by
promoting industrial structure upgrading

Relying on the digital technology, the digital economy eliminates
time and space barriers to the flow of production factors between
industries, hence accelerating emerging industries and upgrading
traditional industries. For one thing, the digital economy fuels new
business models and new business forms of industries by means of
digital technology services and digital platform construction. It
establishes a green and intelligence industrial chain for promoting
the development of emerging industries with high added value and low
pollution. For another thing, the digital economy guides the digital
transformation of traditional industries such as agriculture, industry
and tertiary industry to green and intelligent directions. With strong
permeability and coordination of new production factors, the digital
economy realizes the efficient matching of data elements and
traditional production factors. For instance, digital technologies like
artificial intelligence, big data, the Internet of Things and cloud
computing enhances the technological innovation capability and
production efficiency of manufacturing firms, and correspondingly
increase the added value of manufacturing industries (Cardona et al.,
2013; Li et al., 2014). Therefore, the digital economy drives the upgrade
of industrial structure by promoting the development of emerging
industries and increasing the added value of traditional industries,
thus enhancing GTFP.

2.2.3 The digital economy affects GTFP by boosting
energy conservation

The digital economy decreases energy consumption via changing
production efficiency and energy efficiency, thus improving GTFP.
Digital technologies optimize energy utilization technologies and
production technologies, significantly reducing energy consumption
in the production process of companies (Ramirez et al., 2019). On the
one hand, the deep combination of digital technologies and green
manufacturing technologies has given birth to green intelligent
manufacturing platforms, including product design systems,

process planning systems and manufacturing decision systems.
These optimize power systems and realize intelligent production
and industry chain reorganization, which improves the energy
utilization efficiency of enterprises and directly reduces the energy
consumption (Li and Du, 2021). On the other hand, enterprises rely on
digital platforms to build their own energy management systems to
achieve self-control and optimization of energy systems (Ren et al.,
2021). The digital command platform can realize the interconnection
and orderly coordination among numerous energy systems to
facilitate the allocation of energy resources and improve the overall
efficiency of energy systems (Iqbal et al., 2018; Pan and Dong, 2022).

Based on the above analysis, this paper proposes:

Hypothesis 2: The digital economy enhances urban green total
factor productivity by promoting green technological innovation,
upgrading industrial structure and energy conservation.

2.3 The spatial spillover effects of the digital
economy on GTFP

Relying on its networking features and digital technologies, the
digital economy breaks through the restrictions of time, space and
industrial boundaries, promoting information flow and
interdepartmental connections between cities and regions, hence
generating spatial spillover effect. For one thing, the digital
technology accelerates the diffusion of information and various
resource elements and guide the cross-regional labor division and
cooperation. Accordingly, it enhances the economic ties between cities
and achieves the coordinated progress of related areas. For another,
digital platforms effectively match users and producers and improve
resources utilization efficiency by reducing information asymmetry
between supply and demand sides. Moreover, developed cities form
regional growth poles through the “polarization effect” due to the
output of advanced technologies and management methods. This
process stimulates the diffusion of information technology to the
surrounding developing cities and form a learning and imitation
effect, thus improving the green total factor productivity in the
neighboring areas. Therefore, this paper proposes:

Hypothesis 3: The digital economy exerts spatial spillover effect on
urban green total factor productivity of neighboring cities.

2.4 The non-linear effects of the digital
economy on GTFP

On the basis of the network effect, the value of the network
depends upon the size of its other users. This means that if the product
or service provided by a firm can gain a certain number of users or
suppliers faster, then it forms a network value advantage over the
firm’s competitors, thus generating a positive feedback mechanism
and vice versa a negative feedback mechanism (Li, 2019). According to
theMetcalfe’s law, the value of the network is equal to the square of the
number of network nodes and the value of the network explodes when
the size of users exceeds a critical point (Pei et al., 2018). Digital
economy possesses the attributes of network since its core is digital
technological innovation and expeditious network (Ma and Zhu,
2022). As the broadband usage, digital infrastructure construction
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and Internet access continuously increase until the scale of
connections reaches a critical value, the digital economy will
generate incremental scale effects and positive network
externalities. Therefore, digital economy development may exert a
non-linear impact on urban green total factor productivity. In view of
the above analysis, this paper proposes:

Hypothesis 4: The digital economy has a non-linear impact on
urban green total factor productivity.

3 Methodology

3.1 Model

The following fixed effects model are constructed to verify the
above proposed theoretical hypothesis of the impact of the digital
economy on urban green development:

GTFPit � α0 + α1DEit + αcXit + σ i + δt + εit (1)
where i and t represent cities and years, respectively. GTFPit and DEit

denote the development level of green total factor productivity and digital
economy of city i in year t, respectively. The GTFPit is evaluated by the
GML-SBM-DDF model and decomposed into green technological
progress index (GTPit) and green technological efficiency index
(GTEit). Xit represents a set of control variables to reflect the
influence of macro factors on urban green total factor productivity. σ i
and δt refer to individual fixed effect and year fixed effect, respectively. εit
denotes the random error term. The core coefficient α1 indicates the
impact of digital economy on green total factor productivity. If digital
economy significantly promotes urban GTFP, the variable α1 should be
statistically significant positive. According to the decomposition index of
the explanatory variables, this study replaces GTFPit in Equation 1 with
GTEit and GTPit, respectively.

3.2 Description of variables and data

3.2.1 Relevant indicators for GTFP measurement
This paper applies the super-efficient slack-based measure (SBM)

directional distance function (DDF) and Global Malmquist -
Luenberger (GML) index to measure GTFP at the urban level
(Fukuyama and Weber, 2009; Yang et al., 2019). The GML index
and its corresponding decomposition of the green technical
efficiency index (GTE) and the green technical progress index (GTP)
of cities are calculated by using the MaxDEA software. The green
technical efficiency (GTE) index measures the changes of technical
efficiency due to resource allocation efficiency and management system
while the green technical progress (GTP) index reflects the changes of
the technical progress likes improvement of production technological
capability and manufacturing process. The GML index reflects the
growth rate of urban GTFP, where GML = GTE × GTP. Drawing
on the methods of Qiu et al. (2008) and Yuan and Xie (2015), the
growth rate of GTFP is converted into the corresponding absolute
values, and the GTFP of 2011 is set as the base period with the
corresponding value of 1. The GML indices of GTFP, GTE, and
GTP are cumulatively multiplied year by year in turn to obtain the
corresponding levels of GTFP, GTE, and GTP of each city from 2011 to
2019 respectively. The specific indicators of GTFP are set as in Table 1.

3.2.1.1 Input index
The employees of the whole society represent labor input, the sum

of employees in urban units, private employees and individual
employees. Capital inputs is expressed by capital stock of each city
at constant prices after estimating a base year based on the perpetual
inventory method referring to Zhang et al. (2004). Given the available
data, the energy input is measured by the total social electricity
consumption (million kilowatt-hours) of each city in that year,
with a uniform caliber for the whole city.

3.2.1.2 Output index
The expected output is represented by the urban actual GDP at

constant prices in 2011. The undesired output consists of industrial
wastewater discharge, sulfur dioxide discharge and soot discharge
which are called “three waste emissions”. In the robustness test, this
paper adds CO2 emissions as the undesired output on the basis of
“three waste emissions” and construct a new index using CO2

emissions alone as the undesired output. Drawing on the
calculation method of Wu and Guo (2016) and the report of the
United Nations Intergovernmental Panel on Climate Change (IPCC),
the carbon emissions from gas, electrical heat and LPG consumption
are summed to obtain the CO2 emissions, with the data base of the
primary energy consumption of coal, crude oil and natural gas.

3.2.2 The digital economy index
Due to the limited methodology and statistical data, there is no

commonly accepted index to directly measure the digital economy
(DE). This paper constructs the digital economy development index in
terms of both digital finance and Internet development level (Huang
et al., 2019; Zhao et al., 2020). The former is represented by the overall
digital inclusive finance index jointly compiled by the Digital Finance
Research Center of Peking University and Ant Finance Group. The
latter is evaluated from four aspects: telecommunication business
revenue, the number of employees in computer services and
software industry, the number of mobile phone users and the
number of Internet broadband access subscribers at the end of the
year. The specific calculation methods of each index are per capita
telecommunication business volume, the proportion of employees in
computer and software industry to the total number of employees in
the city, the number of mobile phone users per 100 people and the
number of Internet access subscribers per 100 people, respectively.
The comprehensive index of the digital economy at the urban level is
calculated using principal component analysis (PCA) using the
software stata15.0 based on the above five dimensions.

3.2.3 Control variables
Drawing on existing studies, the control variables in this paper are

as follows: (1) Actual utilization of foreign capital (Fdi) is defined as
the ratio of actual utilization foreign capital of each city to GDP in that
year. (2) Human capital (Hum) promotes the growth of GTFP (Hu
and Guo, 2022), indicated by the proportion of the number of students
enrolled in general colleges and universities to the total population at
the end of the year (Wu et al., 2021; Hao et al., 2022; Hu et al., 2022;
Ren et al., 2022). This may be because the enhancement of human
capital through education improves energy efficiency and renewable
energy consumption through skilled labor, knowledge sharing and
technological progress to reduce energy consumption and pollution
emissions (Bano et al., 2018). Besides, it brings additional benefits such
as compliance with government rules, reduction of unfairness and
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crime rates, which are conducive to economic growth (Mehrara et al.,
2015). (3) Fiscal intervention (Gover) is proxied by the proportion of
fiscal expenditure to GDP. (4) Industrial structure (Indu) is given by
the ratio of the added value of the secondary industry to GDP. (5)
Environmental regulation (Envir) is expressed as the number of
employees in the water, environment and public facilities
management industry that reflects the governmental environmental
protection. (6) Economic development (lnPgdp) is represented by the
logarithm of GDP per capita and its squared term (Pgdp2) to reflect
the change of economic scale and its non-linear impact on GTFP. The
environmental Kuznets curve hypothesis (EKC) suggests that the
impact of economic growth on the environment rises and then
declines (Dinda, 2004). It is assumed that the relationship between
regional output per capita and GTFP may be U-shaped.

3.2.4 Data source and descriptive statistics
In view of the missing data and administrative area adjustment, a

total of 284 Chinese prefecture-level cities from 2011–2019 are used as
the research sample. The data is mainly derived from: (1) Digital
Inclusive Finance Index jointly published by Digital Finance Research
Center of Peking University and Ant Financial Services Group; (2)
relevant statistical yearbooks including China Statistical Yearbook,
China Regional Economic Statistical Yearbook, China City Statistical
Yearbook, statistical yearbooks of provinces and cities and statistical
bulletins of prefecture-level cities; (3) China Research Data Service

Platform (CNRDS) Innovation Patent Research Database. Table 2
summarizes the descriptive statistics of the main variables in this
paper.

4 Empirical analysis

4.1 Benchmark regression results

Table 3 presents the estimated results of the impact of digital
economy on GTFP. The coefficient of DE is always significantly
positive regardless of gradually adding fixed effects and control
variables. The finding in column (6) suggests that the coefficient of
DE is 0.0681 at the significant level of 1%, revealing that the digital
economy has significantly promoted GTFP. Hypothesis H1 has been
well verified. As a key driver of innovation and technology diffusion,
the digital economy stimulates to innovate products and processes just
as energy saving, pollution prevention and control, waste recycling
and green product design (Luo et al., 2022), thus contributing to GTFP
of Chinese cities. Next, the coefficient of the control variable basically
conforms to the expectation.

To be specific, we distinguish the positive impact path on GTFP.
The GTFP can be decomposed into green technology progress index
(GTP) and green technology efficiency index (GTE) (Jiang et al.,
2021). The specific regression results are reported in Table 4. The

TABLE 1 Urban GTFP index system.

Target layer First-level indicators Second-level indicators

Green Total Factor Productivity (GTFP) Input index Labor input Total number of employees in the whole society (person)

Capital input Investment in fixed assets (million yuan)

Energy input Total annual electricity consumption (million kilowatt-hours)

Output index Expected output Gross domestic product (GDP) (million yuan)

Undesired output Industrial wastewater (million tons)

Industrial sulfur dioxide (tons)

Industrial soot (tons)

TABLE 2 Descriptive statistics.

Variable types Variable Observation Mean Std. Dev. Min Max

Explained variable GTFP 2556 1.016 0.300 0.247 4.088

Explanatory variable DE 2556 0.000243 1.045 −1.546 8.490

Control variables lnPgdp 2556 10.721 0.590 8.773 15.671

Pgdp2 2556 115.298 12.797 76.964 245.606

Envir 2556 0.855 1.067 0.005 12.380

Fdi 2556 0.017 0.017 0.000 0.119

Indu 2556 46.981 10.667 11.700 89.340

Hum 2556 0.019 0.024 0.000 0.131

Gover 2556 0.200 0.101 0.044 0.872
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findings reveal that DE significantly promotes GTP, but not
significantly affects GTE. This means that the digital economy
mainly promotes GTFP through motivating technological progress
in production technology capabilities, manufacturing process
progress, etc. Compared with the growth of green efficiency, the
growth of China’s GTFP mainly depends on the progress of green
technology. Green technology efficiency reflects the ability to release

the potential of existing technology to a greater extent, create
economic output and reduce environmental pollution emissions by
coordinating production factors under the condition that technology
remains unchanged. Strong coordination and efficient integration of
resources are the primary conditions for the development of the data
element market. However, the cultivation of data element market is
still in the exploration stage and there are barriers to data resource

TABLE 3 Benchmark regression results.

Variables GTFP

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

DE 0.115*** (0.00742) 0.0887*** (0.00890) 0.0849*** (0.0031) 0.0704*** (0.0129) 0.0700*** (0.0130) 0.0681*** (0.0130)

lnpgdp −2.092*** (0.215) 2.091*** (0.216) −2.209*** (0.218)

Pgdp2 0.0851*** (0.00929) 0.0850*** (0.00929) 0.0893*** (0.00937)

Envir 0.0431*** (0.0164) 0.0432*** (0.0164) 0.0401*** (0.0164)

Fdi −0.253 (0.500) −0.247 (0.500) −0.0978 (0.501)

Indu 0.00403*** (0.00117) 0.00404*** (0.00117) 0.00365*** (0.00118)

Hum 0.712 (1.126) 0.565 (1.125)

Gover −0.479*** (0.152)

_cons 1.016*** (0.0113) 1.051*** (0.0171) 1.049*** (0.0146) 13.33*** (1.224) 13.31*** (1.225) 14.18*** (1.253)

City fixed effects NO NO YES YES YES YES

Year fixed effects NO YES YES YES YES YES

N 2556 2556 2556 2556 2556 2556

R2 0.120 0.155 0.155 0.200 0.200 0.203

Note: ** and *** denote significant at the level of 5% and 1%, respectively._cons represents a constant term, N represents the number of samples.

TABLE 4 Decomposition results.

Variables GTP GTE

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

DE 0.0494*** (0.0102) 0.0251*** (0.00972) 0.0135 (0.0155) 0.0198 (0.0156)

lnpgdp −2.243*** (0.164) 0.0551 (0.263)

Pgdp2 0.0922*** (0.00703) −0.00329 (0.0113)

Envir 0.0871*** (0.0123) −0.0243 (0.0198)

Fdi −0.406 (0.376) −0.231 (0.605)

Indu 0.00449*** (0.000883) 0.000964 (0.00142)

Hum 4.266*** (0.845) −1.675 (1.357)

Gover −0.818*** (0.114) 0.712*** (0.184)

_cons 1.029*** (0.0114) 14.12*** (0.941) 1.008*** (0.0172) 0.675 (1.512)

City fixed effects YES YES YES YES

Year fixed effects YES YES YES YES

N 2556 2556 2556 2556

R2 0.331 0.415 0.027 0.037

Note: ** and *** denote significant at the level of 5% and 1%, respectively._cons represents a constant term, N represents the number of samples.
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sharing. The coordination between production factors is not enough,
which leads to the decline of economic output capacity and utilization
efficiency of production factors.

4.2 Endogeneity analysis

4.2.1 Instrument variable approach
Considering that the above benchmark regressionmodel may have

endogeneity, which may affect the estimation results. First, the higher
level of regional green development, the better external resources may
be, which will inevitably accelerate the development of digital
economy, causing the problem of reverse causality. Second, there
are many other unobservable factors that affect the GTFP, which may
cause the problem of missing control variables. Therefore, this paper
uses instrument variables (IV) to solve above endogenous problems.

On the one hand, historical variables have good exogeneity, many
scholars tend to use historical information to solve endogenous
problems (Au and Henderson, 2006). This paper adopts the
number of telephones, post offices, and total postal services owned
by per 10,000 people in 1984 as instrument variables (Huang et al.,
2019). The early stage of China’s Internet development is mainly
started with analogue telephones lines. Hence the Internet
development level is high in regions with more fixed telephone
subscribers, meeting the relevance conditions. The post office was a
main traditional tool for information transmission and exchange in
the past, which was the executive department of laying fixed line. Its
regional distribution affects the distribution of fixed telephone to a
certain extent, thus affecting the early access of the Internet (Huang
et al., 2019). Therefore, it can be expected that the Internet
development level is relatively high in regions with more post
offices and postal services, meeting the relevance conditions. At the
same time, the number of fixed telephones, post offices and postal
services in history can hardly affect the green development, hence
meeting the exogenous conditions.

On the other hand, geographic location variable can also act as
exogenous instrument variables (Bai and Zhang, 2021). This paper
selects the distance to coastal port, and the distance between each
city and Hangzhou as IV, respectively (Bai and Yu, 2021).
Geographic location is a fixed fait accompli which is not
affected by external factors, thus meeting the exogenous
conditions. As the core resource and open platform of a region,
coastal port is a basic pivotal facility and an important support for
economic development. It can bring linkage effect and radiation
effect to the regional digital economy. In addition, the development
of digital finance represented by Alipay originates in Hangzhou. In
summary, the distance to coastal port, the distance to Hangzhou is
related to the development level of regional digital economy. The
closer the city is to the coastal port and Hangzhou, the higher the
level of digital development will be.

In order to make the instrument variables meet the time
variability of panel data, this paper uses the interactive term of
the logarithm of the above variables and the logarithm of the
number of broadband Internet access ports as the instrument
variables of the digital economy (Nunn and Qian, 2014).
Table 5 reports the estimated results. The first stage regression
results of 2SLS indicate that the regression coefficients of
Telephone-1984, Post office-1984 and Total postal services-1984
are respectively 0.1213, 0.04796, and 0.09297, passing the

statistical test at 1%. At the same time, the estimated
coefficients of Distance to coastal port and Distance to
Hangzhou are significantly negative at 5% and 1%, respectively.
The above first stage results indicate that DE is significantly related
to the instrumental variables. The F statistics of the first stage are
149.22, 146.96, 156.39, 171.75 and 172.65, respectively, which are
far greater than the critical value of the rule of thumb 10, proving
that there is no problem of weak IV. The second stage estimated
results of 2SLS show that no matter what instrumental variables are
selected, DE is still significant positive at the level of 5% or more,
indicating that the digital economy has significantly promoted
urban GTFP. These results indicate that the relationship
between the digital economy and green development is still
stable and effective after overcoming the endogenous issues.

4.2.2 Exogenous policy impact test
The quasi-natural experiment is applied to further eliminate the

endogenous problems, demonstrating robustness of results. To
address the slow network speed, low broadband coverage together
with uneven regional development of information infrastructure
construction, the State Council of China released the
implementation plan of the “Broadband China” strategy in 2013.
This plan deployed the broadband development goals and paths in the
next 8 years and selected 120 cities (clusters) in three batches in 2014,
2015 and 2016 as the “Broadband China” pilot cities. The “Broadband
China” strategy drives the implementation of new infrastructure
construction such as 5G and gigabit broadband, accelerating the
popularization and development of urban Internet. The digital
economy can’t develop without the support of network
infrastructure. In other words, the more perfect the urban network
infrastructure is, the higher the level of urban digital economy
development. As an exogenous impact, the “Broadband China”
demonstration policy can effectively represent the development of
the digital economy (Zhao et al., 2020). Consequently, the
demonstration policy of “Broadband China” is used as a quasi-
natural experiment to test the causal influence of the digital
economy on GTFP. Considering that this strategy is a policy
experiment from pilot to popularization in batches, the multi-
period difference in difference (DID) method proposed by Beck
et al. (2010) is adopted in this paper. The empirical model is set in
Formula (2):

GTFPit � α0 + α1Policyit + αcXit + σ i + δt + εit (2)
Policyit is a dummy variable of “Broadband China”, which

indicates whether city i is a demonstration city of “Broadband
China” in year t. If city i joined the Broadband China policy
demonstration, Policyit takes 1; otherwise, it was part of the
control group, Policyit is 0.

Table 6 reports the regression results. As shown in column (1),
the coefficient of Policy is 0.0784 and passes the 1% significance
level, which indicates that the demonstration policy of Broadband
China has improved the urban GTFP. After replacing GTFP with
GTP and GTE respectively, the results show that the pilot policy
significantly promotes GTP, but not significantly affects GEC.
Hypothesis H1 is confirmed again. The parallel trend results are
shown in Table 7. The estimated coefficients of Pre1, Pre2, Pre3 and
Pre4 are not significant, and the results show that there is no
systematic difference between the change trends of demonstration
cities and non-demonstration cities before the implementation of
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policies, meeting the parallel trend test. In terms of dynamic effects,
from the second year to the fifth year of the demonstration cities,
Post2 passes the 10% significance level, Post3 passes the 5%

significance level, and Post4 and Post5 pass the 1% significance
test. The positive promotion effect shows an increasing trend year
by year, and the parallel trend hypothesis is satisfied.

TABLE 5 Estimation results of models with instrumental variables.

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

First Stage DE

Telephone-1984 0.1213*** (0.0207)

Post office-1984 0.04796*** (0.01277)

Total postal services-1984 0.09297*** (0 0.01437)

Distance to Hangzhou −0.0224** (0.0092)

Distance to coastal port −0.0012*** (0.0034)

First stage F value 149.22 146.96 156.39 171.75 172.65

Second Stage GTFP

DE 0.568*** (0.136) 1.276*** (0.202) 1.132*** (0.192) 1.830** (0.766) 0.503** (0.214)

Controlled variable YES YES YES YES YES

City fixed effects YES YES YES YES YES

Year fixed effects YES YES YES YES YES

N 2024 2033 2096 2556 2556

Note: ** and *** denote significant at the level of 5% and 1%, respectively. N represents the number of samples.

TABLE 6 Regression results.

Variables GTFP GTP GTE

(1) (2) (3)

Policy 0.0784*** (0.0167) 0.0853*** (0.0124) −0.0105 (0.0202)

_cons 13.95*** (1.262) 13.44*** (0.938) 0.954 (1.521)

Controlled variable YES YES YES

City fixed effects YES YES YES

Year fixed effects YES YES YES

N 2556 2556 2556

R2 0.201 0.425 0.037

Note: ** and *** denote significant at the level of 5% and 1%, respectively._cons represents a constant term, N represents the number of samples.

TABLE 7 Parallel trend test regression results.

Period GTFP Period GTFP

Pre4 0.0249 (0.0446) Post1 0.0586 (0.0455)

Pre3 −0.0125 (0.0433) Post2 0.0847* (0.0456)

Pre2 0.000140 (0.0450) Post3 0.115** (0.0459)

Pre1 0.0390 (0.0452) Post4 0.159*** (0.0501)

Current 0.0478 (0.0453) Post5 0.242*** (0.0569)

_cons 13.17*** (1.269) R2 0.211

N 2556 N 2556

Note: *, ** and *** denote significant at the level of 10%, 5% and 1%, respectively._cons represents a constant term, N represents the number of samples.
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4.3 Robustness tests

4.3.1 Replacing independent variable and dependent
variable

To mitigate the error caused by the index construction method,
this paper constructs a new index to replace the core explanatory
variable and dependent variable. On the one hand, a new measure
index of the digital economy is constructed by entropy method in this
paper. Column (1) of Table 8 reports the regression result. The
regression coefficient of DE is still significantly positive, passing the
1% confidence interval. It indicates that the empirical results of the
positive impact of the digital economy on urban GTFP remain robust.
On the other hand, this paper changes the calculation method of
GTFP. Considering that the unexpected output used to measure the
GTFP index is mainly Industrial soot, SO2 and industrial wastewater,
which may lead to estimation errors. This paper recalculates the urban
GTFP by adding carbon dioxide emissions data as the unexpected
output on the basis of the original unexpected output and using carbon
dioxide emissions data as the unexpected output alone. As shown in
column (2) and column (3) of Table 8, the regression coefficient of DE
is still significantly positive, proving the robustness of the benchmark
estimation results again.

4.3.2 Excluding samples of key cities
With a large population and relatively concentrated social

resources, municipalities directly under the Central Government
play an important role in China’s economic development. In order
to eliminate the impact of special samples on the results, this paper
change the sample size to exclude the samples of these big cities,
namely Beijing, Tianjin, Shanghai and Chongqing. It can be seen from
column (4) of Table 8, the regression coefficient of DE is 0.0654,
passing the 1% confidence interval, which has no substantial change
compared with the baseline regression results.

4.4 Heterogeneity analysis

4.4.1 Heterogeneity based on urban resource
dependence

Cities are the most concentrated and prominent regions of global
ecological environment problems. With the strong resource
orientation, the resource-based cities are generally facing serious
ecological and environmental problems. In recent years, scholars

have also been exploring the green development path of resource-
based cities. To investigate whether the digital economy promotes the
green development of cities with different resource dependence, the
284 cities are divided into resource-based and non-resource-based
cities according to the National Sustainable Development Plan for
Resource-based Cities (2013–2020).

Table 9 reports the regression results. The estimated results in
columns (1) and (4) show thatDE exerts a positive impact on GTFP at a
significance level of 1% in non-resource-based cities, while not
significant in resource-based cities. As the digital economy has
obvious characteristics of time stages, it is necessary to compare the
stage changes generated by the development of the digital economy in
different resource-dependent cities. Since the “13th Five-Year Plan
Proposal” in 2015 first proposed to expand the network economic
space and implement the national big data strategy, the scale of the
digital economy has achieved leapfrog development and relevant
policies have been implemented. Therefore, this paper divides the
sample into two time periods: 2011–2014 and 2015–2019. The
regression results are shown in columns (2)–(3) and (5)–(6). The
estimated coefficient of DE is significantly positive at the 1% level
before and after 2015 in non-resource-based cities, and the direct effect
increases from 0.0423 to 0.0429. As for resource-based cities, the
coefficient of DE is not significant before 2015, but significantly after
2015. The result indicates that the digital economy significantly
promotes GTFP in resource-based cities after 2015. The reason for
this may be that early resource-based cities are rich in resources and
their economic development is mainly based on energy-intensive
industries such as coal, metallurgy and coking. These cities have a
single industrial structure and weak development of successive
industries, which are more likely to produce “black” industrial path
dependence and more prominent environmental problems, resulting in
the fact that the influence of the digital economy on GTFP in resource-
based cities is not significant. After 2015, the strong economic vitality
and industrial resilience of the digital economy bring about an efficient
matching of technological resources and traditional factor resources,
which makes resource-based cities have a stronger marginal effect in
improving energy efficiency with digital empowerment. Therefore, the
digital economy can change the economic development mode of
resource-based cities with low added value and break the “resource
curse” to low-carbon, green and intelligent and promote the green
transformation of cities. The above results suggest that the impact of the
digital economy on urban GTFP is heterogeneous in resource
dependence.

TABLE 8 Robustness test regression results.

Variables Replacing a core explanatory variable Replacing dependent variable Excluding samples of key cities

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

DE 0.194*** (0.0546) 0.0667*** (0.0135) 0.0300*** (0.00959) 0.0654*** (0.0131)

Controlled variable YES YES YES YES

City fixed effects YES YES YES YES

Year fixed effects YES YES YES YES

N 2556 2556 2556 2520

R2 0.198 0.107 0.216 0.190

Note: *** denotes significant at the level of 1%.
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4.4.2 Heterogeneity analysis of geographical
location

The unbalanced and insufficient economic development in
different regions of China may lead to a “digital divide” between
regions (Ren et al., 2021). Based on this, we first divided the 284 cities
into eastern coastal cities and non-eastern coastal cities according to
the classification standard of China Ocean Statistical Yearbook.
Additionally, we further divided the 284 cities into the eastern,
central and western regions according to the economic
development level. Table 10 reports the location heterogeneity
regression results.

Our results in columns (1)–(2) present that the coefficient of DE is
0.0638 at the 1% significance level in eastern coastal cities, and
0.0512 at the 5% significance level in non-eastern coastal cities.
These findings indicate that the digital economy plays a positive
role in promoting GTFP in both eastern and non-eastern coastal
cities. The significance and contribution of the digital economy to
GTFP in eastern coastal cities are better than those in non-eastern
coastal cities. The reason is that the eastern coastal areas have policy
advantages and the geographical location advantages close to the
ports, which are beneficial to attract production factors such as
talents, technology and information and generate a strong level of
digital technology application and innovation, thus promoting green
development. Our results present that the coefficients of DE in east
and central regions are 0.0562 and 0.0893 at the 1% significant level
respectively, but not significantly in the western region (columns 3–5).

Specifically, the positive impact of the digital economy onGTFP shows
a trend of central > eastern > western. There are several possible
reasons. First, the development level of the digital economy in the
eastern and central regions is relatively high, which helps to promote
GTFP. However, the construction and investment of digital
infrastructure in the western regions is not perfect, resulting that
the development level of digital economy in the western region is too
low, which is not conducive to the green growth effect of cities. The
above conclusions are consistent with the analysis results of the
threshold effect of the digital economy below. Second, the level of
green development and digital economy in the eastern region is higher
than that in the central region. Due to the law of diminishing marginal
effect, the marginal green emission reduction effect of the digital
economy is lower than that in the central region. The above findings
show that there is geographical location heterogeneity on the impact of
the digital economy to GTFP.

4.4.3 Heterogeneity of openness and financial
development perspectives

The impact of the digital economy on GTFP may be affected by a
number of local characteristics. We focus on two potential moderators,
namely, openness and financial development.

Many countries have formulated various incentive measures and
policies to improve the degree of openness. Openness can drive
regional economic growth by absorbing technology spillovers
generated by foreign investment. The degree of openness of a city

TABLE 9 Heterogeneity test regression results based on resource dependence.

Variables Non-resource based city Resource-based city

2011–2019 (1) 2011–2014 (2) 2015–2019 (3) 2011–2019 (4) 2011–2014 (5) 2015–2019 (6)

DE 0.0467*** (0.0151) 0.0423*** (0.0151) 0.0429* (0.0246) 0.0425 (0.0277) 0.0246 (0.0349) 0.0690* (0.0417)

Controlled variables YES YES YES YES YES YES

City fixed effects YES YES YES YES YES YES

Year fixed effects YES YES YES YES YES YES

N 1530 680 850 1026 456 570

R2 0.267 0.138 0.247 0.167 0.157 0.192

Note: * and *** denote significant at the level of 10% and 1%, respectively.

TABLE 10 Heterogeneity test regression results based on City Locations.

Variables Eastern coastal city Non-eastern coastal city East Central West

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

DE 0.0638*** (0.0164) 0.0512** (0.0208) 0.0562*** (0.0200) 0.0893*** (0.0271) 0.00573 (0.0215)

Controlled variables YES YES YES YES YES

City fixed effects YES YES YES YES YES

Year fixed effects YES YES YES YES YES

N 1143 1413 909 891 756

R2 0.314 0.150 0.370 0.225 0.108

Note: ** and *** denote significant at the level of 5% and 1%, respectively.
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is measured by the proportion of the total amount of foreign capital
actually utilized to GDP in that year. According to the median of the
openness in the sample, the sample is divided into two groups. As
shown in columns (1)–(2) of Table 11, the coefficient of DE is positive
and has passed the significance level of 1% in cities with high level of
openness, while the coefficient is not significant in areas with low level
of openness. These results suggest that openness plays a positive
moderating role. For one thing, the increase in foreign direct
investment inflows has improved the ability to absorb, adapt and
innovate technologies and strengthens industrial specialization, so as
to promote the development of ICT (Arvin et al., 2021). For another,
regions with a high degree of economic openness usually realize
economies of scale by using foreign markets and improve their
technological level accordingly, while the application of
international advanced technology plays an important role in
reducing energy consumption and pollution emissions (Adom and
Amuakwa-Mensah, 2016).

As an important part of the country’s economic development,
financial development can stimulate enterprises to engage in
technological innovation. We use the proportion of RMB deposits
and loans of banking financial institutions to the regional GDP to
measure the financial development level in each city. We divide the
sample into two groups according to the intermediate level of financial
development, and columns (3)–(4) of Table 11 present the regression
results. The coefficient ofDE is positive at 1% significance level in cities
with high level of financial development, while the coefficient is not
significant in areas with low level of financial development. The
possible reason is that data plays a key role in the core function of
finance to enhance resource allocation efficiency. A sound financial
service system can ease the financing constraints of various innovative
entities and provide digital payment services and financing services for
the development of the digital economy.

The above results indicate that the influence of the digital economy
on GTFP is heterogeneous, which is manifested in the difference
between the level of urban openness and the level of financial
development, both of which have played a positive regulatory role.

5 Influencing mechanism analysis

The results of the previous study indicate that the development of
the digital economy can significantly promote the growth of urban

GTFP. Then what is its transmission mechanism? We explore the
possible mechanisms based on the mediating effect model (Baron and
Kenny, 1986), and establish the following regression equation:

Mechanicit � β0 + β1DEit + βcXit + σ i + δt + εit (3)
GTFPit � γ0 + γ1DEit + γ2Mechanicit + γcXit + σ i + δt + εit (4)

where Mechanic is the mechanism variable in this paper, three
mediators are used, namely green technological innovation,
industrial structure upgrading and energy conservation. The other
variables are the same as in Equation 1, with individual fixed effects σ i
and year fixed effects δt added to the equation. First of all, on the basis
that the coefficients of regression model (1) pass the significance test,
the linear regression Equation 3 of digital economy (DE) for
mechanism variables (Mechanic) is constructed. Then, add the
mechanism variables in Equation 1 to verify the impact of digital
economy and mechanism variables on GTFP, as shown in Equation 4.
Finally, judge the significance of regression coefficient. If the
coefficient in Equation 3 β1 is not significant, the mediating test
does not exist. If it is significant, and it indicates that DE has a
significant effect on the mechanism variable; If the coefficient in
Equation 4 γ2 is significant, there is a mediation effect.

5.1 Green technological innovation effect

The digital economy encourages green technological innovation,
thus promoting urban GTFP. To verify this mechanism, this paper
uses the number of green invention patents per 10,000 people to
measure urban green technological innovation. As shown in column
(1) of Table 12, the coefficient ofDE on green technological innovation
is 0.101 at the 1% significance level. The result implies that the digital
economy promotes urban green technological innovation. The
coefficient of green technological innovation on urban GTFP is
positive at the 1% significance level (column 2). In a word, green
technological innovation is an effective mediating pathway whereby
the digital economy can promote GTFP.

5.2 Industrial structure upgrading effect

Theoretically, the digital economy can change the original service
mode and realize the green development through the optimization and

TABLE 11 Heterogeneity test regression results based on External Opening and Financial Development.

Variables High level of
openness

Low level of
openness

High level of financial
development

Low level of financial
development

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

DE 0.0722*** (0.0176) −0.00625 (0.0212) 0.0477*** (0.0168) 0.0162 (0.0232)

Controlled variable YES YES YES YES

City fixed effects YES YES YES YES

Year fixed effects YES YES YES YES

N 965 1591 965 1591

R2 0.334 0.142 0.316 0.156

Note: *** denotes significant at the level of 1%.
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upgrading of industrial structure. According to the study of Zhao et al.
(2021), this paper uses the ratio of the value added of tertiary industry
to secondary industry to measure industrial structure upgrading. In
column (3) of Table 12, the coefficient of DE is significantly positive,
indicating that the digital economy has significantly promoted the
upgrading of industrial structure. Column (4) shows that the
coefficient of industrial structure upgrading is also positive at the
1% significance level. In a word, industrial structure upgrading is an
effective mediating pathway whereby the digital economy can
promote GTFP.

5.3 Energy conservation effect

Theoretically, the digital economy can promote the efficiency of
energy utilization thus promoting the green development of cities.
To prove this influence mechanism, this paper uses the city’s total

social electricity consumption per unit of GDP to measure energy
consumption. As shown in column (5) of Table 12, the coefficient of
DE is significantly negative at 5% confidence level. The result implies
that the development of the digital economy significantly reduces
energy consumption. In column (6), the energy consumption has a
significant negative effect on the urban GTFP at 1% confidence level.
In a word, energy conservation effect is an effective mediating
pathway whereby the digital economy can promote GTFP. The
digital economy can reduce energy consumption by optimizing
production processes, reducing and replacing economic activities,
introducing the use of complementary products and improving
waste management processes (Cecere et al., 2014), thus
promoting the urban GTFP.

To sum up, the results in this section show that the digital
economy can improve the growth of GTFP by green technological
innovation, industrial structure upgrading and energy conservation.
Hypothesis 2 is verified.

TABLE 12 Regression results of influencing mechanism.

Variables Green innovation GTFP Industry structure GTFP Energy GTFP

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

DE 0.101*** (0.0194) 0.0646*** (0.0130) 0.0257*** (0.00905) 0.0666*** (0.0130) −0.00249** (0.00125) 0.0658*** (0.0129)

Green Innovation 0.0344** (0.0140)

Industry Structure 0.0583* (0.0301)

Energy −0.907*** (0.218)

Controlled variable YES YES YES YES YES YES

City fixed effects YES YES YES YES YES YES

Year fixed effects YES YES YES YES YES YES

N 2556 2556 2556 2556 2556 2556

R2 0.140 0.205 0.140 0.205 0.109 0.209

Note: *, **, and *** denote significant at the level of 10%, 5%, and 1%, respectively.

TABLE 13 Estimated results of spatial models with different weight matrices.

Variables Geographical adjacency
spatial weight

Geographical distance
spatial weight

Economic distance
spatial weight

Economic geographical nested
spatial weight

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

DE 0.0659*** (0.0120) 0.0712*** (0.0121) 0.0527*** (0.0121) 0.0506*** (0.0120)

W×DE 0.0364 (0.0273) 0.411** (0.194) 0.0471 (0.0344) 0.0871*** (0.0334)

Controlled
variable

YES YES YES YES

City fixed effects YES YES YES YES

Year fixed effects YES YES YES YES

Direct Effect 0.0689*** (0.0125) 0.0754*** (0.0128) 0.0548*** (0.0125) 0.0544*** (0.0125)

Indirect Effect 0.0634** (0.0318) 1.193* (0.644) 0.0729* (0.0403) 0.125*** (0.0401)

Total Effec 0.132*** (0.0366) 1.268* (0.647) 0.128*** (0.0439) 0.180*** (0.0438)

N 2547 2547 2547 2547

Note: *, **, and *** denote significant at the 10%, 5%, and 1% levels, respectively.
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6 Analysis of spatial spillover effects

In the previous analysis, we constructed a multiple linear
regression and exogenous policy impact test to verify the influence
of the digital economy on GTFP. However, due to the scale effect and
networking characteristics of the digital economy, the flow of it among
cities is not independent of each other. Based on this, this part invokes
the spatial interaction term in Equation 1 using the spatial Durbin
model (SDM) to examine the spatial spillover effect of the digital
economy on GTFP. The model is constructed as follows:

GTFPit � α0 + ρWGTFPit + α1DEit + θWDEit + αcXit + λWXit + σ i

+ δt + εit

(5)
W represents the n × n dimensional spatial weight matrix; ρ represents

the spatial correlation coefficient. This paper mainly uses four kinds of
matrices of geographical adjacency, geographical distance, economic
distance and economic-geographic nested.

It can be seen from Table 13 that after transforming the spatial weight
matrices, the regression coefficients of DE are 0.0659, 0.0712, 0.0527, and

0.0506, all of which are positive at 1% significance level. Since the SDM
explains the spatial economic correlations among cities, the estimated
results of its spatial econometric model including spatial lags cannot
directly report the real impact of the spatial spillover effects of the
explanatory variables on the explained variables. The decomposition
results through spatial effects show that all effects are significantly
positive regardless of the spatial weights matrices chosen, and the
indirect effect accounts for more than 50% of the total effect. The digital
technology accelerates the diffusion of information and various resource
elements and guide the cross-regional labor division and cooperation. It
triggers a learning and imitation effect by facilitating knowledge spillover
and innovation resources exchange (Proeger and Runst, 2020), thus driving
the improvement of green total factor productivity in the neighboring areas.
The results prove that the digital economy significantly enhances green
GTFP of neighboring cities and hypothesis 3 is verified.

7 Threshold effect

Considering the network effect of the Internet and Metcalfe’s Law,
there may have a non-linear relationship of the digital economy on

TABLE 14 Threshold effect test.

Threshold variables Test F Value p-Value Critical value

10% 5% 1%

DE Single threshold value 54.51*** 0.0000 25.6253 29.8302 39.0760

Double threshold value 14.68 0.2030 19.4616 23.7434 36.0879

Note: *, **, and *** denote significant at the level of 10%, 5%, and 1%, respectively.

TABLE 15 Threshold estimates and 95% confidence interval.

Threshold variables Test Threshold estimates Confidence interval

DE Single threshold value −0.7448 [−0.7561–0.7439]

TABLE 16 Regression results of panel threshold model.

Variables Coefficient T Value

lnpgdp −0.749*** (0.205) −3.65

Pgdp2 0.0335*** (0.00911) 3.67

Envir 0.00462 (0.0169) 0.27

Fdi −0.887* (0.511) −1.74

Indu −0.00510*** (0.000981) −5.20

Hum 0.252 (1.167) 0.22

Gover −0.0282 (0.148) −0.19

DE (q ≤ −0.7448) 0.00161 (0.0213) 0.08

DE (q > −0.7448) 0.132*** (0.0122) 10.83

_cons 5.427*** (1.162) 4.67

N 2556 2556

R2 0.155 0.155

Note: * and *** denote significant at the level of 10% and 1%, respectively. _cons represents a constant term, N represents the number of samples.
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GTFP. Therefore, we use the dynamic panel threshold regression
model proposed by Hansen (1999) to test the threshold effect, as
shown in the formula:

GTFPit � φ0 + φ1DEit × I qit ≤Y( ) + φ2DEit × I qit >Y( ) + φcXit

+ σ i + δt + εit

(6)
Where, qit is the threshold variable of digital economy, I (·) is the
indicator function, and Y is the threshold parameter. Eq. 6 considers
the case of a single threshold, and the multi threshold model can be
extended from Eq. 6. Whether the single threshold model or the multi
threshold model is used needs further testing.

Considering the “network effect” of the digital economy, there is a
non-linear relationship (hypothesis 4). First of all, based on the
Bootstrap method proposed by Hansen (1999), we repeatedly
sampled 1000 times to verify whether there is a threshold effect
with DE as the threshold variable. As shown in Table 14 and
Table 15, DE has passed the single threshold test at the 1%
significance level, and the threshold value is -0.7448, but the
double threshold test has not passed the significance test.

Next, we estimate the parameters of the threshold model through
empirical analysis. Table 16 reports the regression results of panel
threshold model, indicating that there is a single threshold effect on
the impact of the digital economy on GTFP.WhenDE is less than the
threshold value of -0.7448, the impact is not significant. When DE
crosses -0.7448, the regression coefficient increases to 0.132 at the 1%
significance level. On the basis of the network effect, the value of the
network depends upon the size of its other users. When the
development level of the digital economy is low, its network
effect is too small to form a network value advantage and
economies of scale relative to competitors. Enterprises have no
incentive to achieve energy conservation and emission reduction
to obtain high profits, which is not conducive to the play of urban
green growth effect. Therefore, when DE is lower than the threshold
value of -0.7448, the digital economy has no significant impact on
green development. As the broadband usage, digital infrastructure
construction and Internet access continuously increase until the
network effect exceeds a critical value, the enterprise’s products or
services can quickly obtain a sufficient number of users or suppliers,
which is conducive to the exertion of the network effect and
initiation of the positive influence mechanism, thus promoting
urban GTFP.

8 Conclusions and discussions

8.1 Conclusions

The limited resources and environmental degradation make it
necessary to achieve green development. This paper empirically
proves the impact, transmission mechanism, spatial spillover effect
and non-linear effect of the digital economy on green development
using the data of 284 prefecture-level cities in China. Different
from the research result of Lange et al. (2020), this paper believes
that the hope of digitalization to promote sustainable development
can be realized. The overall research conclusion has strong
application value in the current era of digital transformation,
providing a reference for emerging countries to achieving green

development through the digital economy. The main research
conclusions present as follows:

(1) The digital economy can significantly improve urban
GTFP. The growth of China’s GTFP is mainly attributed to
green technological progress (GTP). (2) The boosting effect of
the digital economy on GTFP has significant heterogeneity on city
resource dependence, geographical location, openness and
financial development level. First, the digital economy
significantly boosts GTFP of resource-based cities after
2015 and the boosting effect is greater than that of non-
resource-based cities. Next, the boosting effect of the digital
economy on GTFP shows that the eastern coastal cities are
greater than the non-eastern coastal cities, and the central-east
regions are greater than the west regions. Finally, cities with higher
level of financial development and openness, the stronger its
promotion. This paper analyzes heterogeneity from a new
perspective, enriching the existing heterogeneity analysis. It
provides an empirical evidence for the government to improve
the opening up, the level of financial development and accelerate
the digital transformation of resource-based cities. (3) Green
technological innovation, industrial structure upgrade and
energy conservation are the important mediating mechanisms
for the digital economy on GTFP. The more comprehensive
mechanism test in this paper deepens the existing literature. (4)
The spatial Durbin econometric model analysis reveals that the
digital economy has a significant spatial spillover impact on GTFP,
and it can promote GTFP on the surrounding areas. (5) Using the
threshold model, it is found that the effect of the digital economy
on urban GTFP growth is non-linear and has a single threshold.
The low development level of the digital economy is not conducive
to the green growth effect.

8.2 Discussions

8.2.1 Policy implications
On the basis of the above empirical results, the following

important policy suggestions are put forward:

1) Accelerate the development of the digital economy to promote
the green development of cities. First of all, it is necessary to
actively improve the deep integration of digital technology and
the real economy. Enterprises can increase the application of
digital technologies such as industrial Internet, big data and 5G,
giving full play to the green enabling role of digital technology
from the energy supply side and the industrial demand side to
energy saving and waste reduction in the production process.
Secondly, intelligence or information technology should be
introduced into urban management. For example, in the field
of smart transportation, reduce carbon emissions through new
energy technologies and intelligent networking. Finally, in
terms of government governance, it is necessary to actively
participate in the construction of digital society and digital
government, realizing intelligent interconnection and data
sharing. In addition, it is also necessary to promote the
research, development and application of green energy-
related patents, and promote the intelligent and green
development of traditional industries by optimizing and
upgrading the traditional industrial structure.
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2) Implement targeted and precise regional policies to address the
imbalance and regional differences brought about by the
development of the digital economy. On the one hand, the
government should base itself on the low-cost advantages of the
central and western regions, increase the construction and
investment of infrastructure related to the digital economy, and
promote the penetration of the digital economy in these regions.
On the other hand, local governments should speed up the digital
transformation of resource-based cities for considering resource
endowment conditions and local industrial chain ecology. Finally,
it is worthwhile to improve the level of urban openness and
financial development, enhancing the positive impact of the
digital economy on urban GTFP. At the same time, considering
that cities with developed digital economy have radiation and
spillover effects, it is necessary to strengthen exchanges and
cooperation in technology, talents, data and other resources
between cities. It conduces to formation of complementary
advantages and coordinated development between regions, so as
to drive the green development of surrounding cities.

8.2.2 Future research directions and limitations
There are some limitations in this study. First of all, this paper

combined urban panel data with certain sample limitations.
Subsequent studies can further demonstrate the relationship
between digital economy and green development from a micro
perspective such as enterprise level or county level data. Secondly,
this paper does not establish a theoretical model, and subsequent
research can build models to enrich relevant theoretical mechanisms.
Finally, there is no uniform standard and normative guidance for the
selection and measurement of indicators of the digital economy. In
future research, scholars can formulate unified urban digital economy
measurement indicators to accurately measure comparable digital
economy development scale. Subsequent studies can also further
confirm the impact of various indicators of the digital economy
segmentation on green development, such as industrial digitization
and digital industrialization.
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