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Introduction: Behind China’s booming economy lies a series of environmental and
resource consumption issues. After continuous research and exploration, scholars
generally agree that green innovation is a crucial way to solve this problem. As the
core regions of China’s economic development, studying the green innovation level
of the threemajor urban agglomerations can help understand China’s progress in this
area. It can provide beneficial experience and inspiration for other urban
agglomerations and the formulation of relevant policies in the future.

Methods: This paper selects the panel data of 40 cities in Beijing-Tianjin-Hebei (BTH),
Yangtze River Delta (YRD), and Pearl River Delta (PRD) urban agglomerations from
2010 to2020as the researchobject. The super-efficiency SBM (slack-basedmeasure)
model and Malmquist-Luenberger (ML) index are used to measure the green
innovation efficiency (GIE) and its dynamic evolution rules, and the Tobit
regression model is constructed to analyze the influencing factors of GIE.

Results: The PRD urban agglomeration has the highest GIE level, while the GIE
level in BTH and YRD shifted around 2015. Technical efficiency and technological
progress together lead to increased GIE, with technological progress having a
higher impact than technical efficiency. The regression coefficients of
urbanization level, industrial structure, and science and technology level are
0.0078, 0.0071, and 0.0616, respectively, significantly promoting GIE. The
coefficients of economic development level, foreign direct investment,
environmental regulations, and SO2 emissions are −0.2198, −0.1163, −0.005,
and −0.011, respectively, significantly inhibiting GIE. The coefficient of
vegetation cover of 0.0228 has no significant effect on GIE.

Conclusions: The overall GIE of the three major urban agglomerations is relatively
high. Still, there is spatial variability in GIE among different cities, accompanied by the
phenomenon of two-level differentiation. The study suggests that improving GIE
requires enhanced interventions at both the city level and the level of influencing
factors. This study enriches the theoretical results on the meso-level of GIE and
provides theoretical guidance and practical directions for promoting green
innovation in urban agglomerations, achieving peaking carbon and carbon
neutrality, and promoting green and high-quality development.
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1 Introduction

Since the reform and opening up, China has made fantastic
progress in building its economy. In 2020, China’s GDP exceeded
100 trillion yuan for the first time, reaching 101.6 trillion yuan, a year-
on-year growth of 2.3 percent, accounting for 17 percent of the global
economy. Regarding international influence, China’s GDP accounted
for 16.34 percent of the global total in 2019, placing it as the world’s
second-largest economy after the United States (Guo and Li, 2021).
China’s carbon emissions reached 9.429 billion tones in 2018,
accounting for 27.8% of the world’s total carbon emissions. China
faces dual challenges in emission reduction and environmental
protection as one of the world’s largest carbon emitters. At the 75th
session of the United Nations General Assembly, China proposed the
goals of “peaking carbon by 2030”and “carbon neutrality by 2060”. To a
certain extent, this calls for a comprehensive energy restructuring and
upgrading of China’s economic development model. As the main focus
of China’s coordinated regional development, urban agglomerations
play a crucial role in promoting economic growth, technological
innovation, and social development. BTH, the YRD, and the PRD
represent the highest level and direction of urban agglomeration
development in China and are the most mature and competitive
urban agglomerations, which are the core areas of China’s economic
growth. In 2019, the three major urban agglomerations accounted for
only 5.18% of the country’s land area. Still, they carried 24.29% of the
country’s population, contributed 44% of its GDP, and have become the
key driving force and leader of China’s economic development. In 2018,
their overall energy consumption accounted for 32.9% of the country’s
total energy consumption (Hu et al., 2022). In recent years, rapid
economic growth and accelerated industrialization and urbanization
have positively impacted the economic development of the three major
urban agglomerations. However, they are also facing some challenges.
These challenges include insufficient innovative capacity, low resource
utilization, high energy consumption, high polluting emissions,
greenhouse gas emissions, and unbalanced urban development
(Wang et al., 2020). While ensuring economic development, how to
realize the efficient use of resources and energy conservation and
emission reduction has become a hot topic in the current society.
To solve the above problems, accelerating the transition to green
development has an irresistible general trend. As a fusion point of
innovation drive and green development, green innovation has become
an effective means to break through resource and environmental
constraints and promote sustainable development (Peng et al.,
2021a). As the country’s focus on environmental issues increases. In
2015, the Fifth Plenary Session of the 18th Central Committee of the
Communist Party of China put forward for the first time the five
development concepts of “innovative, coordinated, green, open, and
shared.” The introduction of the “Integrated Reform Plan for
Promoting Ecological Progress” in the same year marked a solid
step towards green development in China. At the 19th CPC
National Congress, we further emphasized the establishment of a
sound green, low-carbon, and recycling economic development
system. The effectiveness of the implementation of these policies
needs to be further studied.

As a critical region for coordinated development, the three
major urban agglomerations need to implement policies better,
summarize experiences, and explore ways to enhance the GIE to
provide valuable expertise for subsequent reforms. Therefore, this

paper selects the green innovation input-output panel data of
40 cities in the three major urban agglomerations from 2010 to
2020 to be analyzed. The research questions focus on three aspects:
what is the current situation of green innovation in the three major
urban agglomerations? What factors influence GIE, and in what
direction and to what extent do these factors play a role? Based on
the above research, how can we provide suggestions for formulating
differentiated green innovation policies to improve GIE? To solve
these problems, this study examines the GIE of the three urban
agglomerations from both static and dynamic aspects by using the
super-efficiency SBM model and the ML index method. It explores
the role of the influencing factors on GIE by constructing the Tobit
model. This study aims to enrich the research results on green
innovation in urban agglomerations and provide a clearer picture of
the development level of GIE in cities. It analyses the current status
of policy implementation. It explores the direction and degree of
influence of each influencing factor to provide a reference basis for
the three major coastal urban agglomerations in China to formulate
more targeted strategies for improving GIE and to make efforts to
achieve the goal of sustainable development.

The research in this paper is as follows: Section 2 related
literature review. Section 3 research design, including theoretical
framework, formulation of research hypotheses, introduction of
research methodology, and selection of indicators and data
sources. Section 4 analyses the empirical results from both static
and dynamic aspects. Section 5 analyses the direction and degree of
influence of factors. Section 6 discusses the reasons for the results
and the comparative analysis with the results of related scholars.
Section 7 summarizes the conclusions of the paper and puts forward
relevant recommendations.

2 Literature review

Green innovation was first proposed by Fussler and James,
(1996) in 1996. It is defined as a new product and process that
brings value to social subjects while significantly reducing
environmental pollution. Zeng et al., (2021) pointed out that GIE
is stimulated by innovation inputs and outputs, which usually
determine the level of green innovation in a region and reflect
the capacity of green innovation. Therefore, constructing a scientific
and reasonable indicator system is crucial for measuring GIE (Lee
and Min, 2015). Existing research mainly selects human and capital
as innovation input indicators. For example, the number of R&D
personnel and internal expenditure on R&D funds are used as inputs
for green innovation. The number of patents, gross domestic
product, and revenue from new product sales indicate expected
output. Liu et al., (2020), Yan et al., (2021), and Zhang et al., (2022)
have chosen R&D personnel and internal expenditure of R&D funds
as input indicators to measure the efficiency value. Xu and Zhou,
(2021) evaluated the GIE of economic zones by considering inputs
from three perspectives: human, capital, and energy.

Green innovation plays an essential role in improving the
environment. Constructing a scientific evaluation index system is
only part of accurately measuring GIE. What method can accurately
measure the efficiency value? Once it becomes the focus of academic
research. By combing the literature, we found that the significant GIE
measurement methods are parameter-based stochastic frontier analysis
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and non-parameter-based data envelopment analysis (DEA). The DEA
model does not require prior assumptions about the production cost
function and can handle multiple inputs and outputs. It overcomes the
limitations of SFA and is widely used. For example, He et al., (2023)
used a three-stage DEA model to analyze the size of innovation
productivity in China’s high-tech industries during the 13th Five-
Year Plan period. However, the measurement of inefficiency in
traditional DEA models only includes all inputs (outputs) shrinking
(increasing) in equal proportions. The problem of variable slackness
and radiality is ignored, leading to inaccurate measurements. To
improve this problem, Tone, (2001) proposed a non-radial, non-
oriented SBM model based on relaxation variables. The SBM model
has been widely used in efficiency measurement in subsequent studies.
For example, Miao et al., (2021) and (Li et al., 2023) have used the SBM
method to measure the GIE of industrial firms in various provinces of
China. To solve the inability of SBM to distinguish decision units with
an efficiency value of 1, Tone, (2002) introduced the super-efficient
SBMmodel based on previous research. For example, Yang, (2023) used
the Super-SBM model to assess the energy efficiency of different
provinces in China. Liu et al., (2023) measured the carbon emission
efficiency in the YRD region using the Super-SBM model. In addition,
Cui and Wang, (2023) used the same method to measure the green
financial efficiency in China.

Research perspectives on green innovation have focused on the
provincial level, manufacturing companies, and the Yangtze River
Economic Belt. For example, Zhao et al., (2021) used the SBM
method to measure the GIE of different provinces in China while
introducing spatial econometric modeling into the convergence
analysis. The study results found that China’s GIE is improving year
by year, and regional differences are narrowing over time. Peng et al.,
(2021b) used the super-efficient SBM model and Malmquist index to
assess the GIE of small and medium-sized science and technology
enterprises in Hebei Province. It aimed to provide reference opinions
for enhancing enterprises’ eco-competitiveness and sustainable
development ability. Long et al., (2020) used the super-efficient SBM
model to measure the GIE of the Yangtze River Economic Belt. They
analyzed its influencing factors, clarified each factor’s direction and
degree of influence, and proposed relevant suggestions. It has a guiding
significance for the high-quality green development of cities in the
Yangtze River Economic Belt.

After fully understanding the current state of green innovation,
scholars realized the need to explore further the factors that
influence it. What is the direction and extent of each factor? So
that we canmake targeted recommendations for enhancing GIE. For
example, Wang et al., (2023) used the Tobit model to analyze the
impact of fiscal decentralization on regional green innovation. Zhao
et al., (2022) used the Tobit model to explore how five factors,
including green finance and the level of foreign capital utilization,
affect the GIE of three major regions in China. Zhou and Shao,
(2023) used the Tobit model to analyze the factors influencing GIE
in 30 provinces in China.

In summary, academics have researched the efficiency of urban
green innovation and achieved some results. However, the following
problems still need to be studied in depth. Firstly, fewer studies
incorporate capital stock into green innovation input indicators. In
selecting input indicators, most existing studies only consider
innovation input from the number of R&D personnel and internal
expenditure of R&D funds and neglect to pay attention to the indicators

of innovation stock. Secondly, most existing literature on GIE focuses
on static analyses, with fewer explorations of the dynamic evolutionary
characteristics between different points in time. Researchers have yet to
find a DEA model that considers undesired output, super-efficiency,
and dynamics simultaneously. Finally, the perspectives of existing
studies mainly focus on the provincial level, manufacturing
enterprises, the Yangtze River Economic Belt, etc., and few studies
focus on the urban agglomeration level, with insufficient exemplary and
instructive results at the meso-level.

The main contributions of this paper compared to previous studies
are at the following levels. Firstly, the level of indicator selection: capital
stock indicators are considered in innovation inputs, which makes up
for the shortcomings of existing research that ignores the sustainability
and inheritability characteristics of green innovation resources.
Secondly, the level of research methodology: not only considering
the unexpected outputs but also innovatively combining the
unexpected super-efficiency SBM model and the ML index model to
analyze the GIE of 40 cities in the three major urban agglomerations
statically and dynamically. Finally, the level of research perspective: our
study focuses on the three major urban agglomerations along the coast
of China. It refines the research unit to the 40 prefecture-level cities of
the three major urban agglomerations, with the expectation of
broadening the study’s perspective and offering a valuable
supplement to enrich existing theoretical research. The main
contributions of this paper are threefold: firstly, it theoretically
broadens the research perspective of GIE. Secondly, based on the
existing input indicators, we consider the capital stock indicators
and use dynamic and static methods to analyze the current situation
of green innovation comprehensively. At the same time, we explore the
multiple influencing factors of green innovation, which helps us to
deeply understand the effect of green innovation in the three major
urban agglomerations and the related influencing mechanisms. Finally,
the recommendations for different urban agglomerations can provide a
reference for other urban agglomerations or developing countries to
decide on green innovation in actual implementation.

3 Research design

3.1 Theoretical framework

Green innovation is a mutually reinforcing circular system (Peng
et al., 2021c) that integrates green development and innovation.
Promoting green growth involves reducing environmental damage
and resource consumption in the production process through
technological progress and other means. In turn, green development
demand prompts continuous science and technology innovation. The
theoretical framework of green innovation consists of two levels: the
background factor and the core level of green innovation. Underlying
factors include economic, technological, institutional, and natural
factors, which act synergistically to form the basis of green
innovation. Specifically, the natural factor provides vital natural
resources, the economic factor provides basic support for green
innovation, the technological factor provides innovative means for
green innovation, and the institutional factor provides policy
guidance for green innovation. Green innovation generates benefits
through technological innovation, including reduced resource use and
increased waste reuse, thereby reducing the consumption of natural
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factors. Green innovation not only promotes green economic growth
but also increases the competitiveness of green technologies. In
addition, green innovation can contribute to a high level of
institutional factors, thus helping firms to engage in innovative
activities. Ultimately, social development will be of higher quality
and optimized under the guidance of green innovation. The
framework diagram is shown in Figure 1.

3.2 Hypothesis

Drawing on previous studies, we selected eight indicators in four
dimensions: economic, technological, institutional, and natural
factors, and analyzed hypotheses about the direction of their
expected impact on green innovation.

3.2.1 Economic factors
3.2.1.1 Economic development level

Generally, people believe that as economic development
increases, it is more likely to attract funds to support local green
technological innovations and the activities of high-end innovative
talents, thus promoting the accumulation of green innovations
(Shengrong and Liangwen, 2019). According to the Kuznets
curve, as the standard of living rises, people’s concern for
environmental protection and sustainability increases (Dinda,
2004), thus changing their consumption habits. Usually,
improving living standards is accompanied by better education
and information access, which can increase the public’s
environmental awareness and thus promote green innovation. In
this paper, we select per capita GDP as an indicator for evaluating
the economic development of urban agglomerations. Based on this,
we propose the following research hypotheses.

H1. Economic development level positively contributes to GIE.

3.2.1.2 Industrial structure
Industrial structure refers to the proportion of primary,

secondary, and tertiary industries in the gross regional product.
An increase in the ratio of the tertiary industry and a decrease in
the proportion of the secondary sector will reduce the pressure of
energy consumption and environmental pollution while
improving the GIE (Cheng et al., 2019). This paper selects the
proportion of tertiary industry in GDP as an indicator for
evaluating industrial structure. Based on this, we propose the
following research hypotheses.

H2. Industrial structure positively contributes to GIE.

3.2.2 Technological factors
3.2.2.1 Urbanization level

The increase in urbanization level will promote the aggregation
of population and resources, thus forming a certain scale effect
(Clark, 2013). The advancement of urbanization makes more people
receive education, which is conducive to cultivating high-level
talents for the green innovation system (Fan et al., 2017). Some
scholars have also pointed out that urban agglomerations are
experiencing the rapid development stage of new urbanization,
which may positively or negatively impact green innovation (Ma
et al., 2022). In this paper, the urbanization rate is selected as an
indicator to evaluate the urbanization level. Based on this, we
propose the following two different research hypotheses.

H3a. Urbanization level positively contributes to the GIE.

H3b. Urbanization level negatively inhibits the GIE.

3.2.2.2 Foreign direct investment
“The Pollution Paradise Hypothesis” states that developed

countries tend to relocate high-energy-consuming and high-

FIGURE 1
Theoretical framework diagram for green innovation efficiency.
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polluting industries to developing countries, which may lead to
lower efficiency in green innovation in developing countries (Yue
et al., 2016). However, some scholars have pointed out that
introducing foreign capital has strengthened the competition
among enterprises, which helps enterprises carry out innovative
research and improve technological efficiency. In this paper, we
choose the share of real foreign investment in GDP to measure the
degree of openness of each city to the outside world. Based on this,
we propose the following two different research hypotheses.

H4a. Foreign direct investment positively contributes to GIE.

H4b. Foreign direct investment utilization negatively inhibits GIE.

3.2.3 Institutional factors
3.2.3.1 Science and technology level

Government spending on science and technology is critical in
supporting green innovation. While businesses are the main drivers
of green innovation, practice shows that governments can address
issues such as lack of funding for research and development and
pollution that the corporations cannot solve. In this paper, we select
each city’s science and technology expenditure to measure the
science and technology level. Based on this, we put forward the
following research hypotheses.

H5. Science and technology level positively contributes to the GIE.

3.2.3.2 Environmental regulation
Suitable environmental regulations can help enhance resource

use efficiency and encourage firms to innovate technologically
(Porter and van der Linde, 1995). However, research by Slater
and Angel, (2000) suggests that environmental regulations may
cause firms to face higher costs, which may inhibit the
development of green innovation. In this paper, we transform the
integrated solid waste utilization rate, the rate of non-hazardous
waste disposal, and the rate of centralized sewage treatment into a
composite indicator of environmental regulation by applying the
entropy power method. Based on this, we propose the following two
different research hypotheses.

H6a. Environmental regulation positively contributes to GIE.

H6b. Environmental regulation negatively inhibits the GIE.

3.2.4 Natural factors
3.2.4.1 SO2 emissions

SO2 is considered one of the significant sources of air pollution,
which causes acid rain, deteriorates air quality, and harms natural
ecosystems. This pollution adversely affects GIE. In this paper, we
select urban industrial SO2 emissions to measure the level of SO2

emissions in each city. Based on this, we propose the following
research hypotheses.

H7. SO2 emissions negatively inhibit GIE.

3.2.4.2 Vegetation cover
Areas with high vegetation cover usually have more ecosystem

services and pay more attention to ecological sustainability, which

indicates that the government and enterprises have more awareness
of green development and are conducive to promoting the GIE. In
this paper, we select the green coverage rate of urban built-up areas
to measure the vegetation coverage rate of each city. Based on this,
we put forward the following research hypotheses.

H8. Vegetation cover positively contributes to GIE.

3.3 Research methodology

3.3.1 The super-efficiency SBM model for
unexpected outputs

In the DEA model, the data envelope replaces the traditional
production function. Mathematical planning methods are used to
measure the relative productivity of decision-making units to
determine whether they are located on the “frontier” of the
production set. Unexpected super-efficiency SBM modeling
allows for effective decision-making unit comparisons and takes
into account the fact that cities generate unexpected outputs such as
“three wastes” during the innovation process. Making measurement
outcomes more closely aligned with the nature of green innovation.
However, Tone does not give a computational formula for the super-
efficient SBM model that includes unexpected outputs. So in this
paper, referring to the study of Xu et al., (2022), we construct the
super-efficient SBM model that includes unexpected outputs:

min ρ � 1 + 1
m∑m

i�1
s−i
xik

1 − 1
q1+q2 ∑q1

r�1
s+r
yrk

+∑q2
t�1

sb
−
t
btk

( ) (1)

It satisfies the following constraints:

∑n
j�1,j ≠ k

xijλj − s−i ≤xik

∑n
j�1,j ≠ k

yrjλj + s+r ≥yrk

∑n
j�1,j ≠ k

btjλj − sb
−
t ≤ btk

1 − 1
q1 + q2

∑q1

r�1
s+r
yrk

+∑q2

t�1
sb

−
t

btk
( )> 0

λ, s−, s+ ≥ 0

i � 1, 2/, m; r � 1, 2/, q; j � 1, 2,/, n j ≠ k( )

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(2)

where: ρ represents the efficiency value of green innovation, while
xik, yrk, and btk respectively represent inputs, expected outputs, and
unexpected outputs. s−i , s+r , and sb

−
t represent the slack variables of

inputs, expected outputs, and unexpected outputs. λ is the weight
vector of decision units, where m represents the number of input
indicators, and q1 and q2 respectively represent the number of
expected output indicators and unexpected output indicators.

3.3.2 Malmquist-Luenberger index
The theoretical basis of the ML index is the environmental

technical feasibility set and the directional distance function
(Chambers et al., 1996). Compared with the traditional
Malmquist index, the ML index can measure not only the
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expected output that is beneficial to socioeconomic development,
but also the unexpected output due to environmental pollution and
resource constraint (Wu and Dong, 2015). The basic idea of the ML
index calculation is as follows: firstly, the production frontier of the
model under environmental constraints is constructed by DEA
method. Secondly, the distance between each decision unit and
the production frontier surface is calculated by using the directional
distance function. Finally, based on the directional distance function
and the mixed directional distance function, the ML index is
calculated in two periods.

Assuming that the input-output of the k-th decision unit in
period t is (xkt, ykt, zkt;gkt), the linear programming equation
based on the ML index is:

Dt
�→

xkt, ykt, zkt, gkt( ) � max β (3)

s.t.∑K
k�1

atkx
t
kh ≤ 1 − β( )xt

kh, h � 1, 2/, H

∑K
k�1

atkx
t
km ≥ 1 + β( )yt

km, m � 1, 2,/,M

∑K
k�1

atkx
t
kn � 1 − β( )ztkn, n � 1, 2,/, N

atk ≥ 0, k � 1, 2,/, K

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩
(4)

In the equation: ak represents the production scale return,∑K
k�1

atk � 1 represents the variable returns to scale. Taking the ML

index of the k-th decision unit from period t to period t + 1 as an
example, the specific formula is as follows:
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√√⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣ ⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
� EC × TC

(5)

The range of values for the ML index is generally between 0 and
infinity. ML greater than 1 indicates an improvement in total factor
productivity; ML less than 1 indicates a decline in total factor
productivity; ML equals 1 indicates no change in total factor
productivity. EC refers to the comparison between the actual
input quantity in period t + 1 and the actual input quantity in
period t, which reflects the utilization of existing technology by the
decision unit. EC more significant than 1 indicates good utilization
of existing technology, while EC less than 1 indicates the need for
further development and utilization of existing technology. TC
represents the comparison of the distance function between
periods t + 1 and t under the condition of unchanged input
quantity, that is, using the index of technological change as an
intangible factor that has a significant impact on output besides
input factors, generally considered to be technological progress,
organizational innovation, policy guidance, and market
environment. TC greater than 1 indicates technological progress
in the production process.

3.3.3 Tobit model
TheTobitmodel was proposed by James, (1958) in 1958. It ismainly

used to solve statistical analysis problems in the presence of truncated
data. Since the efficiency values measured by the super-efficient SBM
model in this paper are limited to 0 to 2, they belong to the “restricted
dependent variable.” The regression results may have severe bias and
inconsistency if the OLS method is used. According to the related
knowledge, the Tobit model can fully consider the imperfection of the
truncated data and can well capture the real distributional characteristics
behind the data. Therefore, the Tobit model is widely used by scholars in
dealing with the regression problem of “restricted dependent variable”
(Guo et al., 2020). Thus, this paper constructs the Tobit model to
investigate the influencing factors of GIE. The model equations are as
follows: The model equations are as follows:

Yit � Yit
* � β0 +∑m

j�1
βjxjit + εit, Yit

* > 0

0, Yit
* ≤ 0

⎧⎪⎪⎨⎪⎪⎩ (6)

In the equation: Yit is the dependent variable, representing the
GIE value of city i in year t; xjit is the independent variable,
representing the j-th influencing factor of city i in year t; β0 is
the constant term; βj is the estimated coefficient vector; i �
1, 2,/, 40, represents the 40 cities in the three major urban
agglomerations studied in this article; j � 1, 2,/, m,m is the
number of independent variables; εit is the independent random
error disturbance term, and εit ~ (0, σ2).

3.4 Selection and description of indicators

3.4.1 Design of comprehensive efficiency
evaluation indicators

From an economic point of view, the essential elements of
certain production activities are labor and capital. Innovation
activity is a complex process with the participation of multiple
subjects and the interaction of various factors. Green innovation
should promote innovation output growth with economic benefits,
reduce pollution, and realize the unity of creation and green. Given
this, this paper’s indicators for measuring GIE include three main
categories: inputs, expected outputs, and unexpected outputs. The
selection of input indicators draws on a study by Liao and Li, (2022)
that included labor, capital, and energy: The number of R&D
personnel in industrial enterprises is chosen to characterize the
labor force. Industrial enterprises’ R&D internal expenditure and
fixed capital stock are used to indicate capital input. Drawing on
Chen et al., (2018), we use the perpetual inventory method to
account for the capital stock in each city of the three major
urban agglomerations while deflating R&D internal expenditures
to constant 2010 prices. Borrowing from Yang et al., (2022). We
chose the electricity consumption indicator to characterize the
energy input of the whole society. The expected output is
considered from 3 aspects: economic, technical, and
environmental. Referring to the studies of Yang et al., (2022) and
Zhang et al., (2021), the following indicators were selected:
Economic output is measured by the GDP of each city and
deflated by the GDP deflator using 2010 as the base period.
Technological output is measured by the number of patents
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granted. The green coverage of built-up areas in each city measured
environmental output. The unexpected outputs mainly examine the
negative environmental impact, measured by industrial wastewater
emissions, industrial SO2 emissions, and volume of industrial soot
(dust) emissions (Liu et al., 2021). The input-output indicator
system of GIE in the three major urban agglomerations and the
descriptive statistics of each indicator are shown in Table 1.

3.4.2 Tobit impact factor determination
Drawing on previous studies and considering data availability

and accuracy, we selected eight influencing factors, and the
hypotheses on the direction of the influence of each influencing
factor on the GIE have been made in the previous section. The
treatment of indicators is shown in Table 2.

3.5 Research area and data sources

3.5.1 Research area
In this paper, we selected the BTH, YRD, and PRD urban

agglomerations as the research subjects. Based on the scope of

the division of urban agglomerations by the State Council, in the
process of data collection, we found that some cities, such as
Wenzhou, Jinhua, Wuxi, Yancheng, Taizhou, Hengshui, Chizhou,
Zhoushan, etc., had excessive missing data on the R&D indicators of
industrial enterprises above the scale. Shenzhen showed abnormal
results in the calculation of efficiency values. To ensure the accuracy
of the research results, we decided to exclude these cities. For the
study, we selected forty representative cities in the three major urban
agglomerations. In response to environmental issues, the 12th and
13th Five-Year Plan have introduced a series of policy measures to
support green innovation and sustainable development. We need to
study the effects of the five development concepts of “innovation,
coordination, greenness, openness, and sharing,” which were first
proposed in 2015, both before and after the reform. Therefore, we
take 2015 as the center, go back 5 years, and extend back 5 years,
which is a long enough period of 11 years to capture the trends and
changes in GIE in the long term. In 2020, China proposes to achieve
carbon peaking by 2030 and carbon neutrality by 2060, goals that
make clear China’s commitment to climate change and sustainable
development. Studying the data from 2010 to 2020 can help provide
some input for realizing this commitment. Therefore, this paper

TABLE 1 GIE evaluation index system.

Indicator type Composition of indicators Variable selection Unit

Input R&D investment Number of personnel engaged in R&D activities in industrial enterprises People

Capital investment Expenditure on R&D in industrial enterprises Hundred million yuan

Fixed capital stock of industrial enterprises Hundred million yuan

Energy input Total electricity consumption of the whole society Hundred million Kw·h

Output Expected output Number of patent applications authorized piece

City GDP Hundred million yuan

Green coverage rate of built-up areas %

Unexpected output Discharge of industrial wastewater Ten thousand tons

Industrial SO2 emissions Ten thousand tons

Emissions of industrial smoke (particulate matter) dust Ten thousand tons

TABLE 2 Selection and treatment of explanatory variables for Tobit models.

Impact level Explanatory variable Variable selection and processing

Economic factors Economic development level
(Lnpgdp)

Logarized per capita GDP

Industrial structure (Is) The proportion of the tertiary industry’s total output value to GDP

Technological
factors

Urbanization level (Urb) Urbanization rate (ratio of resident urban population to total population)

Foreign direct investment (Fdi) Actual utilization of foreign investment as a share of GDP

Institutional factors Science and technology level (Lntec) Logarized science and technology expenditures by city

Environmental regulations (Er) The comprehensive utilization rate of solid waste, harmless waste treatment rate, and centralized sewage
treatment rate transformed into a total indicator of environmental regulation using the entropy approach

Natural factors Sulfur dioxide emissions (SO2) SO2 emissions from urban industry

Vegetation cover (Vc) Greening rate of urban built-up areas
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takes 2010 as the study’s starting point, and the period is 2010–2020.
Table 3 shows the scope of the studied cities.

3.5.2 Data sources
Considering the data’s availability and accuracy, the data for

various input-output indicators of the super-efficiency SBM model
are sourced from the “China City Statistical Yearbook,” “China
Statistical Yearbook,” provincial statistical yearbooks, and report on
China’s national economic and social development. As for the
variables in the Tobit regression model, the GIE is calculated in
this study. The per capita GDP, the proportion of the tertiary
industry, foreign direct investment, GDP, scientific and
technological expenditure, the total utilization rate of solid waste,
the harmless treatment rate of garbage, and the centralized
treatment rate of wastewater are obtained from the “China City
Statistical Yearbook.” For data not disclosed in the city statistical
yearbooks, information is gathered from provincial statistical
yearbooks and statistical bulletins. The urbanization rate
indicators for each city are obtained from the Wind database and
statistical bulletins. In the case of missing data, interpolation
methods and mean imputation are applied based on the actual
circumstances to calculate the missing values.

4 Analysis of empirical results

4.1 Static analysis of GIE in the three major
coastal urban agglomerations

According to the unexpected super-efficiency SBM model and
GIE evaluation index system, we use Matlab software to measure the
GIE of sample cities from 2010 to 2020, and the results are shown in
Table 4.

To facilitate a comparison of the trends of GIE in the three major
urban agglomerations and the differences between regions. In this
paper, the trend graphs are presented according to four sections,
namely, the three major urban agglomerations as a whole, the BTH
urban agglomeration, the YRD urban agglomeration, and the PRD
urban agglomeration, respectively, as shown in Figure 2. Except for
2020, which is affected by the epidemic, the overall GIE rose from
0.84 in 2010 to 0.91 in 2019, an improvement of 7%. It shows a stable
growth trend, a positive environment for green innovation, and
steady progress in green innovation capacity. Due to variations in
economic and technological levels among different cities, there are
evident inter-cluster and intra-cluster differences in GIE within each

urban cluster. Based on the trend, we can divide it into two phases. In
2010–2015, the PRD urban agglomeration had the highest level of
GIE, followed by the YRD and BTH. In 2015–2020, the PRD urban
agglomeration remained in the lead, followed by the BTH and YRD.
The efficiency value of the PRD urban agglomeration has been at a
high level, ranging from 0.99 to 1.09, with an average growth rate of
1%. The growth has been relatively slow, and the changes in the GIE
of the cities in the cluster have also been relatively small. Generally,
the PRD region is driven by policies such as the “12th Five-Year Plan
for Green Manufacturing Technology Development” and green
finance from 2010 to 2020. The PRD region has actively
promoted the innovation development strategy and stepped up
green innovation. They formed a new industrial development
model with green innovation as the main driving force. The GIE
of the BTH urban agglomeration was 0.74 in 2010 and reached
0.91 in 2020, with an average growth rate of 1.7%. The most
significant growth rate compared to other urban agglomerations.
This indicates that green innovation resources in the BTH urban
agglomeration were appropriately allocated and utilized during the
study period. The GIE of the YRD urban agglomeration fluctuates
between 0.72 and 0.89, which is at a low level. The GIE values for
2011–2014 show an increasing trend compared to 2010. The YRD
region promoted rationalization of industrial structure in 2015–2016,
possibly due to the impact of supply-side structural reforms, and the
region is in an experimental stage, leading to a slight decline in GIE.
The effect of the reforms was evident by 2017, with the GIE in the
YRD region improving. Each city increased development efforts in
2017–2019 to steadily grow GIE. In 2020, the GIE of the YRD urban
agglomeration was significantly reduced compared to the BTH and
PRD urban agglomerations due to the epidemic’s impact. The
possible reason is that the YRD urban agglomeration is relatively
backward in industry. Its green innovation level is more vulnerable to
the effects of the external environment.

4.2 Dynamic analysis of GIE in the three
major coastal urban agglomerations

To further analyze the dynamic evolution of GIE over time in the
three major urban agglomerations. ML index and its decomposition
of technical efficiency change index (EC) and technology progress
index (TC) were measured, and the intrinsic relationship between
them is ML = EC* TC. Tables 5, 6 show the ML index of GIE and its
decomposition for 40 cities in the three major urban agglomerations
and each urban agglomeration from 2010 to 2020, respectively.

TABLE 3 Selection of cities and basis for selection.

Urban
agglomeration

Urban agglomeration that includes city names Selection criteria

BTH Beijing, Tianjin, Shijiazhuang, Tangshan, Qinhuangdao, Handan, Xingtai, Baoding,
Zhangjiakou, Chengde, Cangzhou, Langfang

Outline of the Plan for Coordinated Development
of the BTH Region

YRD Shanghai, Hefei, Wuhu, Ma’anshan, Tongling, Anqing, Chuzhou, Xuancheng, Hangzhou,
Ningbo, Jiaxing, Huzhou, Shaoxing, Taizhou, Nanjing, Changzhou, Suzhou, Zhenjiang,

Nantong, Yangzhou

Outline of the Plan for Integrated Development of
the YRD Region

PRD Guangzhou, Zhuhai, Foshan, Huizhou, Dongguan, Zhongshan, Jiangmen, Zhaoqing Outline of the Plan for Reform and Development
of the PRD Region
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TABLE 4 The results of GIE measurement for various cities from 2010 to 2020.

City/Region 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 Mean value

Beijing 1.44 1.38 1.42 1.37 1.37 1.39 1.31 1.56 1.61 1.73 1.34 1.45

Tianjin 0.49 0.45 0.43 0.46 0.40 0.54 0.46 0.42 0.47 0.53 0.47 0.46

Shijiazhuang 0.41 0.46 0.40 0.45 0.40 0.41 0.45 0.49 0.59 0.73 1.03 0.53

Tangshan 0.33 0.39 0.34 0.36 0.30 0.31 0.30 0.31 0.38 0.34 0.39 0.34

Qinhuangdao 1.01 0.69 1.04 1.03 0.54 1.10 1.09 1.12 1.10 1.09 1.08 0.99

Handan 0.42 0.58 1.04 0.46 0.63 0.58 0.48 1.07 1.02 0.48 0.52 0.66

Xingtai 0.42 0.43 0.52 0.61 0.61 0.61 0.49 0.53 0.60 0.59 1.02 0.58

Baoding 0.40 0.37 0.41 0.41 0.40 0.39 0.41 0.45 0.51 0.49 0.44 0.43

Zhangjiakou 0.57 0.46 1.05 1.07 1.05 1.04 1.06 1.12 1.13 1.15 1.24 1.00

Chengde 1.02 1.24 1.25 1.22 1.23 1.23 1.23 1.02 1.10 1.06 1.12 1.16

Cangzhou 1.13 1.05 1.05 1.06 1.12 1.08 1.09 1.08 1.07 1.04 1.06 1.08

Langfang 1.20 1.09 1.24 1.28 1.14 1.11 1.11 1.17 1.36 1.37 1.20 1.21

Shanghai 1.04 1.14 1.15 1.03 1.03 1.01 1.02 1.22 1.06 1.06 1.04 1.07

Hefei 1.03 1.09 0.63 1.08 1.07 1.06 1.06 0.59 1.04 1.07 1.05 0.98

Wuhu 1.03 0.76 1.11 1.04 1.08 0.69 0.57 0.76 0.72 1.08 1.04 0.90

Ma’anshan 0.57 0.52 0.54 0.69 0.52 0.52 0.48 0.61 0.57 0.54 0.53 0.55

Tongling 1.08 1.05 1.03 1.06 1.06 1.05 1.04 1.08 1.06 1.05 1.05 1.06

Anqing 1.13 1.16 1.20 1.20 1.22 1.26 1.27 1.21 1.22 1.20 1.20 1.21

Chuzhou 1.08 1.11 1.13 1.09 1.02 1.01 1.01 1.03 1.06 1.07 1.03 1.06

Xuancheng 1.09 1.06 1.03 0.58 1.03 1.02 1.09 1.06 1.04 1.02 0.62 0.97

Hangzhou 1.10 0.76 0.93 0.85 0.57 0.56 0.53 0.55 0.70 0.92 1.06 0.77

Ningbo 0.69 1.06 1.12 1.09 1.09 0.63 0.53 1.08 0.71 1.02 0.53 0.87

Jiaxing 0.49 0.49 0.50 0.57 0.59 0.45 0.46 0.48 0.53 0.48 0.45 0.50

Huzhou 1.05 0.90 1.05 1.01 1.06 1.02 0.70 1.02 0.67 1.04 0.79 0.94

Shaoxing 0.78 0.58 0.66 0.65 0.64 1.09 0.69 0.59 1.01 0.53 0.56 0.71

Taizhou 1.16 1.04 1.04 1.03 1.06 0.87 1.02 0.75 1.02 0.78 0.75 0.96

Nanjing 0.42 0.53 0.52 0.50 0.50 0.52 0.48 0.50 0.64 1.04 0.72 0.58

Changzhou 0.42 0.49 0.53 0.53 0.44 0.41 0.37 0.36 0.36 0.53 0.43 0.44

Suzhou 0.67 1.22 1.11 1.15 1.14 0.52 0.54 0.56 0.75 0.87 0.56 0.83

Zhenjiang 0.60 0.56 0.64 0.60 0.68 0.54 0.51 0.66 0.69 1.03 0.55 0.64

Nantong 1.01 1.06 1.14 0.66 0.42 0.50 0.46 0.47 1.14 0.43 0.39 0.70

Yangzhou 0.54 1.01 0.69 0.75 1.04 1.00 0.64 0.57 0.59 0.53 0.58 0.72

Guangzhou 1.07 1.13 1.18 1.18 1.23 1.13 1.08 1.08 1.09 1.05 1.12 1.12

Zhuhai 1.02 1.02 1.02 0.92 1.03 1.02 1.14 1.11 1.03 1.08 1.10 1.04

Foshan 0.61 0.75 0.79 1.10 1.10 0.78 1.05 1.10 1.09 1.10 0.89 0.94

Huizhou 1.01 1.06 0.78 0.82 1.04 0.83 0.60 0.57 0.55 0.82 0.53 0.78

Dongguan 1.01 1.13 1.16 1.17 1.06 1.04 1.06 1.09 1.15 1.17 1.15 1.11

Zhongshan 1.07 1.05 1.21 1.23 1.15 1.21 1.17 1.13 1.17 1.12 1.14 1.15

(Continued on following page)
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As seen from Table 6, the GIE of the three major urban
agglomerations in 2010–2020 is greater than 1 in the ML index
in all years except for 2010–2011 and 2013–2014, and the average
value is 1.08. Indicates that the overall GIE of the three major urban
agglomerations is developing well, with an average annual growth
rate of 8 percent. The further decomposition of the ML index yields
an average growth rate of 7% for the TC index and 3% for the EC
index. Technological progress and technical efficiency together lead
to an increase in GIE, and technological progress has a greater
impact than technical efficiency. Its convergence with the movement
of the ML index is also higher, as shown in Figure 3.

In terms of urban agglomerations, the ML indexes of GIE in the
BTH, YRD, and PRD regions are 1.11, 1.08, and 1.04, respectively,
for 2010–2020. They are showing a pattern of BTH being larger than
the YRD and the YRD being more extensive than the PRD. Indicates
that BTH has the fastest growth rate in GIE, followed by the YRD
and the PRD. As shown by the EC and TC indices of each urban
agglomeration, technological progress contributes the most to
improving GIE in urban agglomerations, and the contribution of
technical efficiency is relatively small. After 2014–2015, the ML and
TC indices are greater than 1 for all urban agglomerations, but there
are cases where the EC index is less than 1, indicating a regression in
technical efficiency. There is no effective balance between resource
endowment and utilization of technological research and
development in each urban agglomeration (Li et al., 2016), and
there is a situation in which technical efficiency lags behind
technological progress. For example, the YRD and PRD in
2014–2015 and 2019–2020, and BTH in 2015–2016 and

2018–2019. The changes in the EC and TC indices for urban
agglomerations in these years differ by more than 10%. Suppose
urban agglomerations do not consider technical efficiency and
enhance the GIE purely through technological progress. In that
case, it will be more costly, and the effect will be short-lived. The ML

TABLE 4 (Continued) The results of GIE measurement for various cities from 2010 to 2020.

City/Region 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 Mean value

Jiangmen 1.07 1.06 1.05 1.06 1.05 1.07 1.05 1.05 1.03 1.05 1.04 1.05

Zhaoqing 1.08 1.10 1.11 1.11 1.10 1.10 1.12 1.08 1.07 1.03 1.07 1.09

BTH mean value 0.74 0.72 0.85 0.82 0.77 0.82 0.79 0.86 0.91 0.88 0.91 0.82

YRD mean value 0.85 0.88 0.89 0.86 0.86 0.79 0.72 0.76 0.83 0.86 0.75 0.82

PRD mean value 0.99 1.04 1.04 1.07 1.09 1.02 1.03 1.03 1.02 1.05 1.00 1.04

Mean value 0.84 0.86 0.91 0.89 0.88 0.84 0.81 0.84 0.89 0.91 0.85 0.86

FIGURE 2
Trend chart of GIE for three major urban agglomerations from
2010 to 2020.

TABLE 5 ML index and its decomposition of annual average GIE for 40 cities in
the three major urban agglomerations from 2010 to 2020.

City/
Region

ML EC TC City/
Region

ML EC TC

Beijing 1.14 1.00 1.14 Ningbo 1.15 1.07 1.14

Tianjin 1.02 1.01 1.02 Jiaxing 1.05 1.00 1.06

Shijiazhuang 1.17 1.11 1.06 Huzhou 1.07 1.01 1.08

Tangshan 1.08 1.03 1.05 Shaoxing 1.12 1.03 1.09

Qinhuangdao 1.03 1.07 0.96 Taizhou 1.03 0.97 1.07

Handan 1.37 1.15 1.32 Nanjing 1.13 1.08 1.06

Xingtai 1.13 1.11 1.01 Changzhou 1.06 1.01 1.05

Baoding 1.27 1.01 1.24 Suzhou 1.07 1.03 1.10

Zhangjiakou 1.04 1.13 0.96 Zhenjiang 1.20 1.02 1.22

Chengde 1.03 1.01 1.02 Nantong 1.17 1.01 1.21

Cangzhou 1.01 1.00 1.01 Yangzhou 1.18 1.06 1.22

Langfang 1.02 1.00 1.02 YRD mean
value

1.08 1.02 1.08

BTH mean
value

1.11 1.05 1.07 Guangzhou 1.07 1.01 1.07

Shanghai 1.11 0.98 1.13 Zhuhai 1.03 1.01 1.02

Hefei 1.16 1.06 1.11 Foshan 1.19 1.03 1.19

Wuhu 1.11 1.04 1.10 Huizhou 0.96 0.94 1.05

Ma’anshan 0.93 1.00 0.92 Dongguan 1.01 1.00 1.01

Tongling 0.96 1.00 0.96 Zhongshan 1.05 1.01 1.04

Anqing 1.03 1.01 1.02 Jiangmen 1.02 1.00 1.02

Chuzhou 1.02 1.00 1.03 Zhaoqing 0.98 1.00 0.98

Xuancheng 0.98 0.99 1.00 PRD mean
value

1.04 1.00 1.05

Hangzhou 1.09 1.02 1.07 Mean value 1.08 1.03 1.07
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index and its decomposed EC and TC indices are shown in Figures
4–6 for a more precise depiction of the dynamic efficiency trends.
Figure 4 shows that the EC index of the BTH urban agglomeration
shows a stable and fluctuating trend, and the TC index andML index
show a fluctuating and increasing movement. From Figures 5, 6, it
can be seen that the convergence of TC and ML indices is higher in
the YRD and PRD urban agglomerations.

As shown in Table 5, 35 of the 40 cities have an annual average
ML index greater than 1, indicating that most cities have made
different progress in GIE. Figure 7 shows that the greater progress is
mainly located in the BTH region, and the efficiency values of the
cities in the PRD region have not risen much. While Qinhuangdao,
Zhangjiakou, Shanghai, and TaizhouML indexes are all greater than
1, GIE is increasing. However, the TC indexes of Qinhuangdao and
Zhangjiakou are less than one, and the EC indexes of Shanghai and
Taizhou are less than one. During the study period, the ML indexes
of Maanshan, Tongling, Xuancheng, Huizhou, and Zhaoqing were
all less than 1, and the dynamic GIE showed a decreasing trend. To
investigate the reasons for this, we find that the EC index of
Maanshan is one, and the TC index is 0.92. The decline in the
dynamic GIE is mainly affected by technological progress. The EC
indexes of Xuancheng and Huizhou are 0.99 and 0.94, respectively,
and the TC indexes are 1 and 1.05, respectively. The decline in the
dynamic of GIE is mainly affected by technical efficiency. The EC
index of Tongling and Zhaoqing are both 0.99, and the TC index is
0.96 and 0.98, respectively. The decline in the dynamic of GIE is
affected by both technical efficiency and technology progress. Based
on the above analysis, we believe that Qinhuangdao, Zhangjiakou,
andMaanshan regions suffer from insufficient learning of new green
innovation technologies and losing innovative talents. Shanghai,
Taizhou, Xuancheng, and Huizhou have problems with irrational
resource allocation and weak technological innovation. Tongling
and Zhaoqing have technical efficiency and technology progress
problems, and the issues of technology progress are more
prominent. As a result, the region has a downward trend in GIE.
The existence of diminishing marginal efficiency in certain cities in
the YRD and PRD is further demonstrated by the ML index.

5 Analysis of factors influencing GIE

In the above section, we have analyzed the current situation of
green innovation in the three major urban agglomerations and
found regional variability in the GIE of the urban
agglomerations. And what the reasons leading to the differences
are, which is worthy of our in-depth study. We have already
understood the trend of GIE at the micro level. This section will
explore the influencing factors of GIE at the macro level. Based on
the panel data of 40 cities from 2010 to 2020, the Tobit regression
model was calculated using Stata17.0 software. The results are
shown in Table 7.

According to the results of the Tobit regression, there is apparent
spatial variability among different urban agglomerations, which is
analyzed as follows.

The regression result of economic development level is different
from hypothesis H1. It is negatively correlated with GIE, with a
regression coefficient of −0.2198, and passed the 1% significance test.
It shows that the economic development level inhibits the

improvement of GIE. The regression coefficient is significantly
positive in BTH, negative in the YRD, and negative but
insignificant in the PRD. This is because rent-seeking behavior is
likely to occur when the regional economic development level is
high, diverting funds that should be used for scientific and
technological research and development to other areas (Baumol,
1996). Moreover, the economic development model of the YRD is
dominated by heavy industrial manufacturing, which generates a
large amount of pollutants in the production process, and there is a
contradiction between economic development and the
environment. The regression results of industrial structure
verified the hypothesis of H2. It is positively correlated with GIE,
with a regression coefficient of 0.0071, and passed the 1%
significance test. It shows that industrial structure promotes GIE.
The regression coefficient is negative but insignificant in the YRD,
while it is significantly positive in the BTH and PRD. The reason for
this is that although the BTH region has a concentration of
industrialization, it also shows the relatively more developed
characteristics of high-tech industries, and this diversity of
industrial structure encourages the development of regional
industrial production in a greener direction. The PRD urban
agglomeration is dominated by labor-intensive industries, with a
high proportion of tertiary industries, which are low-pollution and
high-efficiency, helping to promote green innovation. The YRD, on
the other hand, focuses more on traditional manufacturing
industries, with high resource consumption, high emissions, and
low efficiency, which is not conducive to promoting green
innovation.

The regression result of the urbanization level verifies the
hypothesis of H3a. It positively correlates with GIE, with a
regression coefficient of 0.0078 and passing the 1% significance
test. It shows that the urbanization level promotes the
improvement of GIE. The regression coefficient is significantly
positive in the PRD but not in the BTH and YRD. The reason is
that the PRD urban agglomerations are geographically close and
belong to the same provincial administrative region, which is
conducive to coordination and management and promotes
improving urbanization quality to a certain extent. On the other
hand, the BTH and YRD urban agglomerations have a wide radius,
which makes the urbanization process more complicated and the rate
of urbanization challenging to control, which is not conducive to the
formation of high-quality urbanization. The regression result of the
level of foreign investment verifies the hypothesis of H4b, which is
significantly negatively correlated with GIE, with a regression
coefficient of −0.1163 and passing the 1% significance test. It
shows that the level of foreign investment inhibits the
improvement of GIE. The BTH and YRD urban agglomerations
have a higher intensity of foreign investment. Still, due to the
shorter time of opening up to the outside world and the lack of
relevant experience, there exists a tendency to focus on the
introduction of foreign investment without considering the quality,
which may lead to the fact that they become a “pollution refuge” for
foreign enterprises. On the other hand, the PRD urban agglomeration
has accumulated experience in opening up to the outside world earlier
due to its favorable geographical location, and the negative impact of
foreign investment on the region is therefore not significant.

The regression results of the science and technology level
verified the hypothesis of H5. It has a significant positive
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correlation with GIE, with a regression coefficient of 0.0616, and
passed the 1% significance test. It shows that the science and
technology level promote improving GIE. The regression
coefficient is significantly positive in the YRD but insignificant in
the BTH and PRD. The reason is that the YRD joins the three major
urban agglomerations, and this change of role stimulates the vitality
of R&D personnel, the government helps enterprises overcome the
problem of insufficient R&D funds, and the synergy of human and
material resources accelerates the transformation of scientific
research results (Liu et al., 2021). BTH is relatively weak in
economic strength among the three major urban agglomerations,
and funds for science and technology research and development are
mainly concentrated in Beijing, with insufficient investment in
science and technology in other cities. The PRD urban
agglomeration has a high degree of openness to the outside
world and fierce competition among enterprises, which may be
more concerned about short-term economic benefits, and S&T
expenditures are used to research and develop other technologies
with high rates of return, rather than investing in long-term green
innovation projects. The regression result of environmental
regulation verifies the hypothesis of H6b. It has a significant
negative correlation with GIE, with a regression coefficient
of −0.005 and passing the 1% significance test. It indicates that
environmental regulation inhibits the improvement of GIE. The
regression coefficient is significantly negative in the BTH and PRD
and positive in the YRD. Since the YRD joined the three major urban
agglomerations, the environmental management policy framework
is still imperfect, and there is room for improving the marginal
benefits of ecological improvement (Lu et al., 2022). The overly strict
environmental regulation in the BTH and PRD urban
agglomerations brings additional pollution management costs to
enterprises. It takes up their R&D funds for energy-saving
technologies, adversely affecting GIE.

The regression results of SO2 emissions verified the hypothesis
of H7. It has a significant negative correlation with GIE, with a

regression coefficient of −0.011, and passed the 1% significance test.
It shows that SO2 emissions inhibit the improvement of GIE. The
regression coefficient is significantly negative in the BTH and PRD
and positive in the YRD. The BTH region is typically dominated by
heavy industry and manufacturing, leading to higher SO2 emissions.
In contrast, the YRD region may have implemented more
appropriate environmental regulations and control measures to
control the emission of pollutants. The regression results for
vegetation cover are different from hypothesis H8. The regression
results show that the effect of vegetation cover on green innovation
is insignificant. Race something to its source is because vegetation
cover’s positive impact on green innovation in the BTH and YRD
urban agglomerations may take longer to emerge, and regression
analyses usually only capture short-term associations. The
vegetation cover in the PRD urban agglomeration may have
already interacted with other factors and contributed to the GIE.

6 Discussions

The results of this paper show that there is apparent spatial
variability in GIE among the urban agglomerations of BTH, YRD,
and PRD. The GIE changes from the development pattern of
“PRD > YRD > BTH” to the development pattern of “PRD >
BTH > YRD.” The result is similar to the findings of Li and Liu,
(2019). By tracing the development history of the urban
agglomerations, we find some possible explanations. The PRD
urban agglomeration is dominated by light industry, and
Guangdong Province, as a pioneer of China’s reform and
opening up, has a long history of international exchange and
cooperation and has accumulated rich experience in opening up
to the outside world. The region has a relatively well-developed
regulatory policy system for foreign investment, effectively
preventing the problem of “pollution shelters” that may arise
after introducing foreign investment. By 2020, the green coverage

TABLE 6 ML index and its decomposition of GIE for various urban agglomerations from 2010 to 2020.

Year Three major urban
agglomerations

BTH YRD PRD

ML EC TC ML EC TC ML EC TC ML EC TC

2010–2011 0.95 1.04 0.93 0.87 1.01 0.88 0.99 1.07 0.95 0.97 1.01 0.97

2011–2012 1.05 1.08 1.00 1.14 1.23 0.98 1.02 1.02 1.00 1.01 0.98 1.03

2012–2013 1.02 1.00 1.02 1.02 0.99 1.05 1.02 1.00 1.02 1.02 1.05 0.97

2013–2014 0.99 1.00 1.00 0.99 0.95 1.03 0.99 1.01 0.98 1.00 1.03 0.97

2014–2015 1.17 0.99 1.21 1.21 1.11 1.11 1.15 0.94 1.26 1.12 0.93 1.22

2015–2016 1.07 0.96 1.13 1.15 0.96 1.19 1.01 0.93 1.10 1.13 1.02 1.12

2016–2017 1.14 1.08 1.06 1.20 1.13 1.06 1.17 1.09 1.08 1.00 0.99 1.01

2017–2018 1.20 1.10 1.10 1.21 1.09 1.12 1.26 1.16 1.11 1.05 1.00 1.05

2018–2019 1.09 1.02 1.10 1.14 0.98 1.21 1.09 1.05 1.08 1.03 1.01 1.02

2019–2020 1.14 0.99 1.17 1.16 1.08 1.08 1.14 0.94 1.25 1.08 0.97 1.12

Mean value 1.08 1.03 1.07 1.11 1.05 1.07 1.08 1.02 1.08 1.04 1.00 1.05
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rate of the built-up areas in the PRD Region will reach 45.95%, with
high urbanization quality. The PRD urban agglomeration is known
for its abundant dynamism and broad openness and is a leader in
energy use and green technologies. As a result, the region’s green
innovation level is relatively high. The YRD urban agglomeration is
dominated by secondary industries, with the development of
strategic emerging and modern service industries lagging. The

YRD is an early city circle in China; its GDP is much higher
than that of the PRD and BTH. However, its per capita GDP is
lower than that of the PRD, which may, to a certain extent, make
people focus more on improving the quality of life rather than
considering the green development of the environment. At the same
time, there is an imbalance in the development of the YRD. Under
the role of administrative barriers in the region, it is difficult to avoid
the problems of competition for resources, projects, funds, and so
on, which will affect the improvement of the overall level of green
innovation in the region. However, during the 13th Five-Year Plan
period, BTH has achieved remarkable results in the implementation
of the five development concepts and has made significant progress
in coordinated development, transport integration, ecological,
environmental protection, and industrial upgrading, which
creates opportunities and impetus for a sustainable, green and
high-end product of the BTH region, Thus a shift occurs where
the GIE of the BTH urban agglomeration is higher than that of the
YRD urban agglomeration.

According to the regression results, we find that industrial
structure, urbanization level, and science and technology level
facilitate the overall GIE of the three major urban
agglomerations. This indicates that the policies implemented in
China regarding industrial structure transformation, high-quality
urbanization development, and increasing scientific and
technological investment in R&D institutions play an important
facilitating role in promoting the development of green innovation.
The higher the share of the tertiary industry in the economy, the
more it contributes to achieving sustainable economic growth. Fan
et al., (2021) also confirmed this view in their study. However, in his
research, Feng and Wang, (2019) pointed out that neglecting
heterogeneous industrial restructuring would harm green
innovation. The transformation stage of the industrial structure
will inevitably encounter problems and challenges, but in the long
run, it will promote green development. In addition, increased levels
of urbanization can introduce factors that are powerful for
technological development through agglomeration effects, similar
to the study by Carlino et al., (2007). However, Dong et al., (2022)
pointed out in their research that urbanization is a double-edged
sword, and rapid population growth may lead to various urban
problems, such as traffic congestion. Therefore, the urbanization
process requires the government to actively mobilize members of

FIGURE 3
Decomposition of the ML index of overall GIE of the three major
urban agglomerations from 2010 to 2020.

FIGURE 4
Decomposition of ML index of GIE in BTH urban agglomeration
from 2010 to 2020.

FIGURE 5
Decomposition of ML index of GIE in YRD urban agglomeration
from 2010 to 2020.

FIGURE 6
Decomposition of ML index of GIE in PRD urban agglomeration
from 2010 to 2020.
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FIGURE 7
ML index for cities in the three major urban agglomerations from 2010 to 2020.

TABLE 7 Regression results of the Tobit model.

Explanatory variable Three major urban agglomerations BTH YRD PRD

Lnpgdp −0.2198*** (−5.20) 0.258*** (3.85) −0.2969*** (−4.38) −0.0762 (−0.86)

Is 0.0071*** (4.46) 0.0143*** (3.55) −0.0009 (−0.34) 0.0112*** (4.79)

Urb 0.0078*** (5.50) 0.0087 (1.41) 0.0039 (1.30) 0.0058*** (3.06)

Fdi −0.1163*** (−6.24) −0.14*** (−3.78) −0.1104*** (−4.43) −0.0461 (−1.09)

Lntec 0.0616*** (3.30) −0.0448 (−0.99) 0.1202*** (4.07) −0.0575 (−1.45)

Er −0.005*** (−4.16) −0.0099*** (−5.00) 0.0031* (1.77) −0.0044** (−2.52)

SO2 −0.011*** (−4.83) −0.0144*** (−3.30) 0.0075** (2.17) −0.0147** (−2.17)

Vc 0.0228 (0.43) −.1146 (−1.36) 0.1156 (1.22) 0.0953* (1.83)

_cons 3.7877*** (9.46) 0.367 (0.53) 3.4729*** (5.59) 2.476*** (2.95)

Note: Numbers in parentheses are t-statistics, ***, **, and * are significant at the 1%, 5%, and 10% levels, respectively.
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society to participate in and strengthen urban management and
make full use of the opportunity urbanization brings. Increased
government spending on science and technology can boost the R&D
incentives of enterprises, universities, and research institutes. It eases
the shortage of funds for R&D subjects in the R&D process, reduces
the innovation risk of enterprises, and improves the efficiency of
science and technology innovation. This fact was also verified in the
study of Zeng et al., (2021). Organizations can invest S&T
expenditures in constructing research laboratories, technology
incubators, and other infrastructures to provide venues and
resources for S&T innovation and support the promotion of
green innovation.

The economic development level, foreign direct investment,
environmental regulations, and SO2 emissions have an inhibitory
effect on improving the overall GIE of the three urban
agglomerations. To a certain extent, this suggests that the
existing economic development model, foreign investment
management tools, and environmental regulatory policies have
some irrationality, thus hindering the development of green
innovation. Deng et al., (2022) pointed out that economic
development is the basis for promoting green development. The
international community widely recognizes the development of a
green and low-carbon economy as an effective way to address global
climate change (Wu et al., 2023). However, some fast-growing
economies may be overly dependent on traditional energy
sources and industries, and these conventional industries may
inhibit the development of green innovation to a certain extent.
Hence, the combination of high-tech and traditional industries is
critical. Some studies have pointed out that higher economic growth
will increase public concern for the environment, and the increase in
general care for the environment will help encourage more people to
participate in environmental governance, which is conducive to
achieving the goal of sustainable development (Ma, 2023). Our study
confirms the existence of the “pollution refuge” hypothesis in the
three major urban agglomerations. The introduction of foreign
capital brings advanced technology to China but also occupies
the innovation resources of enterprises. Domestic firms will form
a certain degree of technological dependence on foreign firms,
inhibiting their innovation ability, which is less conducive to the
development of green innovation in China. This view is supported
by the findings of Fan et al., (2021). However, Lu et al., (2022) and
Liu et al., (2021) point out that opening up to the outside world is
conducive to promoting technological exchange and cooperation
among enterprises, enhancing their independent innovation ability,
and thus facilitating the improvement of GIE. We consider
introducing foreign investment a potential advantage in
developing green innovation, provided that we establish clear
policies on raising and regulating foreign investment. Overly
stringent environmental regulations increase the costs that firms
spend on pollution control, which crowds out innovation funds and
leads to a decline in firms’ innovation capacity. This result is
confirmed in the studies of Li and Du, (2021) and Wang et al.,
(2020). In contrast to the findings of Porter and van der Linde,
(1995) and Yang et al., (2020). Who argued that environmental
regulation can have a significant incentive effect to stimulate
innovation capacity. Not only can they effectively compensate for
the increased compliance costs of enterprises due to the
development of green technologies, but also promote enterprises

to optimize the allocation of innovation resources further and
improve the level of green innovation. However, Zhang et al.,
(2020) study points out that mandatory environmental
regulations are not conducive to green innovation growth, and
market-oriented and voluntary environmental regulations can
promote GIE. The inhibitory effect of SO2 emissions and the
effect of vegetation cover were not significant, which was similar
to the findings of Bao et al., (2022) in their study of the influencing
factors in the YRD region. High SO2 emissions can lead to stricter
environmental regulations and supervision, increasing company
compliance costs. As the international community focuses more
and more on sustainable development goals, high SO2 emissions can
limit financing and market opportunities, so adopting cleaner
energy sources and using sulfur-reducing equipment are essential
to greening your business. Although vegetation cover does not
significantly affect green innovation, there are interactions
between it and other relevant factors. For example, increasing
vegetation cover can improve the quality of the urban
environment and attract more highly qualified people. This will
increase the technological R&D capacity of the region. Therefore,
improving the GIE by increasing greening and developing vertical
greening is also crucial.

Through the discussion, we found that the findings of this paper
are both the same and different from the existing studies. The
differences may be due to the differences in research methodology,
indicator selection, research themes, and country backgrounds. In
addition, this paper draws on the research of Bao et al., (2022), which
explores the influence of natural factors on GIE and broadens the
indicator system of existing influencing factors in the three major
urban agglomerations. Existing studies have paid less attention to
the spatial and temporal evolution of GIE and the influencing
mechanism of the three major urban agglomerations. In
comparison, this paper pays more attention to the spatial and
temporal evolution of GIE and the influencing mechanism of the
three major urban agglomerations, which helps to re-examine the
green innovation development of the three major urban
agglomerations. The analyses show that the green innovation of
the three major urban agglomerations in China has certain spatial
variability, and the direction and degree of their influencing factors
are also different.

Notably, the study found that the economic development level
has the most significant negative impact on GIE. Sustained
economic growth may not necessarily lead to an increase in GIE,
and the reason for this is related to the imbalance and over-
polarization of the economic environment in the YRD. The
development imbalance is mainly manifested in the fact that the
economic development of Anhui Province is still at a low level, far
behind Shanghai, Jiangsu, and Zhejiang. Moreover, Anhui is in the
middle and late stages of industrialization, undertaking the transfer
of high-energy-consuming and high-polluting industries from
Jiangsu, Zhejiang, and Shanghai, exacerbating the conflict
between economic growth and the environment. Therefore, it is
significant for the YRD to change its economic development into a
green and low-carbon development mode.

This article explores the differences and influencing factors of
GIE in the three major urban agglomerations. Although we have
made discoveries, there is still room for further improvement.
Firstly, since city data is not readily available, the input-output
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and influencing factor indicators constructed in this paper may have
omissions. In future studies, researchers need to supplement
indicators for measuring the GIE. Secondly, although this paper
analyzed the influencing factors, it should have considered the
spatial correlation between cities. Researchers can further explore
the spatiotemporal characteristics and evolutionary dynamics of
GIE by employing spatial econometric models. Lastly, this study
only focused on the three major urban agglomerations in the eastern
coastal region. In future research, researchers can further expand the
scope of the study to include urban agglomerations such as the
Shandong Peninsula and conduct a more comprehensive analysis.

7 Conclusions and recommendations

7.1 Conclusions

During the study period, the number of cities with “effective”
GIE in BTH increased, the number of cities with “effective” GIE in
the YRD decreased, and the PRD was stable. In addition, the
polarization of GIE levels between cities is prominent, with the
maximum value of GIE in BTH being 1.73 and the minimum value
being 0.3. The YRD’s maximumGIE value is 1.27, and the minimum
value is 0.36. The maximum value of GIE in the PRD is 1.23, and the
minimum value is 0.53. This shows a significant imbalance in the
green innovation development of BTH, YRD, and PRD urban
agglomerations, and the GIE value of some cities fluctuates
between effective and ineffective. This imbalance is more
prominent in the YRD urban agglomeration, and to some extent,
green innovation in the YRD urban agglomeration has been
neglected to a certain extent in the process of urban
development, and part of the resource allocation management is
ineffective, which hinders the development of green innovation.

Based on the decomposition results of the ML index, this study
finds that technical efficiency and technological progress together
lead to the dynamic improvement of GIE. If there is asynchrony, it
will constrain the stable growth of GIE to a certain extent. The ML
index of 35 out of 40 cities is greater than 1, which means that the
government’s allocation and management of green innovation
resources are gradually improving, and the efficient use and
intensive management of all kinds of resources have been
realized to a certain extent. More cities in the YRD urban
agglomeration show an asynchrony between technical efficiency
and technological progress, which limits the improvement of GIE.
Moreover, the ML index of three cities, Maanshan, Tongling, and
Xuancheng, is less than 1, with negative growth in GIE, indicating
that it is difficult to steadily improve the GIE of these cities, which
requires special attention from the government.

According to the regression results of the Tobit model, industrial
structure, urbanization level, and technology level have a significant
positive impact on the GIE of the three major urban agglomerations.
The economic development level, utilization of foreign investment,
environmental regulation, and SO2 emissions have a negative impact on
GIE. This suggests that China ismaking good progress in implementing
industrial structure transformation, urbanization, and support for
science and technology innovation and can continue to deepen
these policy approaches. Sustained economic growth may not
necessarily lead to an increase in the level of green innovation in

the three major urban agglomerations. Suppose the three major urban
agglomerations stick to the current economic development model and
ignore the damage that economic growth causes to the environment. In
that case, there is a high probability that rapid economic growth will
constrain green and innovative development. The introduction of
foreign investment brings industries that are highly polluting and
emit high emissions. Governments need to balance the attraction of
foreign investment with environmental objectives to ensure that the
introduction of foreign investment does not adversely affect the
environment and sustainable development. Stricter environmental
regulations can cause firms to invest more in compliance costs than
green innovation, reducing the amount of money available for research
and development.

7.2 Recommendations

Firstly, the PRD can continue optimizing its development based
on the existing industrial restructuring and urbanization policies. At
the same time, the PRD is more adversely affected by environmental
regulations and may consider formulating market-oriented or
voluntary environmental regulations to encourage enterprises to
take the initiative to take environmental protection actions. The
YRD, on the other hand, urgently needs to transform its existing
economic model into a green and low-carbon development and to
promote the deep integration of information technology,
intelligence, digitalization, etc., with industrialization. At the
same time, it is necessary to improve the policy of foreign
investment introduction, establish an effective screening
mechanism, and strengthen the environmental constraints and
environmental supervision on the innovation process of foreign-
funded enterprises. BTH should also improve its policy on foreign
investment introduction and consider formulating market-oriented
or voluntary environmental regulations. Industrial enterprises in the
BTH urban agglomeration should adopt cleaner energy and more
advanced combustion technologies and install flue gas
desulphurization equipment to reduce SO2 emissions.

Secondly, in view of the significant differences in the GIE among
cities, the three major urban agglomerations need to share their
experiences to promote collaborative creation and green
development in the region. Knowledge sharing and technology
transfer among cities should be enabled through seminars and
exchange programs. Give full play to the demonstration role of
Beijing, Zhangjiakou, Chengde, Cangzhou, Langfang, Shanghai,
Tongling, Anqing, Chuzhou, Guangzhou, Zhuhai, Dongguan,
Zhongshan and Jiangmen within this urban agglomeration.
Encourage enterprises to innovate on their own, give full play to
the role of the main body of industry, academia, and research, and
create an open and efficient platform for the transformation of
innovation results. Maanshan, Tongling, Xuancheng, Huizhou, and
Zhaoqing need to attract high-tech talents to settle in their cities using
settlement policies and social security, increase investment in science
and technology, build platforms for innovation and cooperation, and
gradually realize the transformation of innovation results.
Considering regional differences and administrative barriers, the
government must unify the regulatory system.

Thirdly, from the perspective of the three major urban
agglomerations, local governments can take advantage of the
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momentum of the new industrial revolution to promote the intelligent
development of enterprises and the integration of high-tech and
traditional industries to realize the transformation of the economic
development model to a green and low-carbon economy. They can
also raise public awareness of environmental protection through
publicity and education. The government should provide financial
incentives and tax reductions to encourage and guide enterprises to
develop in green and high-value-added industries. Help and support
small and micro enterprises to adapt to the new industrial
environment. Encourage enterprises to engage in international
cooperation, attract foreign investment and global technology, and
promote the internationalization and upgrading of the industrial
structure. The key is to improve policies for the introduction of
foreign investment and to establish effective screening mechanisms
and environmental monitoring. The Government can increase its
support for science and technology by reducing taxes, providing tax
incentives for research and development, and reducing innovation
risks. Establish and support a science and technology
entrepreneurship ecosystem, including incubators, accelerators, and
investment institutions, to promote business growth and innovation.
The government should ensure rational land use, reduce land waste,
encourage efficient land use, and promote high-level urban
development patterns. Industrial enterprises should control SO2

emissions by improving resource utilization, using clean energy,
and advanced waste treatment equipment. The government should
select appropriate tree species for planting, increase the area of green
space, encourage green design, etc., to increase vegetation coverage.
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