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With the continuous advancement of industrialization, global environmental
problems are becoming increasingly severe. Maintaining economic growth
while improving the environment has been an important issue for many
countries, especially developing countries. As industry is a major source of
environmental pollution, industrial green transformation and upgrading have
become particularly important. In the era of the digital economy (DE), there is
a new path for industrial green transformation and upgrading. Based on provincial
data on industry from 2008 to 2021, a difference-in-differences (DID) model was
constructed to analyze the environmental and economic benefits. New pathways
for trade-offs between environmental improvement and economic growth in
China are presented. In addition, new ideas are concerning global environmental
issues and economic issues in the DE are presented. The present study indicates
that the DE has reduced the intensity of pollution emissions and elevated total
factor productivity (TFP), which has helped to promote industrial green
transformation and upgrading. Further mechanism testing showed that the DE
has promoted industrial green transformation and upgrading by improving the
utilization of energy and resources and promoting technological innovation.
Considering the utilization of energy and resources, the DE has decreased China’s
total industrial consumption of energy and coal, reduced industrial water
consumption, and reduced the share of coal consumption and increased the
share of clean energy consumption in China’s total industrial energy
consumption; these effects have optimized the efficiency and structure of
China’s energy utilization to contribute to the green transformation and
upgrading of industry. Regarding technological innovation, the development
of the DE has increased industrial innovation output and R&D input.
Furthermore, it has promoted innovation with respect to green processes,
accelerating technological innovation, and realized industrial green
transformation and upgrading.
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1 Introduction

The 20th National People’s Congress of the CPC stated that
high-quality development was essential to the Chinese path to
modernization and a fundamental element of the construction of
a modern socialist country. Under this theme of high-quality
economic development, vigorous development of industry and
enhancement of industrial green transformation have been
essential in promoting China’s economy’s “move from virtual to
real” (Guandghao et al., 2022). In 2022, China’s industrial value
added reached 40.2 trillion yuan, and its manufacturing value added
reached 33.5 trillion yuan. Each indicator has been world leading. In
addition, China’s industrial contribution to economic growth has
reached 36%. However, China’s industrial productivity still lags far
behind that of developed countries, and even some emerging
economies have caught up with China’s productivity1. The rapid
development of foreign industries has placed tremendous pressure
on China.

At the same time, China’s domestic industry has not entirely
shaken off the development pattern of “three high” measures in the
form of excessive inputs, consumption, and emissions driven by
various factors (Cai et al., 2019; Wang and Shao, 2019). The
industrial development model has placed tremendous pressure on
China’s resources and environment (Zhang et al., 2015; Li et al.,
2022), which has seriously hindered the high-quality development of
China’s industry. Improving China’s industrial development model
and realizing green transformation and upgrading is the only way
for China to become an industrial power. The 18th Party Congress
emphasized efforts to promote green and low-carbon development,
forming an industrial development pattern of conserving resources
and protecting the environment. As a result, China’s industry
entered its green transformation and development stage. In 2021,
China pointed out that by 2025, significant achievements in green
transformation would have been made. A sound green and low-
carbon technology system and green manufacturing support system
have been built to systematically promote the transformation of six
fields, namely product supply, production modes, industrial
structure, energy consumption, resource utilization, and
production processes, promoting green development of industry.
Green transformation and upgrading of industry have risen to the
level of national strategic topics. However, they remain in urgent
need of further promotion (Yu et al., 2015; Jinpeng et al., 2018; Yang
et al., 2022).

The digital economy (DE) has provided new opportunities for
green transformation and upgrading of industry. Over the past
decade, the DE’s share in China’s GDP has risen from 21.6% to
39.8%. Digital industrialization and industrial digitalization have
achieved remarkable results, and the DE has now achieved a more
stable position in the national economy, playing a more apparent
supporting role (Bowman, 1996). The DE has become integrated
with all areas of the economy, giving rise to a new paradigm of digital
transformation that is reshaping industrial forms and economic
patterns (Zhang et al., 2023). According to the World Economic

Forum, the rapidly developing DE has become integrated with
traditional industry, accelerating the intelligent and clean
transformation of traditional industry (Zhang et al., 2022;
Oloyede et al., 2023), providing convenient infrastructure for
traditional industry, enhancing productivity, improving ecological
efficiency, merchandizing green technology innovation, and fully
enabling industrial transformation. In October 2022, the 20th

National Congress report2 proposed constructing a digital China,
accelerating the improvement of the DE, facilitating the fusion of
industry and the DE, and emphasizing the acceleration of the green
transformation of improvement methods. Therefore, the DE has
become a new plan to accelerate the green transformation of
industry, helping to structure coordinated improvement of
economic development and ecological protection. So, how does
the DE affect industrial green transformation and upgrading?
How do we evaluate industrial green transformation while
considering the economy and environment? What is the
corresponding transformation path? Learning about these issues
will have significant theoretical and practical significance. In terms
of the dimensions of economic and environmental benefits
dimensions, this study used provincial panel data from 2008 to
2021 to examine how the DE has affected industrial pollution
emission intensity and total factor productivity. In addition, we
analyzed the theoretical mechanisms underlying the use of energy
resources and technological innovation to carry out a more in-depth
study of industrial green transformation and upgrading by the DE.

The remainder of the paper is structured as follows. Section 2
comprises a literature review. Section 3 contains an analysis of the
theorized mechanisms. In contrast, Section 4 presents a description
of the data description and measurement model. Section 5 outlines a
benchmark regression and robustness test. Section 6 presents the
mechanism testing. The last section presents the conclusions of the
study and policy implications.

2 Literature review

2.1 The digital economy

The concept of the “digital economy” first appeared in 1994.
According to the Oxford English Dictionary, the initial appearance of
the expression was in the San Diego Union-Tribune newspaper in
1994. However, the term “digital economy”was independently coined
around 1996 by Don Tapscott (Bowman, 1996). The DE has been
brought about by digital technology and informatization (Zhang et al.,
2023). The definition of the DE has continued to change (Oloyede
et al., 2023). In the beginning, the definition of the DEmainly revolved
around the Internet (Zhang et al., 2022); the term was used to explain
the use of the Internet and the economic impact it has had (Song et al.,
2017). With the continuous development of the DE, many digital
technologies have emerged (Nucci et al., 2023).

The focus of the definition of the DE has shifted from the
Internet to the essence of the DE.More recently, it has been generally

1 Report of the 20th National People’s Congress of the CPC. https://www.

gov.cn/xinwen/2022-10/25/content_5721685.htm

2 Report of the 20th National People’s Congress of the CPC. https://www.

gov.cn/xinwen/2022-10/25/content_5721685.htm
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understood that the DE is based on information and communication
technology (Bertani et al., 2020). The innovation, products, and
services falling under information and communication technology
have contributed to the development of the DE (Xia et al., 2023). The
continuous evolution of the definition of the DE has reflected the
changes in digital technology and how these technologies have
affected society and the economy. In recent years, scholars have
concluded that digital knowledge and technology based on modern
information networks have reshaped production methods and
processes to enhance the structure of the economy and trigger
the sustainable improvement of digitization in economic and
social fields (Bukht and Heeks, 2018). Understanding the
definition of the DE is beneficial for measuring the level of
development of the DE. An indicator system can be constructed
to measure digital and economic development (Liu, 2021). It is also

possible to measure the development level of the DE through the
input–output method based on its high permeability and integration
(Ran et al., 2023). Additionally, the impact of DE policies on the
economy and society can be examined, for example, by studying the
impact of DE policies such as “Broadband China” and the “National
Big Data Comprehensive Pilot Area” on the economy (Jiang et al.,
2023; Zhang and Ran, 2023).

2.2 Green transformation and upgrading

China’s industry has adopted a primary production mode of
excessive inputs, consumption, and pollution. The tension between
economic growth and the available resources has become
increasingly acute. Traditional industries must, therefore, undergo

FIGURE 1
Industrial pollution emissions.

FIGURE 2
TFP.
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green transformation and upgrading. Green transformation is
mainly measured from two perspectives: efficiency and a multi-
dimensional evaluation index system. Efficiency is mainly measured
through nonparametric methods, including data envelopment
analysis (DEA) and other approaches, for instance, the stochastic
block model (SBM) and the Malmquist–Luenberger index (Gong
et al., 2020). In addition, it can be measured using a parametric
method by installing a production function and efficiency term
distribution (Tian et al., 2017). An evaluation indicator system has
been built based on the connotations of industrial green
transformation, using comprehensive evaluation methods such as
the selection of indicators from four dimensions (Mao et al., 2019).

Industrial green transformation in countries and regions
suffering from environmental crises and resource depletion is

crucial for enhancing the environment and economy. Taxation is
essential for the government to control the macroeconomy and is
crucial in sustainable development and environmental protection.
Broad environmental taxes and environmental regulations enhance
industrial green transformation (Shen and Zhang, 2022; Du et al.,
2021). According to the green paradox, environmental regulations
may impose compliance costs and inhibit the green transformation
of industry. However, innovation promotes green transformation
(Zhao et al., 2021). Renewable energy innovation and industrial
green transformation are gradually improving, and the role of
renewable energy in merchandizing local industrial green
transformation has gradually increased over time (Liu C. et al.,
2022). In addition, the high-tech industry can help promote
industrial green transformation and upgrading through

TABLE 1 Descriptive statistics on each of the variables.

Variable type Variables N Mean sd min max

Outcome variables tfp 420 0.938 0.0346 0.813 1

SO2 420 41.39 36.73 0.088 162.9

Mechanism variables coal 420 3,444 2,632 29.27 14,066

energy 420 6,409 4,512 136.4 23,490

lnwater 420 3.237 1.127 0.405 5.542

clean1 420 0.00621 0.00736 0.00002 0.046

clean2 420 0.532 0.197 0.0310 0.969

rd 420 0.00839 0.00383 0.00139 0.0197

patent 420 23,019 41,321 81 340,935

gt1 420 0.811 1.768 0.00479 29.35

gt2 420 443.2 537.3 3.120 3,386

Control variables gov 420 0.252 0.110 0.0998 0.758

edu 420 9.182 0.932 7.024 12.70

mar 420 7.757 1.851 3.359 11.49

lnfdi 420 14.56 1.712 7.575 16.93

lab 420 0.124 0.0568 0.0560 0.374

TABLE 2 Correlation analysis.

Variables did tfp SO2 gov edu mar lnfdi lab

did 1

tfp 0.210*** 1

SO2 −0.316*** −0.198*** 1

gov −0.262*** −0.509*** −0.266*** 1

edu 0.411*** 0.120** −0.369*** −0.260*** 1

mar 0.591*** 0.420*** −0.165*** −0.696*** 0.533*** 1

lnfdi 0.422*** 0.362*** 0.134*** −0.796*** 0.443*** 0.797*** 1

lab 0.323*** 0.0390 −0.284*** −0.203*** 0.820*** 0.491*** 0.342*** 1

*p < 0.1, **p < 0.05, ***p < 0.01.
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innovation, especially in underdeveloped regions, mid-
industrialization regions, or industries causing excessive pollution
(Song et al., 2022). Industrial green transformation must be
accomplished as a long-term task, requiring a large amount of
capital and support from external financing. Stimulated by the
improvement of environmental supervision, green finance is
continuing to accelerate, promoting industrial green
transformation (Chen et al., 2023). Environmental regulations
and green total factor productivity (GTFP) are also important
parts of promoting green transformation (Yang et al., 2021).
Some scholars believe that strong environmental regulations can
increase GTFP (Qiu et al., 2021; Tong et al., 2022). In addition,
environmental regulations can also improve GTFP through
upgrading of industrial structures (Ouyang et al., 2023),
technological innovation (Luo et al., 2022), and technological
progress (Cheng and Kong, 2022). These are conducive to the
industrial green transformation. Therefore, these scholars believe
that the government should put more effort into improving
environmental regulations (Zheng et al., 2023). However, some
scholars believe that some types of environmental regulations will
inhibit green total factor productivity because of the imposition of
multiple types of environmental regulations (Tian and Feng, 2022).
Regarding internal factors, leadership can help improve employees’
behavior toward the environment, influence employees’ behavior by
creating a green organizational atmosphere, and improve green

development (Liu and Xuan, 2023). With growing environmental
constraints, comprehensively accelerating green transformation can
help form a new, greener economic development model.
Additionally, doing so can achieve sustainable development in
China (Yang et al., 2022), promote the nation’s economic
development, and fully leverage the environmental and economic
benefits of green transformation.

2.3 The digital economy, green
transformation, and upgrading

The DE empowers traditional industries, bringing newmomentum
to industrial green transformation and becoming an essential
component. The DE can accelerate and drive green transformation
by strengthening technological innovation (Zhang et al., 2022). For
instance, the DE has become a new pathway for the enhancement of
industrial structure upgrading through innovation (Jinqi et al., 2021). In
particular, the DE enhances green innovation, and digital technology
has generated systematic adjustments and disruptive innovation within
enterprises, increasing the output of green innovation (Zhang et al.,
2022). In addition, the DE promotes green transformation and
upgrading by improving innovation capabilities, flow efficiency, and
emission costs (Hongcheng et al., 2023). TheDE also improvesGTFP to
promote green transformation (Liu et al., 2022). In addition, provinces

TABLE 3 Impact of the DE on total factor productivity in industry.

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

tfp tfp tfp tfp tfp tfp

did 0.0131*** 0.0124*** 0.0123*** 0.0139*** 0.0143*** 0.0127***

(0.0036) (0.0035) (0.0035) (0.0035) (0.0034) (0.0035)

gov −0.1410*** −0.1380*** −0.1470*** −0.1420*** −0.1310***

(0.0523) (0.0524) (0.0498) (0.0485) (0.0464)

edu 0.0041 0.0031 0.0031 0.0030

(0.0050) (0.0050) (0.0050) (0.0049)

mar −0.0052*** −0.0047*** −0.0049***

(0.0016) (0.0016) (0.0017)

lnfdi −0.0022 −0.0026

(0.0018) (0.0018)

lab 0.1730***

(0.0612)

Fixed effect of province YES YES YES YES YES YES

Fixed effect of time YES YES YES YES YES YES

Constant 0.9220*** 0.9420*** 0.8940*** 0.9510*** 0.9800*** 0.9310***

(0.0061) (0.0104) (0.0579) (0.0588) (0.0616) (0.0609)

Observations 420 420 420 420 420 420

R-squared 0.845 0.854 0.855 0.859 0.860 0.862

Standard errors are shown in parentheses.

*p < 0.1, **p < 0.05, ***p < 0.01.
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with stronger environmental regulations and intellectual property
protection have a stronger impact on the promotion of green total
factor productivity through the DE (Wang et al., 2023).

Furthermore, the DE can affect ecological and environmental
quality through industrial structure upgrading (Zhao et al., 2023).
The DE also promotes environmental quality by impacting resource
consumption. With the continuous improvement of the DE, its impact
will strengthen (Ran et al., 2023). The DE can improve energy efficiency
and promote the clean transformation of industry. In addition, with the
improvement of industrial infrastructure, the DE is continuously
increasing (Guanghao et al., 2022). The DE can increase industrial
performance by reducing production costs (Kangxian et al., 2023),
driving changes in production and lifestyle, reducing pollution
emissions, and subsequently strengthening the capacity for
sustainable “ecological–economic–social” development (Pradhan
et al., 2020), promoting the green development of industry (Liu
et al., 2022).

Research concerning the DE, green transformation, and
upgrading has achieved fruitful results, and the body of literature
regarding industrial green transformation and upgrading as a result of
the DE has gradually grown. Discussion concerning the mechanism
linking the DE and green transformation has focused on technological
innovation, environmental regulation, industrial structure upgrading,
and resource consumption. Other paths have rarely been mentioned.
In studying how the DE affects industrial green transformation, in this

study, we analyzed a theorized set of mechanisms involving energy
and resource utilization efficiency, energy utilization structure,
innovation input, innovation output, and green innovation; this
analysis enriches our understanding of the theoretical mechanisms
underlying this relationship. The environmental and economic
benefits of industrial green transformation via the DE are also
discussed, and policy measures and suggestions are proposed.

3 Theoretical mechanisms

The DE brings about the substitution of traditional elements to a
tremendous degree, saves energy and resources (Huang et al., 2022),
improves energy and resource utilization efficiency, optimizes the
utilization structure of energy and resources, and reduces pollution
emissions caused by ineffective production (Dong et al., 2018). At the
same time, the DE has strong innovative capacity, a robust penetration
rate, and broad coverage; it has created significant additional room for
industrial innovation (Ding et al., 2021), promoted green technological
innovation (Zhang et al., 2022), increased green performance, and
enabled customers’ diversified green consumption needs to be met. The
DE has become essential to solving environmental problems and
functions as a new impetus to boost economic development
(Czernich et al., 2011), accelerate industrial green transformation
and upgrading, and promote a substantial economic boom.

TABLE 4 Effect of the DE on the intensity of industrial pollution emissions.

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

SO2 SO2 SO2 SO2 SO2 SO2

did −9.638*** −9.545*** −9.699*** −8.432** −8.398** −9.415**

(3.555) (3.572) (3.602) (3.583) (3.547) (3.653)

gov 17.51 25.20 18.22 18.66 25.41

(32.46) (33.46) (33.17) (32.14) (31.81)

edu 10.01* 9.164* 9.168* 9.077*

(5.520) (5.547) (5.557) (5.485)

mar −4.090** −4.046** −4.197**

(1.681) (1.728) (1.756)

lnfdi −0.195 −0.425

(1.702) (1.703)

lab 110.4

(69.09)

Fixed effect of province YES YES YES YES YES YES

Fixed effect of time YES YES YES YES YES YES

Constant 30.07*** 27.54*** −86.54 −42.21 −39.71 −70.72

(7.109) (8.577) (63.65) (64.88) (68.05) (70.65)

Observations 420 420 420 420 420 420

R-squared 0.832 0.833 0.834 0.836 0.836 0.837

Standard errors are shown in parentheses.

*p < 0.1, **p < 0.05, ***p < 0.01.
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3.1 The digital economy improves the
utilization of energy and resources

Some Chinese industries are still in the factor-driven
development mode, which consumes significant energy and
resources (Zhang et al., 2022f). Digital technology can help
industry save energy and resources (Zhukovskiy et al., 2021),

carry out systematic energy and resource management, conduct
reasonable and effective planning, improve the operational factors of
equipment, energy, and resources, reduce energy and resource
consumption, improve other operational factors, optimize the
utilization structure (Huaying et al., 2022), and bring about
material transformation of energy and resources (Shahbaz et al.,
2022; Wang et al., 2022a).

First, the DE is conducive to systematic and institutionalized
energy and resource management. The DE can build energy and
resource management systems. Through digital technologies, it is
possible to collect, process, analyze, and apply essential data
regarding industrial energy and resources; automate the
collection of energy consumption data, such as data on water,
gas, heat, and electricity; ensure accurate and efficient data
acquisition and timely transmission; and solve the problems of
multiple and scattered measurement points for energy and
material consumption. An intelligent energy and resource
management system can systematically manage data and monitor
and record the overall operation of industrial enterprises and
industries to improve management and decision-making
efficiency. It can fundamentally change the traditional industry’s
production and operation modes with large investments of capital
and labor power. At the same time, the DE optimizes the use of
energy and resources (Dong et al., 2018). Based on critical data
regarding energy and resources in enterprises, artificial intelligence
algorithms can be used for analysis (Zhukovskiy et al., 2021), and
can accurately identify improvement points in the production
process, provide intuitive analysis results, improve the allocation
of various forms of energy and resources, optimize their use,
effectively save resources, and reduce energy consumption.

Furthermore, the DE stimulates energy-saving with original
equipment (Zhang et al., 2022g). It can enable the use of
industrial robots and other technologies to optimize process flow,
reconstruct a production process, continuously enhance the stage of
technological development of equipment in enterprises, improve the
accuracy of detection and control of product parameters, adjust
material scheduling, improve production equipment, optimize and
control the production process, realize the digitalization of the
production line, improve product quality, and stimulate the
energy-saving capacity of original equipment to reduce energy
and material consumption. These effects can bring about
substitution effects in terms of traditional factors, reduce the
input of production factors, and accelerate the rational
movement toward industrial green transformation.

Hypothesis 1. The DE promotes industrial green transformation
and upgrading by improving energy and resource utilization.

3.2 Digital technology promotes innovation
in industrial technology

Innovation has become an essential direction of industrial
development and is crucial in the realization of industrial green
transformation. The rapid improvement and widespread use of
digital technology have created a higher degree of freedom and
room for industrial innovation and development (Zhang et al.,
2022), ameliorated the allocation of elements of industrial

TABLE 5 Dynamic effect testing.

Variables (1) (2)

tfp SO2

pre_4 0.0039 −1.590

(0.0080) (8.801)

pre_3 0.0035 −4.270

(0.0080) (8.801)

pre_2 −0.0045 −6.724

(0.0080) (8.801)

pre_1 0.0013 −9.013

(0.0080) (8.801)

Current 0.0117 −10.58

(0.0080) (8.801)

post_1 0.0119 −10.34

(0.0080) (8.801)

post_2 0.0179** −10.11

(0.0080) (8.801)

post_3 0.0175** −16.77*

(0.0080) (8.801)

post_4 0.0147* −16.16*

(0.0080) (8.801)

post_5 0.0138* −16.46*

(0.0080) (8.801)

post_6 0.0147* −15.78*

(0.0080) (8.801)

post_7 0.0178** −15.06*

(0.0080) (8.801)

post_8 0.00565 −14.35

(0.0080) (8.801)

Fixed effect of province YES YES

Fixed effect of time YES YES

Constant 0.921*** 31.51***

(0.00499) (5.516)

Observations 420 420

Standard errors are shown in parentheses.

*p < 0.1, **p < 0.05, ***p < 0.01.
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innovation, enhanced the innovation efficiency of technological
activities, and promoted green technological innovation (Luo
et al., 2022), which can provide added value for clients and
industry and additionally limit the detrimental impact on the
environment to a great extent (Dan and Zhu, 2022). The
adoption of a green orientation as a future strategy for industry
will promote the green transformation of industry.

First, the DE can expand industrial markets. With the ongoing
expansion of the economy, low efficiency of new product
innovation and insufficient output in terms of innovation have
become essential factors restricting industrial green
transformation. The DE has expanded the market, increasing
competition among enterprises. At the same time, the external
environment has strengthened the sustainability of the
requirements for industrial green development, and green
demand among customers has been growing. Market demand
for green technology innovation has been continuously rising
(Zhu et al., 2020). In order to gain competitive advantages,
industry has continuously strengthened the search for and
improvement of new products, and the innovation, especially
green innovation, of products and processes has been
promoted. Second, through the use of digital R&D management
platforms in industrial enterprises, R&D data in industrial systems

can be shared and can be used to build open innovation systems
that are open to the entire industry chain and involve the whole of
society (Zhang et al., 2022); to assist in the transformation of
modes of industrial innovation to efficient sharing and
collaborative cooperation; to substantially enhance the stages of
innovation; and to promote the normalization of innovation
activities. Within enterprises, more efficient and intelligent
R&D platforms and information platforms can also significantly
enhance the feedback effect and the effect of a cumulative cycle
between industrial R&D departments and production
departments; enhance the speed of innovation; and improve
innovation efficiency. Third, the DE is beneficial for creating a
market for marketing innovation. Customer management systems,
enterprise management solution systems, supply chain
management systems, intelligent manufacturing execution
systems, and office automation systems strengthen the capacity
for management, intelligent monitoring of manufacturing quality,
and lean manufacturing in the green manufacturing process, and
enterprises use digital technology to strengthen their creative
abilities. This means that they can can flexibly and quickly
respond to changes on the market demand side, fully deploy
digital innovation tools, carry out multi-scenario R&D activities,
enhance the accuracy of R&D innovation, promote industrial

TABLE 6 Robustness tests.

Transformation of
research interval

Replacement of outcome variable Replacement of
explanatory variable

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

Variables tfp SO2 an tfp SO2

did 0.0120*** −9.624*** −3,137*** 0.0096** −12.64***

(0.0034) (3.542) (677.0) (0.0038) (3.806)

gov −0.110** 69.08** −1,822 −0.130*** 24.02

(0.0485) (29.22) (4952) (0.0454) (31.08)

edu 0.0051 10.39* 1,312 0.0038 8.407

(0.0050) (5.639) (1,083) (0.0050) (5.457)

mar −0.0042** −0.792 −1,117*** −0.0049*** −3.738**

(0.0018) (1.798) (311.2) (0.0016) (1.736)

lnfdi −0.0027 −1.550 −1164*** −0.0026 −0.209

(0.0020) (1.883) (260.5) (0.0017) (1.671)

lab 0.191*** 111.7* 44,603*** 0.184*** 128.1*

(0.0632) (67.44) (12,485) (0.0632) (69.51)

Fixed effect of province YES YES YES YES YES

Fixed effect of time YES YES YES YES YES

Constant 0.894*** −109.0 3,324 0.920*** −75.73

(0.0636) (72.90) (12,752) (0.0610) (69.56)

Observations 360 360 420 420 420

R-squared 0.871 0.865 0.780 0.859 0.839

Standard errors are shown in parentheses.

*p < 0.1, **p < 0.05, ***p < 0.01.
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digitalization, intelligence, and platformization, innovate in the
domain of product experience, and create a market for marketing
innovations (Sorescu and Schreier, 2021; Souza et al., 2021).

Hypothesis 2. The DE promotes industrial green transformation
and upgrading by promoting technological innovation.

4 Methodology and research data

4.1 Double difference model settings

In 2013, policies such as “Broadband China” were introduced (Luo
Y. et al., 2022; Wang et al., 2022b; Zhang and Liu, 2022) and DE policy
began to be implemented (Zhu et al., 2020; Dan and Zhu, 2022). The
DE has provided technical and environmental support for the green
transformation of industry, accurate monitoring of industrial
production and emission data, and promotion of improved
productivity and reduced pollution emissions. Specifically, to
accurately identify the impact of the DE in the green transformation
and upgrading of industry, this study used the methods of Wang et al.
(2021) and Chen et al. (2020) as references to build a difference-in-

differences (DID) model to study the economic and environmental
performance of the DE in terms of the impact on industry, focusing on
the evaluation of industrial green transformation as a result of emission
reduction and efficiency increase. The benchmark regression equation
was set as follows:

tfpit � α0 + β1didit + θXit + μi + γt + εit, (1)
emissionit � α0 + β2didit + θXit + μi + γt + εit, (2)

where i represents a province, t is a year, and emission and tfp are
explanatory variables representing each province’s industrial pollution
emission intensity and TFP. In year t, coal, energy, clean1, clean2, patent,
RD, gt1, and gt2 are mechanism variables representing energy resource
utilization efficiency and structure, technological innovation, and green
technology innovation in province i. The interaction term did is an
explanatory variable. β1 represents the effect of green transformation of
provincial industries with vs. without listed DE enterprises. When β1 >
0, it indicates that enterprises within the DE have inhibited industrial
green transformation in the province. β1 < 0 indicates that DE
enterprises have promoted the province’s industrial green
transformation. Additionally, β2 < 0 indicates that enterprises within
the DE have inhibited industrial green transformation in the province.
β2 > 0 indicates that DE enterprises have promoted the province’s
industrial green transformation. The random error term is εit.

4.2 Dynamic effect test

Without DE enterprises, changes in total factor productivity and
pollution emission intensity in the experimental and control groups
should satisfy a hypothesis of simultaneous trends. To further
investigate the parallel trend hypothesis of the double difference
model and to study the dynamic processing effect of the DE over
time, an event analysis method was selected for examination of the
dynamic effect of the DE on industrial green transformation (Zhao
et al., 2023). The model settings were as shown in Eqs (3)—(4):

emissionit � β0 +∑
k�8
k�−5αk × Di,t+k + αXit + μi + γt + εit, (3)

tfpit � β0 +∑
k�8
k�−5αk × Di,t+k + αXit + μi + γt + εit. (4)

In these equations, Di, t+k represents the core explanatory
variables; k represents the number of years in which the policy
decision was in operation. This study used panel data from each
province from 2008 to 2021, including the first 5 years and the last
8 years of policy decisions, and 2008 was designated as the base year.
The dummy variable, when k = −5, was omitted from the regression
equation. Before and after the DE policy, αk represents the difference
in the level of industrial green transformation between the
experimental group and control groups.

4.3 Mediating effect model

To investigate the indirect impact mechanism of the DE on
industrial green transformation and upgrading, energy and resource
utilisation and technological innovation were introduced as
mechanism variables, as shown in Eqs (5)–(10) (Zhonglin and
Baojuan, 2014; Miao et al., 2023).

TABLE 7 Endogeneity test.

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

Variables tfp SO2 tfp SO2

L.did 0.0131*** −7.986**

(0.0031) (3.667)

L2.did 0.0134*** −6.645*

(0.0029) (3.778)

gov −0.161*** −6.151 −0.197*** −26.98

(0.0421) (37.64) (0.0363) (40.92)

edu 0.0026 7.056 0.00484 7.058

(0.0047) (5.847) (0.0046) (6.401)

mar −0.0054*** −4.408** −0.0056*** −4.441**

(0.0016) (1.777) (0.0016) (1.847)

lnfdi −0.0016 −0.129 −0.0004 0.105

(0.0017) (1.745) (0.0016) (1.865)

lab 0.101* 111.8 0.0632 125.8

(0.0579) (74.29) (0.0554) (84.30)

Fixed effect of province YES YES YES YES

Fixed effect of time YES YES YES YES

Constant 0.949*** −50.06 0.933*** −54.81

(0.0587) (75.12) (0.0601) (81.86)

Observations 390 390 360 360

R-squared 0.884 0.833 0.896 0.830

Standard errors are shown in parentheses.

*p < 0.1, **p < 0.05, ***p < 0.01.
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tfpit � α0 + β1didit + θXit + μi + γt + εit, (5)
Mit � α1 + β3didit + θXit + μi + γt + εit, (6)

tfpit � α2 + β4didit + β5Mit + θXit + μi + γt + εit, (7)
emissionit � α0 + β2didit + θXit + μi + γt + εit, (8)

Mit � α1 + β3didit + θXit + μi + γt + εit, (9)
emissionit � α2 + β6didit + β7Mit + θXit + μi + γt + εit. (10)

Here, Mit is an intermediary variable representing energy and
resource utilization and technological innovation. The other
variables are as defined for Eq. 1 and Eq. 2. The classic three-
step method of intermediary testing was used. The first step was to
test whether DE policies affected total factor productivity and
industrial pollution intensity. The second step was to test

whether DE policies affected the mechanism variables. The third
step was to test whether the combined effects of DE policies and the
mechanism variables affected green transformation and
industry upgrading.

4.4 Data

Currently, there is no unified standard for measurement of the
DE. The DE can be measured by constructing an indicator system
and by using methods such as the input–output method (Ran et al.,
2023). Such methods are beneficial for studying the impact of the
development of the DE. Due to the focus of this article on the
effectiveness of DE policies, DE policies have been used as quasi-

TABLE 8 Impact of the DE on the efficiency of energy and resource utilization in industry.

Variables (1) (2) (3) (4) (5) (6) (7)

tfp coal tfp energy tfp lnwater tfp

did 0.0104*** −1307*** 0.0066** −1214*** 0.0084** −0.109*** 0.0087***

(0.0032) (218.1) (0.0033) (269.0) (0.0033) (0.0360) (0.0032)

coal −0.000003***

(0.0000005)

energy −0.000002***

(0.0000006)

lnwater −0.0157***

(0.0046)

gov −0.135*** −3968** −0.146*** 402.5 −0.134*** −1.601*** −0.160***

(0.0289) (1967) (0.0285) (2426) (0.0286) (0.325) (0.0294)

urb −0.0840** −5,868** −0.101*** −4,299 −0.0910** −0.168 −0.0866**

(0.0358) (2440) (0.0354) (3,010) (0.0356) (0.403) (0.0353)

edu 0.0029 529.7 0.0045 71.00 0.0031 −0.111** 0.0012

(0.0048) (327.9) (0.0047) (404.5) (0.0048) (0.0541) (0.0048)

mar −0.0042*** −207.6* −0.0048*** 316.6** −0.0037** 0.0330* −0.0037**

(0.0016) (109.7) (0.0016) (135.4) (0.0016) (0.0181) (0.0016)

lnfdi −0.0027** −109.5 −0.0030** −120.6 −0.0029** 0.0410*** −0.0020

(0.0013) (90.18) (0.0013) (111.2) (0.0013) (0.0149) (0.0013)

lab 0.155** 1215 0.159** −9,985* 0.139** 1.172 0.173***

(0.0661) (4,502) (0.0649) (5,554) (0.0658) (0.743) (0.0653)

Fixed effect of province YES YES YES YES YES YES YES

Fixed effect of time YES YES YES YES YES YES YES

Constant 1.000*** 2,373 1.006*** 5,579 1.009*** 1.886** 1.029***

(0.0692) (4,718) (0.0680) (5,820) (0.0687) (0.779) (0.0688)

Observations 420 420 420 420 420 420 420

R-squared 0.864 0.891 0.870 0.943 0.867 0.984 0.869

Standard errors are shown in parentheses.

*p < 0.1, **p < 0.05, ***p < 0.01.
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natural experiments (Zhang and Liu, 2022). The core explanatory
variable was did, which represented the DE. The model grouped
samples appropriately to identify differences in policy between
different provinces. When province i was affected by listed DE
enterprises in year t, didit = 1; otherwise, didit = 0. The double
difference variable didit = treat × post, where the individual
explanatory variable (treat) represented the listed DE enterprises.
The sample of listed DE enterprises was set as 1 rather than 0. The
explanatory variable of time (post) represented the timing of the rise
of enterprises in the DE. As a result of the release of policies such as
“Broadband China” (Sorescu and Schreier, 2021; Dan and Zhu,
2022; Wang et al., 2022a), DE policy began to be implemented
(Wang et al., 2022b; Zhang and Liu, 2022). Therefore, the
explanatory variable of time was set to 0 before 2013, and 1 after

2013. A horizontal comparison of provinces and a vertical
comparison of the time axis was conducted in this study, and the
promotion of industrial green transformation by the DE
was analyzed.

The dependent variables were the intensity of industrial
pollution emissions and total factor productivity. These were
proxy variables for industrial green transformation because green
transformation is concerned with reducing pollution and
improving efficiency. Pollution emissions were measured
according to the total emissions of industrial sulfur dioxide
(SO2) from industrial waste gases in each province. TFP was
calculated using the DEA–Malmquist index method (Giacalone
et al., 2020). Input factors were fixed capital investment and labor
force, while the output factor was industrial value added. Figures

TABLE 9 Impact of the DE on the efficiency of energy and resource utilization in industry.

Variables (1) (2) (3) (4) (5) (6) (7)

SO2 coal SO2 energy SO2 lnwater SO2

did −15.24*** −1307*** −10.42*** −1214*** −16.57*** −0.109*** −17.38***

(3.583) (218.1) (3.662) (269.0) (3.673) (0.0360) (3.561)

coal 0.0037***

(0.0008)

energy −0.0011

(0.0007)

lnwater −19.59***

(5.079)

gov 15.93 −3968** 30.57 402.5 16.37 −1.601*** −15.44

(32.32) (1,967) (31.71) (2,426) (32.25) (0.325) (32.75)

urb −213.0*** −5,868** −191.3*** −4299 −217.7*** −0.168 −216.3***

(40.09) (2,440) (39.43) (3,010) (40.12) (0.403) (39.37)

edu 8.914* 529.7 6.959 71.00 8.991* −0.111** 6.735

(5.388) (327.9) (5.276) (404.5) (5.377) (0.0541) (5.320)

mar −2.418 −207.6* −1.652 316.6** −2.071 0.0330* −1.772

(1.803) (109.7) (1.768) (135.4) (1.813) (0.0181) (1.778)

lnfdi −0.550 −109.5 −0.146 −120.6 −0.682 0.0410*** 0.253

(1.482) (90.18) (1.449) (111.2) (1.481) (0.0149) (1.470)

lab 64.16 1,215 59.68 −9,985* 53.22 1.172 87.12

(73.98) (4,502) (72.20) (5,554) (74.15) (0.743) (72.88)

Fixed effect of province YES YES YES YES YES YES YES

Fixed effect of time YES YES YES YES YES YES YES

Constant 103.0 2,373 94.23 5,579 109.1 1.886** 139.9*

(77.52) (4,718) (75.67) (5,820) (77.46) (0.779) (76.71)

Observations 420 420 420 420 420 420 420

R-squared 0.849 0.891 0.856 0.943 0.850 0.984 0.855

Standard errors are shown in parentheses.

*p < 0.1, **p < 0.05, ***p < 0.01.
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1, 2 show the annual trends in industrial pollution emission
intensity and TFP. After the implementation of digital economy
policies, the intensity of industrial pollution emissions gradually
decreases over time. After the implementation of digital economy
policies, TFP showed a trend of increasing year by year in 2015. A
possible reason is that there is a time lag in the impact of TFP on
the DE due to the large amount of time required for upgrading of
industrial technology.

Regarding selection of the mechanism variables, as coal is the
primary fossil fuel for China’s industrial sectors, industrial coal
consumption (coal) and total energy consumption (energy) were
used to measure the efficiency of energy resource utilization. The
utilization structure of industrial energy and resources was measured
according to the proportion of cleaner natural gas in total energy
consumption (clean1) (Huang et al., 2022) and industrial coal
consumption as a proportion of total industrial energy

consumption (clean2). In terms of technological innovation, the
number of industrial patent applications was selected to measure
innovation output (patent), and internal R&D funds as a proportion
of industrial operating income was selected to measure R&D
investment (RD). For green technology innovation, the following
technical application objectives at the implementation stage of
green innovation were selected: the ratio of new industrial product
sales revenue to energy consumption, referred to as green product
innovation (gt1), and the sum of internal industrial R&D expenditure
and technological transformation investment, referred to as green
process innovation (gt2).

Six control variables were selected according to industrial green
transformation (Giacalone et al., 2020). These six control variables
were government intervention (gov), education level (edu), the Fan
Gang marketization process index (mar), foreign direct investment
(lnfdi), and human capital (lab).

TABLE 10 Impact of the DE on industrial energy and the structure of resource utilization.

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

tfp clean1 tfp clean2 tfp

did 0.0104*** 0.0026*** 0.0076** −0.0972*** 0.0076**

(0.00320) (0.0004) (0.0033) (0.0187) (0.0033)

clean1 1.079***

(0.377)

clean2 −0.0287***

(0.0088)

gov −0.135*** −0.0010 −0.134*** −0.0037 −0.135***

(0.0289) (0.0040) (0.0286) (0.168) (0.0285)

urb −0.0840** −0.0043 −0.0794** 0.162 −0.0794**

(0.0358) (0.0049) (0.0355) (0.209) (0.0354)

edu 0.0029 0.0012* 0.0016 0.0039 0.0031

(0.0048) (0.0007) (0.0048) (0.0280) (0.0048)

mar −0.0042*** 0.0002 −0.0044*** −0.0105 −0.0045***

(0.0016) (0.0002) (0.0016) (0.0094) (0.0016)

lnfdi −0.0027** −0.0004** −0.0022 −0.0226*** −0.0033**

(0.0013) (0.0002) (0.0013) (0.0077) (0.0013)

lab 0.155** 0.0143 0.140** 0.843** 0.179***

(0.0661) (0.0090) (0.0657) (0.385) (0.0656)

Fixed effect of province YES YES YES YES YES

Fixed effect of time YES YES YES YES YES

Constant 1.000*** −0.0016 1.001*** 0.208 1.005***

(0.0692) (0.0095) (0.0686) (0.404) (0.0684)

Observations 420 420 420 420 420

R-squared 0.864 0.944 0.867 0.858 0.868

Standard errors are shown in parentheses.

*p < 0.1, **p < 0.05, ***p < 0.01.
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4.5 Data sources and descriptive statistics

Panel data from 2008 to 2021 were selected from each
province. Although 2022 and 2023 are important years for
studying the digital economy, due to limitations in data
updates, most of the data for 2022 and 2023 do not yet exist.
This is a limitation of this paper, which is also a challenge for
future research. Additional refinements are needed for future
research. Data from Tibet were eliminated to improve accuracy.
The data used in the analysis were retrieved from the China
Industrial Statistics Yearbook, the China Environmental
Statistics Yearbook, the China Statistical Yearbook, and the
National Bureau of Statistics. Descriptive statistics are
presented in Table 1. Since the only possible values of the did
variable were 0 and 1, descriptive statistics are of little

significance. Therefore, Table 1 does not include descriptive
statistics for did.

4.6 Correlation analysis

In Table 2, the correlation analysis provided a preliminary
assessment of correlation. The correlation coefficient between did
and TFP was 0.210; this was significant at the 1% level. The
correlation coefficient between did and SO2 was −0.316. This
finding suggests that the introduction of the DE reduces the
intensity of pollution emissions. SO2 will gradually decrease. The
DE will produce a reduction in industrial pollution emissions,
subsequently cutting the effects of such emissions. The
correlation coefficients representing correlation of did with the

TABLE 11 Impact of the DE on industrial energy and the structure of resource utilization.

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

SO2 clean1 SO2 clean2 SO2

did −15.24*** 0.0026*** −13.94*** −0.0972*** −13.46***

(3.583) (0.0004) (3.750) (0.0187) (3.700)

clean1 −499.1

(425.5)

clean2 18.34*

(9.955)

gov 15.93 −0.0010 15.45 −0.0037 16.00

(32.32) (0.0040) (32.30) (0.168) (32.21)

urb −213.0*** −0.0043 −215.1*** 0.162 −215.9***

(40.09) (0.0049) (40.12) (0.209) (40.00)

edu 8.914* 0.0012* 9.519* 0.0039 8.841

(5.388) (0.0007) (5.410) (0.0280) (5.371)

mar −2.418 0.0002 −2.323 −0.0105 −2.226

(1.803) (0.0002) (1.804) (0.0094) (1.800)

lnfdi −0.550 −0.0004** −0.769 −0.0226*** −0.135

(1.482) (0.0002) (1.493) (0.0077) (1.494)

lab 64.16 0.0143 71.29 0.843** 48.70

(73.98) (0.0090) (74.19) (0.385) (74.22)

Fixed effect of province YES YES YES YES YES

Fixed effect of time YES YES YES YES YES

Constant 103.0 −0.0016 102.2 0.208 99.17

(77.52) (0.0095) (77.49) (0.404) (77.30)

Observations 420 420 420 420 420

R-squared 0.849 0.944 0.849 0.858 0.850

Standard errors are shown in parentheses.

*p < 0.1, **p < 0.05, ***p < 0.01.
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control variables, such as gov, edu, mar, lnfdi, and lab, were
significant at the 1% level, indicating that the control variables
were rational.

5 Benchmark regression results

5.1 Analysis of benchmark regression results

Table 3 shows the benchmark regression of the DE variable against
industrial TFP, and columns (1)–(6) present the consequences for the
regression when control variables were gradually added. The estimated
coefficients were significantly positive with the inclusion of control
variables. This outcome suggests that the introduction of the DE
contributes to an increase in industrial TFP. These TFP results
contradict Solow’s discovery. Similarly to the findings of Zhang

et al., the DE was found to promote TFP (Zhang et al., 2022).
However, no lag period was observed (Zhang et al., 2022). Table 4
presents the outcomes of regression of the DE variable against SO2 in
industrial waste gas. As indicated in columns (1)–(6), the introduction
of the DE was consistently found to suppress industrial pollution
emissions while the number of control variables was gradually
increased. This implies that the introduction of the DE has reduced
the intensity of industrial pollution emissions, similar to others’ views
(Zhang et al., 2022). Column (6) indicates that SO2 in the provinces
affected by the DE decreased by 9.415 units. The results for the
estimated coefficients for industrial TFP and industrial pollution
emission intensity under the DE were very similar. However, the
lack of significant difference indicated that the DE fostered
constraints on industrial pollution emission intensity and
improvements in productivity levels. This discovery represented
preliminary evidence for the theoretical mechanism.

TABLE 12 Impact of the DE on technological innovation in industry.

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

tfp rd tfp patent tfp

did 0.0104*** 0.0023*** 0.0091*** 17263*** 0.0115***

(0.0032) (0.0004) (0.0034) (4521) (0.0033)

rd 0.598

(0.449)

patent −0.00000006*

(0.00000004)

gov −0.135*** −0.0034 −0.133*** 50,592 −0.132***

(0.0289) (0.0033) (0.0289) (40,773) (0.0288)

urb −0.0840** 0.0133*** −0.0920** 53,543 −0.0805**

(0.0358) (0.0041) (0.0363) (50,584) (0.0358)

edu 0.0030 −0.00004 0.0030 −755.7 0.0029

(0.0048) (0.0006) (0.0048) (6,798) (0.0048)

mar −0.0042*** 0.00004 −0.0043*** 1,996 −0.0041**

(0.0016) (0.0002) (0.0016) (2,275) (0.0016)

lnfdi −0.0027** 0.0005*** −0.0029** −319.1 −0.0027**

(0.0013) (0.0002) (0.0013) (1,869) (0.0013)

lab 0.155** 0.0083 0.150** 572,900*** 0.192***

(0.0661) (0.0077) (0.0661) (93,338) (0.0692)

Fixed effect of province YES YES YES YES YES

Fixed effect of time YES YES YES YES YES

Constant 1.000*** −0.0055 1.003*** −242,578** 0.984***

(0.0692) (0.0080) (0.0692) (97,805) (0.0696)

Observations 420 420 420 420 420

R-squared 0.864 0.852 0.865 0.810 0.865

Standard errors are shown in parentheses.

*p < 0.1, **p < 0.05, ***p < 0.01.
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The outcomes of the benchmark regression show that the DE
has provided a new impetus for industrial green transformation,
adding environmental and economic benefits. The DE has enhanced
industrial green transformation based on the factors of energy
resource utilization and technological innovation, prompted re-
examination of the production process, improved the allocation
of various elements of production, improved the technological
production process, and enabled the formation of a reasonable
and effective energy use plan, thereby improving energy
efficiency and optimizing the structure of energy use.
Simultaneously, the rapid development and wide application of
digital technology can improve the allocation of innovation
factors, effectively improve the innovation efficiency of industrial
technological activities, extend technological output in terms of
innovation, and promote green innovation. However, this theory
needs further empirical testing.

5.2 Dynamic effect testing

To further investigate the parallel trend hypothesis of the DID
model and to study the dynamic processing effect of the DE over
time, the event analysis method was used in this study to measure
the dynamic effect of the DE on industrial green transformation and
upgrading. Table 5 presents the dynamic effects of the introduction
of the DE on pollution emission intensity and TFP. There was no
difference between the treatment and control groups when the DE
policy was not implemented. After implementation of the policy,
TFP and the impact on industrial pollution emissions gradually
increased. The significance gradually increased. There was a time lag
between introduction of companies listed under the DE and their
impact due to the large amount of time required for upgrading of
industrial technology. There was also an anomaly because of the
enormous impact of the COVID-19 pandemic in 2021. In

TABLE 13 Impact of the DE on technological innovation in industry.

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

SO2 rd SO2 patent SO2

did −15.24*** 0.0023*** −9.435*** 17,263*** −11.54***

(3.583) (0.0004) (3.626) (4521) (3.522)

rd −2585***

(485.7)

patent −0.0002***

(0.00004)

gov 15.93 −0.0034 7.265 50,592 26.77

(32.32) (0.00334) (31.23) (40,773) (31.22)

urb −213.0*** 0.0133*** −178.5*** 53,543 −201.5***

(40.09) (0.0041) (39.23) (50,584) (38.71)

edu 8.914* −0.00004 8.811* −755.7 8.752*

(5.388) (0.0006) (5.200) (6,798) (5.195)

mar −2.418 0.00004 −2.305 1,996 −1.991

(1.803) (0.0002) (1.740) (2,275) (1.740)

lnfdi −0.550 0.0005*** 0.732 −319.1 −0.618

(1.482) (0.0002) (1.450) (1,869) (1.429)

lab 64.16 0.0083 85.60 572,900*** 186.9**

(73.98) (0.0076) (71.51) (93,338) (74.87)

Fixed effect of province YES YES YES YES YES

Fixed effect of time YES YES YES YES YES

Constant 103.0 −0.0055 88.67 −242,578** 51.01

(77.52) (0.0080) (74.86) (97,805) (75.36)

Observations 420 420 420 420 420

R-squared 0.849 0.852 0.859 0.810 0.860

Standard errors are shown in parentheses.

*p < 0.1, **p < 0.05, ***p < 0.01.
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conclusion, the above results support the parallel trend hypothesis of
the double-difference model.

5.3 Robustness testing

5.3.1 Transformation of the research interval
This study used data on the DE and industrial green

transformation in various provinces from 2008 to 2021. The
method of changing the research interval to ensure the
robustness of the regression results was used for robustness
testing. Due to the COVID-19 outbreak at the end of 2019,
industries have been hit hard (Duan et al., 2021a). Therefore, a
robustness test was conducted in which data for 2020 and 2021 were
removed. If the results were consistent, then the model results
obtained in this study would be deemed stable. As shown in
columns (1) and (2) in Table 6, the regression coefficients for the

DE variable against industrial TFP and SO2 were 0.012 and −9.624,
respectively. This result implies that the introduction of the DE
promoted an increase in industrial TFP and reduced the intensity of
pollution emissions. Therefore, after this change in the research
interval, the conclusion remained unchanged, and the model passed
the robustness test.

5.3.2 Replacement of the outcome variable
In the double-difference model, SO2 was used as the explained

variable for industrial pollution emissions. With the aim of
increasing the robustness of the conclusion, a further robustness
test was conducted in which ammonia nitrogen emissions from
industrial wastewater (an) was selected as a measure of the intensity
of emission of industrial pollution. Column (3) in Table 6, presents
the impact of the DE on industrial ammonia nitrogen emissions.
The DE was found to be effective in reducing ammonia nitrogen
emissions. Therefore, under replacement of the explained variable,

TABLE 14 Impact of the DE on green technological innovation in industry.

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

tfp gt1 tfp gt2 tfp

did 0.0104*** 0.449 0.0098*** 221.9*** 0.0120***

(0.0032) (0.319) (0.0032) (42.92) (0.0033)

gt1 0.0014***

(0.0005)

gt2 −0.000007*

(0.000004)

gov −0.135*** −0.374 −0.134*** 550.0 −0.131***

(0.0289) (2.881) (0.0286) (387.1) (0.0288)

urb −0.0840** −5.968* −0.0758** 891.8* −0.0775**

(0.0358) (3.574) (0.0356) (480.2) (0.0358)

edu 0.0029 0.792 0.0019 −35.03 0.0027

(0.0048) (0.480) (0.0048) (64.53) (0.0048)

mar −0.0042*** −0.121 −0.0041** 10.83 −0.0042**

(0.0016) (0.161) (0.0016) (21.59) (0.0016)

lnfdi −0.0027** 0.130 −0.0028** 14.13 −0.0025*

(0.0013) (0.132) (0.0013) (17.75) (0.0013)

lab 0.155** 5.808 0.147** 6,015*** 0.199***

(0.0661) (6.595) (0.0656) (886.1) (0.0698)

Fixed effect of province YES YES YES YES YES

Fixed effect of time YES YES YES YES YES

Constant 1.000*** −1.878 1.002*** −2,536*** 0.981***

(0.0692) (6.910) (0.0687) (928.5) (0.0697)

Observations 420 420 420 420 420

R-squared 0.864 0.481 0.867 0.899 0.866

Standard errors are shown in parentheses.

*p < 0.1, **p < 0.05, ***p < 0.01.
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the introduction of the DE was still found to reduce the intensity of
industrial pollution emissions.

5.3.3 Replacement of the explanatory variable
The Internet industry has been characterized by talent

aggregation, and the DE is often based entirely on this
phenomenon. Therefore, to examine the impact of the
robustness of the impact of the indicators on the results and
to identify the Internet industry, the double-difference variable
was replaced with a variable representing provinces with
“double-top” universities specializing in artificial intelligence
and big data. These double-top universities provide a constant
flow of talent for their provinces, resulting in a different
development speed in each province and the differentiation of
the DE. Table 6, the estimated coefficients for TFP and SO2 were
concordant with those obtained in the baseline regression. These
results passed the threshold for significance.

5.3.4 Endogeneity
In Table 7, a lag of 1–2 periods was applied to the explanatory

variables in this study, which weakened the impact of possible
reverse causal effects. The impact of DE policies on industrial
green transformation and upgrading were additionally examined
over a more extended period. The results indicated that regardless of
whether the time lag was 1 or 2 periods, DE policies were found to
promote industrial green transformation. Therefore, the results
passed this endogeneity test.

6 Mechanism testing

The preceding theoretical analysis has shown that the
development of the DE has promoted green transformation and
upgrading by enhancing the efficiency of energy and resource
utilization and promoting technological innovation. Specifically,
the Internet and other digital technology systems can be used to
monitor production processes, improve factor allocation, and save
energy and resources. Simultaneously, the DE has also increased
innovation output; enabled constant innovation in products,
management, and services; and promoted innovation in terms of
green products and processes. A mediation effect model was
constructed to examine the role of the underlying mechanisms.

6.1 Efficiency and the structure of energy
and resource utilization

The theoretical mechanism postulated in this study was energy
and resource utilization in industrial production. In practice, fossil
fuels, such as coal, natural gas, and oil, are essential production
resources and form an indispensable input factor in industrial
production. The efficiency of utilization of these resources will
immediately affect pollution emissions and production efficiency.
Water resources are also a leading resource of the industrial sector.
Therefore, this study examined how the DE affects the efficiency and
structure of industrial energy and resource utilization. Tables 8, 9
present findings on how the DE has impacted the efficiency of
energy and resource utilization. Considering that coal is the
dominant fossil fuel input in China’s industrial sector, columns
(1)–(3) show the impact of industrial coal consumption (coal). The
introduction of the DE has promoted TFP and suppressed SO2 by
influencing coal consumption. Columns (1), (4), and (5) illustrate
how overall industrial energy consumption (energy) has been
dampened. The results shown in Table 8 indicate that the
presence of an indirect effect was established. However, the
indirect effect investigated in Table 9 was not valid. Columns (1),
(6), and (7) present the impact of the DE on industrial water use. The
presence of an indirect effect was also established in this case. These
findings show that the DE has improved the efficiency of utilization
of industrial energy and resources and has had a pronounced effect
in terms of saving energy and resources.

Tables 10, 11 present the impact of the DE on industrial energy
and resource utilization structures. As a relatively clean fossil energy
source (Duan et al., 2021b), the utilization structure of natural gas is
very important. In columns (1)–(3), the use of cleaner natural gas as
a proportion of total energy consumption (clean1) is shown as a

TABLE 15 Impact of the DE on green technological innovation in industry.

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

SO2 gt1 SO2 gt2 SO2

did −15.24*** 0.449 −15.52*** 221.9*** −10.41***

(3.583) (0.319) (3.592) (42.92) (3.587)

gt1 0.629

(0.583)

gt2 −0.0218***

(0.0042)

gov 15.93 −0.374 16.17 550.0 27.91

(32.32) (2.881) (32.31) (387.1) (31.33)

urb −213.0*** −5.968* −209.2*** 891.8* −193.5***

(40.09) (3.574) (40.24) (480.2) (38.94)

edu 8.914* 0.792 8.416 −35.03 8.150

(5.388) (0.480) (5.407) (64.53) (5.211)

mar −2.418 −0.121 −2.342 10.83 −2.182

(1.803) (0.161) (1.804) (21.59) (1.744)

lnfdi −0.550 0.130 −0.632 14.13 −0.242

(1.482) (0.132) (1.483) (17.75) (1.434)

lab 64.16 5.808 60.51 6,015*** 195.2**

(73.98) (6.595) (74.04) (886.1) (75.84)

Fixed effect
of province

YES YES YES YES YES

Fixed effect of time YES YES YES YES YES

Constant 103.0 −1.878 104.2 −2,536*** 47.75

(77.52) (6.910) (77.51) (928.5) (75.69)

Observations 420 420 420 420 420

R-squared 0.849 0.481 0.849 0.899 0.859

Standard errors are shown in parentheses.

*p < 0.1, **p < 0.05, ***p < 0.01.
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measure of the utilization rate of clean energy in industry. In
Table 10, the estimated coefficients show that the introduction of
DE increased the proportion of natural gas consumed. In the context
of a vigorous DE, industry used cleaner energy. However, columns
(1)–(3) of Table 11 indicate that no indirect effect was present. In a
bootstrap test, the p-value was 0.309 and the confidence interval
was −1.234667 to 3.894979. Columns (1), (4), and (5) present the
ratio of industrial coal consumption to total industrial energy
consumption (clean2), and the mediating effects in shown Tables
10, 11 were found to be valid. Therefore, the DE promoted a
reduction in coal consumption as a proportion of total energy
consumption in industry. In the DE era, in addition to
improving the efficiency of energy and resource utilization,
industry has also turned to measures to increase the proportion
of cleaner energy used, reduce the proportion of coal used,
optimizing industrial energy usage and the structure of resource
utilization, and achieving the purpose of reducing emissions and
increasing efficiency. In brief, the regression results revealed that the
DE has promoted further improvement and optimization of the
efficiency and structure of industrial energy and resource utilization,
inhibited the emission of industrial pollutants, improved industrial
productivity, promoted green development, and promoted
industrial green transformation.

6.2 Technological innovation

The above analysis confirms the hypothesis that the green
transformation of industry under the DE is enabled via a pathway
of energy and resource utilization, namely, by improving energy and
resource utilization efficiency and optimizing the utilization structure.
In addition to energy and resources, because of the DE, industriesmay
also engage in technological innovation to achieve industrial green
transformation. Therefore, this study examined how the DE has
furthered industrial technological innovation. The regression
results in Tables 12, 13 show the impact of the development of the
DE. The DE has furthered the output of industrial innovation. We
examined how the DE has furthered industrial investment in R&D by
studying the ratio of internal R&D expenditure to primary business
income under the DE (RD). As indicated in columns (1)–(3) of
Table 12, only direct effects were observed. In a bootstrap test, the
p-value was 0.207 and the confidence interval was −0.0007453 to
0.003432. As shown in columns (1)–(3) of Table 13, the mediating
effect held. The results presented in columns (1), (4), and (5) of Tables
12, 13 indicate that the DE policy promoted industrial green
transformation by influencing the number of patent applications.

In further investigation of the impact of the DE on green
technology innovation in industry, columns (1)–(3) of Tables 14, 15
show the indirect effects of green product innovation. In the bootstrap
test presented in Table 14, the p-value was 0.193 and the confidence
interval was −0.0003125 to 0.0015446. In the bootstrap test presented in
Table 15, the p-value was 0.450 and the confidence interval
was −0.4502286 to 1.014973. There was no indirect relationship
between the DE, green product innovation, and industrial green
transformation and upgrading. This result may be due to the fact
that green product innovation depends more on the green needs of
consumers and is not closely related to the development of the DE.
Columns (4)–(5) of Tables 14, 15 show the indirect effects of green

process innovation. The DE was found to promote industrial green
transformation through green process innovation. The above results
show that technological innovation has been the primary path for green
upgrading of industry in the context of a vigorous DE.

7 Conclusion and policy measures

The 20th CPC National Congress promoted high-quality
development and the building of a modern industrial system,
creating a focal point for the actual economy and promoting new
industrialization3. According to their needs, digital technologies and
platforms such as industrial robots, 3D printing, 5G technology, and
industrial Internet can be embedded into traditional production
methods and services in industry. The DE has provided
opportunities for China’s industry. This study examined how the
DE has influenced industrial green transformation based on a
double-difference model. Mechanism testing based on a mediation
effect model was also conducted. The findings indicated that
implementation of the DE policy promoted the growth of TFP and
inhibited pollution emissions, validating the results of the theoretical
analysis with industrial data from 30 provinces from 2008 to 2021. The
examination indicated based on mechanism testing that the DE
promoted optimization of energy and resource utilization efficiency,
enabling less energy and resource consumption.

The DE promoted the optimization of total energy use and of the
resource utilization structure. The analysis indicated a shift to greater
use of clean energy and less consumption of fossil fuel energy.
However, only a direct effect was observed in the relationship
between the DE, energy use, and sulfur dioxide emissions, and in
the relationship between the DE, the proportion of natural gas
consumed, and sulfur dioxide emissions. Through these factors,
the DE has promoted green transformation and upgrading.

Furthermore, the DE has promoted technological innovation in
industry as a means of enhancing green transformation and
upgrading, with an increase in innovation inputs and outputs.
The DE can promote green technological innovation via a higher
level of innovation in green processes and can promote the
achievement of industrial green transformation in consideration
of the environmental and economic benefits of reducing pollution.
However, only a direct effect was observed in terms of the
relationship between the DE, innovation input, and TFP, as well
as in the relationship between the DE, green product innovation, and
green transformation. Therefore, efficiency and emission reduction
can be fully reconciled under the DE. On the basis of these results,
the following policy measures and suggestions are proposed.

First, the application of emerging digital technologies in industry
should be strengthened to promote green transformation and
upgrading. Digital production platforms can be constructed to
create internal interconnections within enterprises and enhance
the overall planning of the production information flow within
enterprise departments. New forms of business can be implemented,
such as remote operation and maintenance, large-scale personalized

3 Report of the 20th National People’s Congress of the CPC. https://www.

gov.cn/xinwen/2022-10/25/content_5721685.htm
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customization, and online industrial business activities to reduce
industrial business costs, achieving a seamless connection between
industrial online and offline business activities and continuous green
innovation in terms of product experience.

Second, solutions and products to reduce energy and resource
consumption should be provided. DE enterprises should be supported
to create and improve energy- and resource-saving products and
services; the needs of industrial enterprises in terms of saving energy
and resources under the “three high” production mode should be met;
solutions and digital products and services for traditional industries
should be provided; and industrial energy and resource consumption
should be reduced. In addition, intelligent diagnosis and consultation
for traditional industries can be conducted, including the provision of
consultation services in the fields of digitalization and greening and the
provision of targeted and reasonable transformation plans for different
types of traditional industries through customized digitalization and
greening consultation, thereby improving intelligent manufacturing
capabilities and helping to promote green development of industries.

Third, the effective combination of the DE and industry
innovation should be deepened. The deep integration of elements
of industrial innovation and the DE should be promoted to produce
continuous improvements in the capacity for innovation of industrial
enterprises. Capital investment for innovation in production mode,
products, services, and other aspects of industry should be increased to
ensure the sustainable development of enterprise innovation activities.
In addition, the initiatives of independent innovation and green
transformation in industry should be continued.

8 Innovations and specific scientific
contributions

The innovations and specific scientific contributions of this
article are as follows:

First, this study has examined industrial green transformation and
upgrading from the perspective of two dimensions: environmental
benefits and economic benefits. Instead of using green total factor
productivity (Lyu et al., 2022) as an outcome measure, this study
balanced the intensity of industrial pollution with total factor
productivity. We were able to draw conclusions not only regarding
the environmental dimension but also regarding the economic
dimension. Compared with the conclusions generally obtained based
on the study of green total factor productivity, the conclusions of the
research presented in this paper are more detailed. This approach is
more conducive to making policy recommendations to improve the
ecological environment while promoting economic growth. This article
also extends and enriches the existing literature.

Second, this study integrated the DE into the overall framework
for analysis of industrial green transformation, thereby enriching the
realization path under the new development pattern and providing a
reference basis for relevant research.

Third, this article provides new perspectives for the use of the
DE to promote industrial green transformation and upgrading.
Previous research has mainly focused on environmental
regulation and energy structure (Zhai and Yunfei, 2019; Han
et al., 2020). This article has discussed the way in which the DE
empowers industrial green transformation from the perspectives of
the efficiency of energy and resource utilization, the structure of

energy and resource utilization, technological innovation, green
product innovation, and green process innovation. These factors
enrich the theoretical mechanisms by which the DE empowers
industrial green transformation. This paper also presents new
pathways for achieving industrial green transformation
and upgrading.

9 Limitations and recommendations for
future research

This study has the following limitations.
First, the research period of this study was from 2008 to 2021,

whereas 2022 and 2023 are also important years for studying the DE.
However, due to limitations in data updates, most of the data for
2022 and 2023 are not available. In the future, further research can
be improved with the use of updated data.

Second, there are many other factors that can influence the use
of the DE to promote industrial green transformation and
upgrading. The perspectives from which the ability of the DE to
empower industrial green transformation can continue to expand,
such as by considering the efficiency of resource allocation.

Third, the research presented in this article was conducted at the
provincial level. Further research can be conducted at the micro level
to examine the mechanisms by which the DE empowers industrial
enterprises to undergo green transformation and upgrading.
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