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Digital economy and synergy effect of pollution reduction and
carbon emission reduction: Based on the threshold effect analysis

of environmental penalty and pollution intensity

Abstract: Under the dual circumstances of the “dual carbon” goal promotion and the deep
development of the digital economy (DE), clarifying the influence mechanism of the DE on the
synergy effect of pollution reduction and carbon emission reduction (SEPRCER) is of great practical
significance for promoting the green and high-quality development of the region. This paper is based
on the panel data of 108 cities in the Yangtze River Economic Belt (YREB) from 2011 to 2023. It
systematically analyzes the evolution characteristics of the DE and the SEPRCER, and empirically
examines the influencing mechanism between the two. The results show: (1) The level of the DE in
the YREB shows an overall upward trend, while the level of the SEPRCER shows a slight downward
trend. Both form a distribution pattern with the Yangtze River Delta (YRD) as the core and multiple
growth poles coexisting in space; (2) The influence of the DE on the SEPRCER presents a
significant "U" shape relationship, and this conclusion still holds after robustness and endogeneity
tests; (3) The relationship between the two shows heterogeneity characteristics. The “U” shape
feature is more prominent in the lower reaches of the Yangtze River (LRYR), urban agglomerations,
non-resource-based cities, and regions with high economic levels; (4) Both the environmental
protection penalty intensity (EPPI) and the pollution intensity (PI) exhibit a significant single-
threshold. As the EPPI crosses the threshold value, the turning point of the “U” shape curve for the
DE and the SEPRCER will be reached earlier, while the opposite is true for the PI; (5) From the two
threshold variables interaction grouping perspective, in the combination of high EPPI and low PI,
the “U” shaped inflection points for the DE and the SEPRCER is the earliest. The research
conclusions provide theoretical basis for improving the SEPRCER in the YREB.

Key words: Digital economy; Synergistic effect of pollution reduction and carbon emission
reduction; Environmental penalty intensity; Pollution intensity; Threshold effect; Yangtze River
Economic Belt

1. Introduction

Currently, the problems of global climate change and environmental pollution are becoming
increasingly severe. As the largest developing country and carbon emitter in the world, China is
facing unprecedented environmental challenges. According to estimates, China's carbon emissions
will reach 12.6 billion tons in 2024 (IEA, 2025), accounting for one-third of the global total. Such
unrestrained and purely economic social and economic activities will lead to environmental external
diseconomies, thereby triggering environmental issues (Hou et al., 2024). To address the severe
situation of environmental challenges and achieve sustainable development, the Chinese



government has proposed the “carbon dioxide emissions should strive to peak by 2030 and aim to
achieve carbon neutrality by 2060 as a major strategic decision. This significant decision puts
forward new requirements for China's economic and social development (Zhang et al., 2025). At
the same time, the “Fifteen-Five-Year Plan Outline” of the Chinese government further mentions
“synergistically promoting carbon reduction, pollution reduction, green development, and growth”
(Xu & Kong, 2025; You et al., 2026). Among them, carbon emissions and air pollutants have the
characteristics of the same origin, source, and process (IPCC, 2001), such as fossil energy will not
only emit carbon dioxide during combustion and processing and utilization, but also emit air
pollutants such as particulate matter, sulfur dioxide, and nitrogen oxides (Dong et al., 2022).
Therefore, relying on this characteristic between the two, achieving simultaneous reduction of air
pollutants during the process of controlling greenhouse gas emissions, or taking into account the
greenhouse gas emission reduction benefits when carrying out regional air pollutant governance,
that is, forming the SEPRCER (Meng et al., 2025), has become an efficient environmental
governance measure to help China achieve a comprehensive green transformation of economic and
social development and build a beautiful China.

In recent years, the DE has developed rapidly and has gradually become the main economic form
after the agricultural economy and the industrial economy (Wang, 2024). In 2024, the added value
of China's core DE industries accounted for 10.5% of the GDP (National Bureau of Statistics of
China, 2025). At the same time, the DE, with its advantages such as low energy consumption, high
efficiency, environmental friendliness, and digital technologies (Liu et al., 2025), has enabled the
green transformation and upgrading of traditional industries through digital technology
empowerment (Liu et al., 2023), as well as optimizing the energy structure and improving
environmental governance efficiency (Huang & Lin, 2024; Ren et al., 2023), and thus demonstrates
great potential in the field of pollution reduction and carbon emission reduction (PRCER) (Fang,
2025). Meanwhile, the YREB as an important economic growth pole and one of the major strategic
regions in China, is also a key area for implementing digital development and promoting
coordinated governance of the PRCER (Jin & Li, 2023; Liu et al., 2024). Therefore, it is urgent to
clarify how DE can provide support for SEPRCER in cities of the YREB, as this is of great practical
significance for promoting the green and low-carbon development of YREB.

The remaining parts of this article are as follows: The second part elaborates on the theoretical
mechanisms and research hypotheses. The third part introduces the research methods, indicator
system, regions and data sources. The fourth part conducts an empirical analysis of the impact
mechanism of the DE on the SEPRCER in the YREB, and discusses the results. The fifth part
summarizes the research conclusions of this article and explores corresponding policy

recommendations.
2. Literature Review

In recent years, the issue of how to achieve coordinated governance of the PRCER has become a
hot topic of concern in the academic community. Studies have shown that the emissions of
environmental pollutants and carbon dioxide share significant characteristics of being of the same
origin, same source, and same process. This inherent correlation serves as the theoretical basis for
the SEPRCER and has been widely recognized by the academic community (Dong et al., 2022).
Existing literature mostly focuses on the measurement and evaluation, evolution characteristics, and

influencing factors of the SEPRCER. In terms of the measurement and evolution characteristics of



the SEPRCER, Liu et al. (2024) and Li et al. (2023) calculated the level of the SEPRCER based on
the data of air pollution intensity and carbon emission intensity, and found that the level of the
SEPRCER showed an increasing trend at the city level; Gao et al. (2025) and Liu et al. (2023)
included carbon emissions and PM; s concentration as non-desired outputs in the model using the
Data Envelopment Analysis (DEA) method, and found that the level of the SEPRCER showed an
upward trend at the provincial level, and the eastern region remained in the leading position; Nie &
Lee (2023) and Tang et al. (2022) measured the level of the SEPRCER using the coupling
coordination degree (CCD) model. The former found that the distribution pattern of the level of the
SEPRCER in China's provincial space was “high in the east and low in the west, and high in the
south and low in the north”, with significant spatial positive correlation characteristics, while the
latter found that the level of the SEPRCER showed a downward trend in the economic zone of the
Yellow River Middle Reach; Bai & Qi (2026) first calculated the pollution reduction efficiency
(PRE) and the carbon emissions reduction efficiency (CERE) of using the super-efficiency
Undesirable-SBM model, and then calculated the level of the SEPRCER using the CCD model. In
terms of the influencing factors of the SEPRCER, Wang et al. (2024) found that the energy
consumption structure, energy utilization efficiency, per capita GDP, and the proportion of
environmental protection investment were important factors affecting the SEPRCER; Yang et al.
(2025) believed that improving energy efficiency and promoting green technologies were crucial
for enhancing the SEPRCER, while the impact of industrial structure adjustment on the SEPRCER
was limited; Chen et al. (2023) found that industrial structure, technological innovation, energy
structure, human capital, and economic foundation had significant impacts on the SEPRCER.

With the rapid iteration of digital technology, the DE has accelerated its rise and deeply empowered
all aspects of production, consumption, distribution and governance to improve efficiency and
quality. It has become a new type of productive force driving high-quality development, and has
provided an important opportunity and strong support for the advancement of the SEPRCER (Dong
et al., 2022). At present, the existing literature has conducted systematic research on the DE and
SEPRCER. The relevant conclusions can be generally summarized into three aspects: First, it
focuses on the discussion of the direct relationship between the two. Most studies believe that the
DE has a significant positive promoting effect on the SEPRCER (Guo & Wang, 2023; Wang et al.,
2025); at the same time, some literature further reveals that the relationship between the two is not
a simple linear one, but presents “U” shape (Bai & Qi, 2026; Sun et al., 2025), inverted “U” shape
(Tan & Yan, 2025), etc., providing more abundant empirical evidence for understanding the
dynamic correlation between the two. Second, in terms of the influencing mechanism, existing
studies have analyzed the specific paths through which the DE enables the SEPRCER from multiple
perspectives, and found that the DE can act on the SEPRCER through intermediary channels such
as promoting energy structure transformation, industrial structure upgrading, technological
innovation progress, resource allocation efficiency improvement, strengthening public
environmental supervision, releasing entrepreneurial vitality, and economic agglomeration (Chen &
Liu, 2025; Feng et al., 2026; Liang et al., 2024; Zhao & Zeng, 2025; Zheng et al., 2026); at the same
time, external factors such as digital literacy of talents, development level of digital finance, market
structure characteristics, and government behavior will have a significant moderating effect on the
relationship between the DE and the SEPRCER, constituting important constraints on the
relationship between the two (Yin et al., 2023; Yue & Han, 2025). Third, in terms of spatial effects,
existing studies have noticed the important role of geographical spatial factors, confirming that the



impact of the DE on the SEPRCER has a significant spatial spillover effect (Liang et al., 2024); at
the same time, affected by regional differences, transmission paths, etc., this spatial spillover effect
shows heterogeneity characteristics, both positive spillover (Zhai et al., 2024) and negative spillover
(Gao, 2025), and some studies have also found that it presents a “U” shape non-linear spatial
evolution pattern (Bai & Qi, 2026).

By reviewing the existing literature, it can be seen that the current academic community has
achieved rich research results regarding the impact of the DE on the SEPRCER. However, there is
still room for further expansion: On one hand, most existing studies focus on the mediating effect,
moderating effect, and spatial spillover effect between the two, while the discussion on the
mechanism of the threshold effect is relatively insufficient; on the other hand, the existing analyses
mostly use national cities as samples, and there is a lack of detailed examinations at the specific
regional level. In view of this, this paper takes 108 cities in the YREB from 2011 to 2023 as the
research sample, systematically examines the threshold effect of the EPPI and the PI in the process
of the impact of the DE on the SEPRCER, aiming to provide scientific basis and decision-making
references for formulating differentiated regional green and low-carbon policies and promoting the
collaborative governance of the PRCER based on the DE.

3. Theoretical Analysis
3.1. The direct impact of the DE on the SEPRCER

The logic of the impact of the DE on the SEPRCER evolves dynamically with the stage of
development. Its mechanism is closely related to the depth of technology application, the attributes
of infrastructure, and the compatibility of the governance system. In the early stage of development,
the high energy consumption attribute of digital infrastructure construction led to the consumption
of a large amount of fossil energy for the production and operation of facilities such as data centers
and signal base stations. At this time, the potential for PRCER of the DE had not been released (Tan
& Yan, 2025); meanwhile, due to the early stage of industrial digitalization, the introduction and
adaptation of equipment will lead to an energy rebound effect. In the short term, the improvement
in production efficiency is difficult to offset the additional energy consumption (Guo & Wang, 2023),
thereby causing a phased constraint on the SEPRCER by the DE (Gao, 2025). As the DE continues
to develop, digital technology and green technology are deeply integrated (Li et al., 2023), digital
infrastructure gradually transforms towards greenness (Bai & Qi, 2026), and the proportion of clean
energy substitution gradually increases, and resource utilization efficiency is improved through
intelligent manufacturing and flexible production (Jiang et al., 2013); at the same time, industrial
internet platforms connect the channels for collaborative emission reduction in the industrial chain
(Chen et al., 2020), promoting the acceleration of green technology innovation iterations (Zeng et
al., 2026), achieving simultaneous PRCER from the source; moreover, the DE builds a
“government-enterprise-society” multi-party governance pattern through precise government
regulation, strengthened enterprise responsibility, and public participation supervision (Fang, 2023;
Wang & Li, 2022; Yang et al., 2023; Zhao et al., 2020), significantly enhancing the collaborative
regulatory capacity. In addition, the DE further strengthens the positive driving effect on the
SEPRCER through improvements in energy utilization efficiency, optimization of energy
consumption structure, expansion of environmental investment scale, and progress in green
technology (Gu et al., 2021; Tang et al., 2022).



Based on this, the following research hypothesis H1 is proposed: The impact of the DE on the
SEPRCER follows a “U” shaped curve.

3.2. The threshold effect of EPPI

According to the Porter Hypothesis, reasonable environmental regulations can force enterprises to
carry out green technological innovation. The EPPI as the core tool of environmental regulations,
changes the ratio of the environmental compliance costs and the green transformation benefits of
enterprises, enabling them to offset the compliance costs through "innovation compensation" (Porter
& van der Linde, 1995). This promotes enterprises to deeply integrate digital technology with the
goals of the PRCER, achieving a transformation of digital technology from an “efficiency tool” to
a “green tool”, and ultimately strengthening the SEPRCER (Guo, 2019). However, under low EPPI,
the environmental violation costs are lower than the green transformation investment costs.
Therefore, enterprises tend to apply digital technologies to enhance production efficiency and
increase economic benefits, which hinders the release of environmental improvement effects and
delays the entry of the DE into the stage where it positively promotes the SEPRCER (Chen, 2025).

Based on this, the following research hypothesis H2 is proposed: The impact of the DE on the
SEPRCER has a threshold effect related to the EPPIL.

3.3. The threshold effect of PI

Generally speaking, in the areas where pollution-intensive industries are concentrated, the “high-
carbon lock-in” effect is particularly prominent (Lu et al., 2025). Their development is highly
dependent on energy-intensive and pollution-intensive industries such as steel, chemicals, and non-
ferrous metal smelting. The digital technology application in these regions requires a huge
investment to digitally transform and intelligently upgrade traditional high-pollution production
lines and end-of-pipe treatment equipment. During the transformation process, problems such as
production stagnation and cost escalation may occur (Li et al., 2025). At the same time, fluctuations
in energy prices, stringent environmental protection policies and carbon reduction targets will
increase the cost pressure for enterprises to transform, and squeeze the funds for their digital
transformation. This will reduce the profit margins of enterprises (Liu & Fang, 2025), resulting in
the enabling effect of the DE being offset by the transformation costs. Consequently, the DE will be
delayed in entering the stage where it positively promotes the SEPRCER (Zhai et al., 2024). It may
even experience temporary efficiency losses due to the short-term pain of transformation (Tan &
Yan, 2025). However, when the PI of the region is low and the industrial structure is dominated by
low-energy consumption manufacturing and light-asset service industries, the introduction of digital
technology does not need to bear the high costs of production process reconfiguration and
equipment renewal, thus embedding digital technology in the entire production and regional
governance chain at a lower cost. At this time, the DE can enter the stage of positive driving on the
SEPRCER earlier (Sun et al., 2024).

Based on this, the following research hypothesis H3 is proposed: The impact of the DE on the
SEPRCER exhibits a threshold effect related to PI.



4. Methodology and Data
4.1 Methodology
4.1.1 Super-efficiency undesirable-SBM model

The super-efficiency Undesirable-SBM model is an extended model of the data envelopment
analysis research method. This model not only can solve the slack variable problem of input-output,
but also incorporates non-desirable outputs into the model to evaluate the relative effectiveness of
decision-making units (Tone & Tsutsui, 2011). This paper uses the super-efficiency Undesirable-
SBM model of Dearun software to calculate the PRE and the CERE of cities. The model formula is
as follows (Liu et al., 2025):
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Among them, p represents the PRE or the CERE calculated by the model. When p > 1 and s =5 =
0, it indicates that the PRE or the CERE has reached a strong effective state; when p =1 and s* # 0
or s~ # 0, it indicates that the PRE or the CERE has reached a weak effective state; when p < 1, it
indicates that the PRE or the CERE is in an ineffective state.

4.1.2 The CCD model

The CCD model can reflect the collaborative “effects” and overall “efficiency” between two or more
systems (Cheng et al., 2026). Therefore, in this paper, the CCD model is used to calculate the CCD
between the PRE or the CERE, in order to characterize the level of the SEPRCER. The calculation
formula is as follows (Zhang et al., 2025):

T=aU, +pU,;
C:2JU1XU' @
U+U,

D=+CxT.

Among them, T represents the linear summation of the PRE and the CERE; U; and U- respectively
represent the PRE and the CERE; a and p respectively represent the contribution rates of the PRE
and the CERE to the coordinated development of the two; since both have the characteristic of
“sharing the same origin”, a = = 0.5 (Xiang et al., 2025); C represents the coupling degree (CD)
of the PRE and the CERE; D represents the CCD of the PRE and the CERE, that is, the level of the
SEPRCER, and the larger the value, the higher the level of the SEPRCER.



4.1.3 Entropy-weighted TOPSIS method

The entropy-weight TOPSIS method is an improved comprehensive evaluation approach that
optimizes the traditional TOPSIS model by incorporating the entropy weight method. This method
calculates the distances between each evaluation unit and the positive and negative ideal solutions
to complete multi-dimensional evaluation ranking and select the optimal solution. It can effectively
avoid the interference caused by subjective weighting and reduce the human deviation in the process
of setting indicator weights, ensuring the objectivity and scientificity of the evaluation results (Shi
et al., 2025). Therefore, this paper adopts the entropy-weight TOPSIS method to measure the level
of DE. The calculation formula is as follows (Wang & Wang, 2025):

Firstly, the original data is standardized to eliminate the influence that different indicators have on

the weighting of evaluation due to differences in units, scales, and magnitudes:
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Among them, Xj;; and x;; represent the standardized data and the original data of the j indicator of
the 7 city in the ¢ year; max(x;;) and min(x;;) represent the maximum and minimum values of the j

indicator respectively.

Secondly, the comprehensive level of each indicator is calculated using the entropy weight method:
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Among them, n, m, and r represent the number of cities, the research period, and the number of
indicators respectively; Py, represents the standardized data of the j indicator of the i city in the ¢
year as a proportion of the total weight of the ; indicator; E; represents the entropy value of the j
indicator; W; represents the weight of the j indicator; [j; represents the comprehensive level of the j
indicator of the i city in the ¢ year calculated through the entropy weight method.

Finally, the final level of the DE is calculated using the TOPSIS method:
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Among them, s;" and s; respectively represent the positive ideal solution and the negative ideal
solution of the j indicator; sep;;" and sepi respectively represent the Euclidean distance calculated
from the positive ideal solution and the negative ideal solution for the i city in the ¢ year; DE;
represents the level of the DE of the i city in the ¢ year.

4.2. Variable selection
4.2.1. Dependent variable: SEPRCER

This paper adopts the measurement method of Bai & Qi (2026) to calculate the level of the
SEPRCER. Specifically, the super-efficiency Undesirable-SBM model is first used to separately
calculate the PRE and the CERE, and then the CCD model is utilized to calculate the level of the
SEPRCER. The specific indicator composition is shown in Table 1:

Table 1. Indicators for measuring PRE and CERE

Measurement type Indicator type Variable Unit
Number of employees Ten thousand people
Input Fixed capital stock Ten thousand yuan
PRE Total energy consumption  Ten thousand tons of standard coal
Expected output Actual regional GDP Ten thousand yuan
Undesirable output PM:z 5 emissions pg/m?
Input Same as above Same as above
CERE Expected output Same as above Same as above
Undesirable output CO2 emissions Ten thousand tons

4.2.2. Independent variable: DE

Drawing on the research of Zhao et al. (2020) and Wang & Dong (2025), the DE evaluation index
system was constructed from three dimensions: digital transactions (DTR), digital infrastructure
(DIN), and informatization development (IDE) (Table 2), and the entropy-weight TOPSIS method
was used to measure the level of the DE (Wu et al., 2025).

Table 2. Evaluation index system of DE

Primary indicator Secondary indicators Measurement method Unit Attribute  Weight
Urban Digital Inclusive Finance
DTR Digital inclusive finance Unitless Positive  0.0642
Index
) The number of Internet users per per hundred i
Internet penetration rate Positive  0.1027
DIN hundred people people

The number of mobile The number of mobile phone users ~ per hundred  Positive  0.0976



internet users per hundred people people

The number of personnel in The proportion of computer service

) o ) % Positive  0.5626
the information industry and software professionals
IDE
Output of the information Per capita total telecommunications o
) Yuan Positive  0.1729
technology industry volume

4.2.3. Mechanism variables

(1) EPPL: It is represented by the ratio of the total amount of fines and confiscations by
environmental protection bureau of each city in a corresponding year to the total number of penalties
(Dai & Zhang, 2023); (2) PI: Following the calculation method of Tian et al. (2018), the PI indices
of each industry are summed up and then logarithmically processed to measure the PI at the city
level.

4.2.4. Control variables

(1) Population density (POP): Represented by the ratio of the permanent resident population of the
city at the end of the year to the built-up area (Rao et al., 2026); (2) Per capita income level (PCIL):
Represented by the logarithm of the regional GDP per capita (Chen & Zhang, 2025); (3) The level
of opening up to the outside world (OPEN): Represented by the proportion of actual utilized foreign
direct investment to the regional GDP (Li et al., 2025); (4) Urbanization level (URL): Represented
by the proportion of urban population to the permanent resident population at the end of the year
(Huang & Dou, 2024); (5) Environmental governance investment (EGI): Represented by the
proportion of environmental pollution control investment to the regional GDP (Zhang & Huang,
2023); (6) Greening level (GRE): Represented by the green coverage rate of the built-up area of the
city (Bie et al., 2023); (7) Infrastructure level (INF): Represented by the average road area per capita
in the city (Lin et al., 2025).

4.3. Model setting
4.3.1. Basic regression model

To examine the direct impact of the DE on the SEPRCER, a two-way fixed-effects regression model

was constructed:
SEPRCER, = a, +a,DE, + a,DE; +aControl, + u, + 2 +¢, (6)

Among them, Control represents the control variable, a represents the regression coefficient, 4;
represents the city fixed effect, u; represents the year fixed effect, ¢; represents the random error
term, and the meanings of the other symbols are the same as those in the previous text.

4.3.2. Threshold effect model

To test the threshold effect of the moderating variable, the threshold regression model proposed by
Hansen (1999) was adopted for verification:

SEPRCER, = 3, + BDE, (M, <y)+ B,DE.I1(M, > y)
+pBControl, + u, + A, + &,

0

Among them, £ represents the regression coefficient, y is the threshold value, 7 (¢) is the indicator



function, M is the moderating variable, and the remaining symbols have the same meanings as

those mentioned earlier.
4.4. Data sources

Given the availability of data, this paper selects 108 cities in the YREB as the research objects. The
research period is from 2011 to 2023. The original data of relevant indicators come from the EPS
database, the CSMAR database, the Ali Research Institute, the China Research Data Service
Platform, the National Qinghai-Xizang Plateau Science Data Center, and the China Socio-Economic
Big Data Research Platform, respectively. Therefore, the sources of the relevant charts and data
mentioned later will no longer be separately indicated. At the same time, for some missing data in
certain regions in certain years, they have been supplemented using the linear interpolation method.
In addition, the descriptive statistics and collinearity test results of each variable are shown in Table
3. It can be seen that the VIF values of all variables are less than 10, indicating that there is no

serious multicollinearity problem (Liu & Tan, 2025).

Table 3. Descriptive statistics and collinearity test results

Category Variable Sample Mean Std. Min Median Max VIF
Dependent variable ~ SEPRCER 1404 0.2650 0.0476 0.1765 0.2544 0.5558 —
Independent variable DE 1404 0.1002 0.0770 0.0084 0.0862 0.7934 1.5334
Mechanism variables EPPI 1404 4.5088 9.1511 0.0000 0.0000 112.8175  1.0833
PI 1404 9.3027 1.0380 3.1355 9.1934 12.0138  7.8369
POP 1404 6.0123 0.6427 4.0087 6.0584 7.7780 3.3609
PCIL 1404 10.7971 0.7411 1.7777 10.7472 12.6552 4.6185
OPEN 1404 0.0204 0.0187 0.0000 0.0155 0.1416 1.1707
Control variables URL 1404 0.3419 0.1823 0.0750 0.2976 1.0000 2.0190
EGI 1404 1.0000 1.3517 0.0078 0.6418 23.4386  1.1767
GRE 1404 95.3771 11.6448 11.0000  100.0000  100.0000  1.3036
INF 1404 20.0446 7.8302 0.0000 19.5062 55.5753 1.4245

5. Results and Discussion
5.1. Analysis of evolutionary trends
5.1.1. The evolutionary trends of SEPRCER

To explore the evolution characteristics of the level of the SEPRCER among cities in the YREB,
this paper takes 2011 as the base period and selects three-time sections of 2011, 2017, and 2023 at
6-year intervals to draw their spatial distribution map (Fig. 1). It can be seen that the level of the
SEPRCER in the YREB showed a slight downward trend from 2011 to 2023, with the regional
average dropping from 0.29 to 0.25; the spatial layout gradually formed a distribution pattern
centered on the YRD and with multiple growth poles coexisting. Specifically, in 2011, the cities
with the highest SEPRCER were Suzhou, Shanghai, and Wuxi; the average level in the LRYR
ranked first, then comes the middle reaches of the Yangtze River (MRYR) and the upper reaches of
the Yangtze River (URYR). In 2017, the top three cities became Shanghai, Changsha, and Hangzhou;
the level of the SEPRCER in the LRYR declined, while it was relatively stable with the MRYR and
the URYR. The average values of the three regions remained above 0.25. In 2023, the top three
cities were Shanghai, Wuxi, and Changsha; the level of the SEPRCER in the LRYR returned to an



upward trend, while the MRYR and the URYR still showed a downward trend, further widening the
development gap with the LRYR.

Level of SEPRCEP [0 [0.17-0.22] | | (0.22-0.28] (0.28 - 0.32] 0.32-0.48] | (0.48 - 0.56]
Fig. 1 Spatiotemporal evolution map of level of SEPRCER in the YREB

Level of DE

5.1.2. The evolutionary trends of DE

Furthermore, in order to explore the evolution characteristics of the level of the DE among cities in
the YREB, following the aforementioned classification method, three-time sections of 2011, 2017,
and 2023 were selected to draw their spatial distribution map (Fig. 2). It is not difficult to observe
that from 2011 to 2023, the level of the DE of the YREB showed an overall upward trend, with the
regional average increasing from 0.06 to 0.11; the spatial layout gradually formed a distribution
pattern centered on the YRD and with multiple growth poles coexisting. Specifically, in 2011, the
top three cities in terms of the level of the DE were Hangzhou, Shanghai, and Nanjing; the central
area of the YRD initially became a core developed region, with its average level of the DE reaching
0.09, which was higher than 83.33% of the cities in the study area. In 2017, the top three cities
changed to Shanghai, Hangzhou, and Chengdu; the average level of the DE of the URYR and the
LRYR exceeded 0.11, while the MRYR was at a relatively lagging level, with an average of 0.09.
In 2023, the top three cities were Huaihua, Shanghai, and Hangzhou; the MRYR achieved rapid
development, and the gap in DE development between it and the URYR and LRYR gradually

narrowed.
a.2011
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Fig. 2 Spatiotemporal evolution map of level of DE in the YREB

5.2. Benchmark regression analysis

A double fixed-effect model was adopted to examine the impact of the DE on the SEPRCER. The
results are shown in Table 4. Among them, the column 1 shows the regression result of the DE on
the SEPRCER without considering the control variables. The columns 2 to 8 show the regression
results after adding control variables one by one. The results show that regardless of whether the
control variables are included or not, the coefficient of the first term of the DE is negative, and the



coefficient of the second term is positive, and it passes the significance test at the 1% level.
Therefore, it is confirmed that the impact of the DE on the SEPRCER has a significant “U” shape
relationship. Therefore, Hypothesis H1 is established. From the full-variable regression result in the
column 8, the coefficients of the first term and the second term of the DE are -0.2815 and 0.2831
respectively. By calculation, the value of the curve's inflection point is 0.497. That is, when the level
of the DE crosses the critical value of 0.497, its promoting effect on the SEPRCER begins to appear
and gradually strengthens.

Table 4. Results of baseline regression

Variable (@) ?2) 3) “) ®) 6) @) ®)
DE -0.3168"* -0.2935™* -0.3032"** -0.3010™* -0.2955™* -0.2847"** -0.2870™*" -0.2815™**
(0.0466) (0.0474) (0.0477) (0.0476) (0.0477) (0.0470) (0.0474) (0.0472)
DE? 0.3216"* 0.2961"*" 0.3080"*" 0.3049™* 0.2984™* 0.2859"** 0.2892"* 0.2831"*"
(0.0728) (0.0726) (0.0730) (0.0726) (0.0725) (0.0707) (0.0713) (0.0708)
PoP 0.0417* 0.0395™ 0.0395™ 0.0390™ 0.0374™ 0.0378" 0.0363"
(0.0179) (0.0176) (0.0176) (0.0175) (0.0174) (0.0174) (0.0170)
PCIL 0.0098"* 0.0093"* 0.0094" 0.0096" 0.0093* 0.0097**
(0.0046) (0.0047) (0.0049) (0.0050) (0.0050) (0.0049)
-0.0532 -0.0385 -0.0212 -0.0206 -0.0182
OPEN
(0.0791) (0.0780) (0.0743) (0.0745) (0.0744)
-0.0216™ -0.0226™ -0.0225™ -0.0241*
URL
(0.0094) (0.0094) (0.0094) (0.0094)
-0.0012 -0.0012 -0.0012
EGI
(0.0010) (0.0010) (0.0009)
0.0000 0.0000
GRE
(0.0000) (0.0000)
-0.0002*"
INF
(0.0001)
c 0.2916"* 0.0390 -0.0533 -0.0461 -0.0382 -0.0305 -0.0327 -0.0243
ons
(0.0036) (0.1084) (0.1112) (0.1089) (0.1083) (0.1076) (0.1077) (0.1058)
city N N N N N N N, N
year N N N N N N N, N
Obs 1404 1404 1404 1404 1404 1404 1404 1404
adj. R? 0.894 0.895 0.898 0.898 0.898 0.898 0.898 0.899

Notes: #** ** * indicate significance at the 1%, 5%, and 10% levels respectively. The values in ()
are the standard errors, and the same applies below.

In terms of control variables, the coefficients of the POP and the PCIL are both positive, and have
passed the test at the 5% significance level, indicating that the POP and the PCIL can enhance the
SEPRCER. However, this impact is very limited. The coefficients of the URL and the INF are both
negative, and have also passed the 5% significance test. This might be due to the fact that during
the process of urbanization expansion and infrastructure construction, due to increased resource
consumption and pollution emissions, the SEPRCER was inhibited. The coefficients of the OPEN,
the EGI and GRE are not significant. This might be because the environmental effect of OPEN in
the YREB has not fully manifested, and there are regional differences in the EGI and the GRE,



thereby weakening the influence of these variables on the SEPRCER.
5.3. Endogeneity test analysis

Due to measurement errors, omitted variables, bidirectional causality, etc., endogeneity problems
may arise, leading to biases in the empirical results. Therefore, the two-stage least squares method
(2SLS) is adopted to further identify the impact of the DE on the SEPRCER. In terms of the selection
of instrumental variable (IV), drawing on the ideas of Huang et al. (2019) and Xu et al. (2017), the
interaction term and its quadratic term of the number of fixed-line telephone users in 2000 and the
national information technology service revenue of the previous year were selected. The reason for
choosing this IV is that the number of fixed-line telephones in 2000 is historical data, which is
exogenous and closely related to the foundation of DE development. The national information
technology service revenue is a macro variable and has no direct correlation with the SEPRCER in
a single city. This meets the requirements of the correlation and exogeneity of the I'V. The results of
the endogeneity test are shown in Table 5. It can be seen that in the test of the identification
deficiency of the IV, the LM value is 11.928, which rejects the null hypothesis at the 1% significance
level, indicating that there is a significant correlation between the IV and the DE. At the same time,
in the weak IV test, the Wald F value is 55.919, which is greater than the critical value of 7.03 in
the Stock-Yogo test at the 10% level, indicating that the selected IV are reasonable and effective.
Column 3 of Table 4 shows the regression results of the second stage. It can be seen that the
coefficient of the DE in the first stage is significantly negative, and the coefficient of the quadratic
term is significantly positive, which is consistent with the benchmark regression results. This
indicates that after dealing with potential endogeneity problems, the impact of the DE on the
SEPRCER still shows a “U” shape curve characteristic, verifying the reliability of the benchmark
regression results.

Table 5. Results of endogeneity test

1 2 3
Variable M @ )
DE DE? SEPRCER
-0.0041 0.0020
V14
(0.0045) (0.0036)
-0.0002™" -0.0003*™"
2
(0.0001) (0.0001)
-0.6059"""
DE
(0.1792)
0.5996™"
DE?
(0.2459)
11.928
LM {H
{0.001}
55.919
Wald F 18
[7.03]
Control v N N,
city N v N,
year N N N,
Obs 1404 1404 1404

Notes: The values in {} are the P-values, and the values in [] are the critical values for the weak IV



test.
5.4. Robustness test analysis

To ensure the reliability of the benchmark regression results, we conducted the following robustness
tests and listed the results in Table 6. Firstly, we changed the measurement method of the DE and
re-measured its level using the CRITIC entropy weighting method, and then conducted the
regression analysis, as shown in the column 1; Secondly, we excluded the sample data of the central
directly-administered cities. Since there are significant differences in the data of the central directly-
administered cities and prefecture-level cities, this will affect the research results. Therefore, we
excluded the sample data of Shanghai and Chongqing, and conducted the regression analysis again,
as shown in the column 2; Thirdly, we excluded the data of special years. Since the sample data of
2020, 2021, and 2022 were interfered by the special influence of the Chinese COVID-19 epidemic,
we excluded these three years' data and conducted the regression analysis again, as shown in the
column 3; Fourthly, we truncated the data. The variables were truncated 1% downward and upward
at both ends, and then conducted the regression analysis, and the results are shown in the column 4.
From Table 6, it can be seen that under these four testing methods, the coefficient signs and
significance of the core explanatory variables are basically consistent with the benchmark regression
results, which indicates that the research conclusion has good robustness.

Table 6. Results of robustness test

Variable (1) 2) 3) @)
-0.2247" -0.2882"*" -0.2919™* -0.3419""
e (0.0517) (0.0406) (0.0570) (0.0398)
DE? 0.1422" 0.3143"" 0.3145™" 0.4068"*
(0.0730) (0.0593) (0.0853) (0.0585)
Cons -0.0655 -0.0468 -0.0035 -0.3191™*
(0.1077) (0.1061) (0.1149) (0.1060)
Control v \ \ \/
city v \ \/ \/
year v \ \/ \
Obs 1404 1378 1080 1404
adj. R? 0.896 0.892 0.903 0914

5.5. Heterogeneity test analysis

When studying the impact of the DE on the SEPRCER, the heterogeneity characteristics brought
about by differences in regional location, policy systems, resource endowment, and economic
development among cities cannot be ignored. Therefore, the heterogeneity test was conducted by
grouping according to different dimensions, and the results are shown in Table 7. From the
perspective of regional heterogeneity (Columns 1 and 2 represent the LRYR and non-LRYR), the
absolute values of the coefficients of the first and second terms of the DE in the LRYR are greater
than those in the non-LRYR, and the curve inflection point of the LRYR is 0.473, which is slightly
lower than 0.478 of the non-LRYR. This indicates that in the initial stage of DE development in the
LRYR, the negative inhibitory effect on the SEPRCER is stronger, and the critical level at which
the marginal impact turns from reduction to increase appears earlier; once this inflection point is

crossed, the positive promoting effect of the DE on the SEPRCER will be significantly better than



that of the non-LRYR. The reasons for this are that the digital infrastructure in the LRYR is more
complete and the digital governance capabilities of the government and enterprises are stronger, so
the conversion cost of the digitization is lower, and it can quickly break through the bottleneck in
the initial stage of development; after crossing the inflection point, the LRYR, with its scale
advantages and industrial chain synergy foundation in energy conservation and environmental
protection, high-end manufacturing, etc., can further release a stronger positive promoting effect of

the DE.
Table 7. Results of heterogeneity test
Variable 1) 2) 3) 4) %) (6) 7 ®)
DE -0.3807"* -0.2907**" -0.3337"* 0.1262 -0.1917 -0.3173™* -0.2567"" -0.2429™
(0.0989) (0.0605) (0.0589)  (0.1191) (0.1607) (0.0604) (0.0731) (0.1136)
DE? 0.4021™* 0.3401™" 0.3524™ -0.6101 0.7966 0.3379™" 0.2771""* 0.2541
(0.1357) (0.1189) (0.0848)  (0.4883) (0.7171) (0.0867) (0.1017) (0.4337)
-0.0416 -0.2168" -0.5117""  0.2246™ 0.1298 -1.0676™" -1.5249"" 0.1909™*
Cons (0.1209) (0.1278) (0.1609)  (0.0454) (0.0810) (0.1669) (0.2660) (0.0584)
Control N N, N N N N, N, N
city J J J J J J J J
year v N v v N N J N
Obs 533 871 1001 403 507 897 481 923
adj. R’ 0.910 0.892 0.909 0.844 0.819 0.908 0.911 0.837

From the perspective of policy heterogeneity (Columns 3 and 4 represent urban agglomerations and
non-urban agglomerations respectively), the DE and SEPRCER in urban agglomerations shows a
significant “U” shape curve relationship, with the turning point being 0.474. The development of
the DE in non-urban agglomerations is insufficient to have a significant nonlinear impact on the
SEPRCER. The difference between the two may stem from the fact that urban agglomerations have
more complete digital infrastructure, more concentrated industrial resources, and more advanced
digital technologies, thereby laying a solid foundation for empowering the DE; while non-urban
agglomerations are constrained by weak economic development foundations and insufficient digital
infrastructure support, making it difficult for the empowerment effect of the DE to be effectively
released.

From the perspective of resource heterogeneity (Columns 5 and 6 represent resource-based cities
and non-resource-based cities respectively), the impact of the DE on the SEPRCER in non-resource-
based cities shows a significant “U” shape curve feature, with the turning point being 0.471.
However, there is no significant nonlinear relationship between the DE and the SEPRCER in
resource-based cities. This result may be attributed to the diversified industrial structure and well-
established digital infrastructure layout of non-resource-based cities, which have laid a good
foundation for enabling the DE to enhance the SEPRCER; while resource-based cities are
constrained by a single industrial structure, fixed development paths, and insufficient DE
transformation motivation, making it difficult for enabling effect of the DE to be effectively exerted.

In terms of economic development heterogeneity (Columns 7 and 8 represent high-income regions
and low-income regions respectively), the DE and SEPRCER in high-income regions (those with a
per capita regional GDP above the average) shows a significant “U” shape curve relationship, with

the inflection point at 0.463. However, there is no significant nonlinear relationship between the two



in low-income regions. The reasons for this are as follows: High-income regions have abundant
capital accumulation, which enables them to continuously increase capital investment in areas such
as DE development and environmentally friendly industries, thereby supporting the enabling role
of the DE; Low-income regions are constrained by their stage of development, and their economic
growth mostly adopts a simplistic model. Moreover, the digital application technology level is low,
so they lack the capital and technical conditions to support the enabling role of the DE.

5.6. Threshold effect analysis

According to the theoretical analysis in the previous text, there may be a certain threshold effect
between the EPPI and the PI in the relationship between the DE and SEPRCER. Therefore, these
two variables are taken as threshold variables for the threshold effect test.

5.6.1. Analysis of the threshold effect of EPPI

Due to the possible significant differences in the EPPI among different cities, during the process of
the impact of the DE on the SEPRCER, the relationship between the two may exhibit differentiated
influence characteristics depending on the level of the EPPI. Therefore, the threshold effect of the
EPPI was tested using the Bootstrap method. Table 8 reports the results of the threshold existence
test for the EPPI. It can be seen that there is a significant single threshold effect for the EPPI, and it
failed the double threshold test. Specifically, the estimated threshold value of the EPPI is 0.3635.
After being tested at a 5% significance level, its 95% confidence interval is [0.0000, 0.7632]. Thus,
the hypothesis H2 is confirmed.

Table 8. Results of threshold test of EPPI

Threshold Threshold 95% Confidence
Variable F-statistic ~ P-value 1% 5% 10%
number value interval
EPPI Single 23.81" 0.0110 239484 17.8236  15.0851 0.3635 [0.0000, 0.7632]
Double 4.82 0.6380 41.0622 17.8777 14.0570

In order to further explore whether the impact of the DE on the SEPRCER shows different
characteristics under different levels of the EPPI, a grouped regression was conducted based on the
threshold conditions of the EPPI (Table 9). From the regression results, it can be seen that in different
EPPI ranges, the first term of the DE is significantly negative, and the coefficient of the second term
is significantly positive, and both have passed the 1% significance test. This indicates that regardless
of whether the EPPI crosses the threshold critical value, the impact of the DE on the SEPRCER
shows a significant “U” shape feature. From the size of the coefficients and the characteristics of
the turning points, there is significant heterogeneity between the two groups of intervals: at low
EPPI, the coefficient of the second term of the DE is 0.3194, and the “U” shape curve trend is
relatively gentle, with the corresponding turning point being 0.4795; at high EPPI, the coefficient
of the second term of the DE rises to 0.6829, with a significant increase in the coefficient, and the
steepness of the “U” shape curve significantly increases, with the corresponding turning point
dropping to 0.2335. This result indicates that a higher EPPI forms a rigid constraint, forcing
enterprises to apply more digital technologies to green production and precise pollution control. The
complementary effect of institutional constraints and technological empowerment is formed, which
significantly amplifies the positive promoting effect of the DE on the SEPRCER, and can effectively
shorten the effect cycle. That is, the DE only needs a lower development level to break through the
turning point and quickly release the positive promoting effect on the SEPRCER.



Table 9. Results of threshold regression of EPPI

Variable Threshold condition SEPRCER
-0.3063"""
DE EPPI<0.3635
(0.0485)
0.3194™"
DE? EPPI<0.3635
(0.0688)
-0.3189™"
DE EPPI=0.3635
(0.0575)
0.6829™"
DE? EPPI=0.3635
(0.1754)
0.0320
Cons
(0.1693)
Control \
city \
year \
Obs 1404
adj. R? 0.544

5.6.2. Analysis of the threshold effect of PI

Due to the possible significant differences in the PI among different cities, during the process of the
impact of the DE on the SEPRCER, the relationship between the two may exhibit differentiated
influence characteristics depending on the level of the PI. Therefore, we conducted a test using the
Bootstrap method to examine the threshold effect of the PI. Table 10 reports the results of the
threshold existence test for the PI. It can be seen that the estimated threshold value of the PI is
10.7450, which passes the significance test at the 5% level, and the 95% confidence interval is
[10.7242, 10.7728]. Thus, the hypothesis H3 is confirmed.

Table 10. Results of threshold test of PI

Threshold Threshold 95% Confidence
Variable F-statistic ~ P-value 1% 5% 10% )
number value interval

Single 52.43" 0.0130  56.7139  39.6100 33.8216 10.7450 [10.7242, 10.7728]
Double 25.67 0.1670  96.5299  70.6875  48.4467

To further explore whether there are differential characteristics in the impact of the DE on the
SEPRCER under different PI, a grouped regression analysis was conducted based on the PI
threshold. The specific results are shown in Table 11. The regression results indicate that regardless
of whether the PI exceeds the threshold value of 10.745, the coefficient of the first term of the DE
is significantly negative, and the coefficient of the second term is significantly positive. All of them
passed the 1% significance test, meaning that under different PI, the DE and SEPRCER still shows
a stable and significant “U” shape non-linear relationship. Considering the size of the coefficients
and the curve shape, the two groups show obvious heterogeneity characteristics. In the low PI range,
the second coefficient of the DE is 0.3736, and the “U” shape curve trend is steeper, with a stronger
nonlinear influence effect; in the high PI range, the second coefficient of the DE drops to 0.3465,
and the “U” shape curve becomes smooth, and the turning point rises from 0.4119 to 0.5351. The
reasons for this are that in low PI areas, the industrial structure is cleaner, and the burden of pollution



control is smaller, making digital technology more suitable for green adaptation, and it can fully
exert the optimization effect of governance; while in high PI areas, due to the lock-in effect of high
energy-consuming and high-emission industries, the resistance to industrial transformation is
greater, and thus, the DE needs a higher level of development to break through the turning point.

Table 11. Results of threshold regression of PI

Variable Threshold condition SEPRCER
-0.3078™"
DE PI<10.7450
(0.0522)
0.3736™"
DE? PI<10.7450
(0.0710)
-0.3708™""
DE PI=10.7450
(0.0625)
0.3465™"
DE? PI=10.7450
(0.0728)
-0.0043
Cons
(0.1735)
Control v
city \
year v
Obs 1404
adj. R’ 0.560

5.6.3. Further analysis

To further investigate the interaction heterogeneity characteristics of the DE on the SEPRCER under
the two threshold constraints of the EPPI and PI, this paper sets up groups based on the critical
values of the two threshold variables: samples with EPPI higher than the threshold value are defined
as the high EPPI group, and those lower than the threshold value are defined as the low EPPI group;
samples with PI higher than the threshold value are defined as the high PI group, and those lower
than the threshold value are defined as the low PI group. Based on this, the entire sample is divided
into four combination scenarios: high EPPI - low PI, high EPPI - high PI, low EPPI - low PI, and
low EPPI - high PI. An interaction grouped heterogeneity regression is conducted accordingly, and
the specific results are shown in Table 12. From the grouped regression results, it can be clearly
seen that in the regressions of the four combination scenarios, the coefficient of the first term of the
DE is significantly negative, and the coefficient of the second term is significantly positive, and all
pass the significance tests at the corresponding statistical levels. This indicates that regardless of the
combination form of the EPPI and PI, the impact of the DE on the SEPRCER is consistently and
stably presented in a “U” shape nonlinear pattern, and this nonlinear characteristic has strong

robustness.

Table 12. The partitioned heterogeneity regression results of the two threshold variables
interaction based on EPI and PI
M 2 3) “
High EPPI - Low PI  High EPPI - High PI Low EPPI - Low PI Low EPPI - High PI
DE -0.3369"* -2.3045% -0.3386™" -0.3540™

Variable




(0.1020) (1.2272) (0.0636) (0.1461)

DE? 0.8864™ 6.9352" 0.3653™ 0.3758™
(0.2690) (3.7587) (0.0933) (0.1714)
Cons -0.2294 -3.3848" -0.5885™ -6.5628"""
(0.1984) (1.7576) (0.2074) (1.2767)
Control \/ \/ v V
city V V V v
year V V V ol
Obs 490 49 785 80
adj. R? 0.891 0.991 0.913 0.924

From the perspective of coefficient magnitude, the steepness of the curve, and the characteristics of
the samples, the four groups of samples exhibit significant heterogeneity differences. Under the high
EPPI - low PI group, the coefficient of the second term of the DE reaches 0.8864, which is
significantly higher than that of the other groups. The “U” shape curve is the steepest, and the sample
observations are sufficient, with a good regression fitting effect. The statistical results are robust
and reliable. In the high EPPI - high PI group, although the coefficient of the second term of the DE
is as high as 6.9352, the “U” shape non-linear feature is the most intense. However, it only passes
the 10% significance test and the sample size is only 49, so the coefficient fluctuation range is large,
and the results lack universal applicability. Under the low EPPI, regardless of the PI, the coefficient
of the second term of the DE remains between 0.36 and 0.38, which is relatively small and the
difference is slight. The “U” shape curve trend is smoother. In terms of the underlying logic, high
EPPI can form a strong environmental regulatory constraint, effectively activating the regulatory
empowerment and green impetus of the DE. In contrast, regions with high PI have a higher degree
of clean industrial structure, less pollution stock management pressure, and are more likely to
release the green collaborative governance efficiency of the DE. The combination of the high EPPI
- low PI group enables the DE to cross the turning point at a lower level, thereby fully amplifying
the promoting effect on the SEPRCER. In addition, regions with high PI are constrained by the path
dependence of high energy consumption and high emission industries. Even with strengthened
environmental regulations, it is prone to extreme coefficient fluctuations and insufficient sample
support. While regions with low EPPI have a weak regulatory constraint, it is difficult to fully drive
enterprises to carry out digital green transformation, weakening the later enhancement effect of the
DE on the SEPRCER. Ultimately, this is manifested as a flattening of the “U” shape curve and a

convergence of the non-linear influence intensity.
5.7. Discussion
5.7.1. Benchmark regression discussion

The benchmark regression results of this study show that the DE has a significant “U” shape curve
impact on the SEPRCER in the YREB. That is, in the early stage of development, it shows an
inhibitory effect, and after crossing the turning point, it turns into a positive promoting effect. This
conclusion is highly consistent with the research results of Zhao et al. (2026), Sun et al. (2025), and
Li & Diao (2025), verifying that the DE has a “first inhibition, then promotion” phased pattern on
SEPRCER. In the early stage of DE development, the high energy consumption characteristics of
digital infrastructure construction, the adaptation costs of industrial digital transformation, and the
energy rebound effect jointly lead to short-term constraints on the SEPRCER (Gao, 2025; Guo &



Wang, 2023); as digital technology and green governance are deeply integrated, the acceleration of
clean energy structure and the upgrading of environmental supervision intelligence, the green
enabling effect of the DE gradually takes the lead, promoting the steady improvement of the level
of the SEPRCER (Huang & Lin, 2024; Ren et al., 2023).

However, the academic community has not reached a unified consensus on this issue. Zheng et al.
(2026) and Hu (2023) believe that the DE has always shown a linear positive promotion effect on
the SEPRCER, and no “U” shape inflection point was found; Qian et al. (2025) emphasized that the
DE may continue to have negative impacts due to the energy rebound effect. The main reason for
the differences in conclusions lies in the following: previous studies mostly used national samples,
ignoring the regional characteristics of the YREB, which are eco-friendly and have stronger
regulations; some studies did not incorporate a long-term dynamic perspective, making it difficult
to capture the phased changes in short-term costs and long-term benefits. This paper based on data
from 108 cities from 2011 to 2023, after undergoing endogenous processing and multiple robustness
tests, the “U” shape relationship remained highly significant, indicating that this phased pattern has
strong reliability and regional specificity.

5.7.2. Mechanism discussion

The mechanism analysis indicates that both the EPPI and the PI have a significant single-threshold
effect. Moreover, by altering the position of the inflection point and the shape of the “U” curve, they
exert heterogeneous influences on the “U” relationship between the DE and the SEPRCER.

Firstly, when the EPPI exceeds the threshold limit, it makes the “U” shaped curve for the impact of
the DE on the SEPRCER significantly steeper, and the turning point occurs significantly earlier.
This conclusion is consistent with the internal logic of the Porter hypothesis (Porter & van der Linde,
1995), and also confirms the research judgments of Yan et al. (2024) and Liao & Xiao (2025)
regarding that strict environmental regulations can accelerate green innovation and shorten the
technological transformation cycle. Higher EPPI will form a rigid constraint, driving enterprises to
apply digital technologies to clean production and pollution control processes more quickly (Liang
& Hu, 2025), enabling the DE to cross the bottleneck earlier and achieving more prominent green
empowerment effects, which are consistent with the empirical results of this paper.

Secondly, as the PI exceeds the threshold value, it makes the “U” shaped curve for the impact of the
DE on the SEPRCER significantly smoother, and the turning point occurs significantly backward.
This finding is highly consistent with the conclusions proposed by Lu et al. (2025) regarding the
path lock-in of high-pollution industries and those by Zhai et al. (2024) regarding the excessively
high costs of digital transformation. Cities with higher PI mostly rely on high-energy-consuming
industries and have higher transformation costs, thus making the green transformation through
digital technology more difficult, leading to the need for the DE to reach a higher level to achieve a
breakthrough from negative to positive. Additionally, Fang & Yu (2024) argue that the more severe
the pollution, the greater the potential of the DE for emission reduction and the more obvious the
effect. The reason for the difference lies in that such studies focus on theoretical emission reduction
potential, while this paper, based on real urban data, discovers that in high-pollution areas, due to
industrial inertia, capital constraints, and technical bottlenecks, the DE for emission reduction effect
is difficult to truly take effect.

Finally, this paper further incorporates the EPPI and the PI into the two-threshold interaction



framework. It is found that in the high EPPI - low PI group, the “U” shape inflection point for the
impact of DE on the SEPRCER is the earliest, enabling the DE to cross this inflection point earlier
and exert a positive promoting effect. This conclusion is an important expansion of existing
literature, compensating for the shortcomings of the single-threshold perspective, and more clearly
revealing the external constraints and applicable conditions of the empowerment of the DE for the
SEPRCER.

5.7.3. Deficiency and prospect

This study systematically examined the impact and mechanism of the DE on the SEPRCER.
However, this study still has certain limitations: Firstly, this paper examines the impact of the DE
from the macro level of cities, but fails to reveal the specific transmission path from the perspective
of enterprises' micro production, technological choice, and green investment. The micro mechanism
needs to be further explored; Secondly, this paper only examines two threshold variables, namely
the EPPI and the PI, and has not included more potential constraint variables. The research
framework can still be expanded; Thirdly, the sample in this study only covers 108 cities in the
YREB, and the universality of the research conclusions at the national level needs to be further
verified.

Given these limitations, future research can be deepened in three aspects: Firstly, conduct multi-
level analysis by integrating enterprise micro-data with urban panel data to more clearly reveal the
micro-mechanisms of the impact of the DE on SEPRCER; Secondly, incorporate spatial spillover
effects into the model to examine the regional linkage impact of DE on the SEPRCER; Thirdly,
carry out causal identification around quasi-natural experiments such as digital pilot projects and
low-carbon pilot projects to further enhance the reliability of the conclusions and the policy

reference value.
6. Conclusions and policy implications

This paper is based on the panel data of 108 cities in the YREB from 2011 to 2023. It employs the
super-efficiency undesirable SBM model, the CCD model, the entropy-weight TOPSIS method, the
two-way fixed effect model, and the panel threshold model to systematically analyze the evolution
characteristics of the DE and the SEPRCER, and to empirically test its impact effect, heterogeneity,
and threshold mechanism. The main conclusions are as follows: (1) From 2011 to 2023, the level of
the DE in the YREB showed an overall upward trend, while the level of the SEPRCER showed a
slight downward trend. Moreover, both have gradually formed a distribution pattern centered on the
YRD and coexisting multiple growth poles throughout the YREB; (2) The impact of the DE on the
SEPRCER in the YREB presented a significant “U” shape curve relationship, and this conclusion
remained valid after robustness tests and endogeneity handling; (3) The relationship between the
two has significant heterogeneity characteristics in terms of region, policy, resources, and economy.
The “U” shape feature is more prominent in the LRYR, urban agglomerations, non-resource-based
cities, and regions with high economic levels; (4) Both the EPPI and the PI have significant single-
threshold characteristics. As the EPPI crosses the threshold value, the “U” shape curve for the DE
and the SEPRCER becomes steeper, and the turning point appears earlier, while the PI is the
opposite; (5) From the two threshold interaction grouping perspective, in the combination scenario
of high EPPI and low PI, the “U” shape turning point for the DE and SEPRCER is the earliest and
the curve is the steepest.



Based on the above research conclusions and in light of the actual situation of the YREB, the
following policy recommendations are drawn:

Firstly, based on the spatial and temporal patterns and heterogeneity characteristics, implement a
strategy of classified measures and phased advancement to enable the DE to contribute to SEPRCER.
For the LRYR, urban agglomerations, non-resource-based and high-income cities, leveraging their
digital foundations and industrial advantages, accelerate the integration of digital technologies with
green production, carbon emission monitoring, and intelligent environmental supervision, and
promote them to cross the “U” shape turning point as soon as possible, fully releasing the positive
promoting effect; for the MRYR and the URYR, resource-based and low-income cities, prioritize
the improvement of digital infrastructure shortcomings, steadily promote the digitalization and
greening transformation of traditional industries, reduce the pain of transformation and short-term
energy consumption shocks, and avoid “one-size-fits-all” approaches. At the same time, establish a
cross-regional coordination mechanism to promote the orderly radiation of digital technologies and
green governance models from the YRD to the MRYR and the URYR, strive to reverse the
downward trend of the SEPRCER, and achieve balanced improvement throughout the region.

Secondly, strengthen the guidance of the two-threshold mechanism and establish an optimal
collaborative governance model of "high EPPI and low PI". On one hand, enhance the rigidity of
EPPI and the accuracy of law enforcement, and through strict regulations, urge enterprises to
accelerate their digital green transformation, so that the “U” shape turning point of the impact of the
DE on the SEPRCER appears earlier, the curve becomes steeper, and they enter the positive
promotion stage more quickly; on the other hand, strictly control the PI of the region, strictly control
the blind expansion of “high-energy-consuming and high-polluting” industries, accelerate the digital
clean transformation of high-polluting industries, and weaken the constraints on transformation and
the backward shift of the turning point brought by high pollution. On this basis, focus on creating
an optimal policy combination of high EPPI and low PI, give priority to building digital green
transformation demonstration zones, and maximize the strongest promoting effect of DE on the
SEPRCER.
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