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Abstract: Green innovation has become an important combination of high-quality economic growth
and ecological sustainability. In this paper, the super-efficiency network SBM model was used
to measure the two-stage green innovation efficiency of the industrial technology research and
development (R&D) stage and achievement transformation stage in China (30 provinces and cities)
from 2009 to 2019. The results show the following points. Firstly, in terms of temporal series,
the efficiency of technology R&D and achievement transformation has experienced three stages
of “upward-declining-revitalized period”. Secondly, in terms of spatial trend, the industrial green
innovation efficiency gradually increases from northwest to southeast. The high-efficiency areas are
still concentrated in the eastern coastal region, with a clear trend towards balanced development
in the central and western regions. Finally, openness, industrial structure, government technical
expenditures, enterprise scale, and environmental regulation all have different degrees of impact on
the efficiency of green innovation in the two stages. Based on the above, this paper is helpful for
the government to formulate laws and regulations and coordinate the level of regional economic
development and clarify the spatio-temporal characteristics and influencing factors of the efficiency
of green innovation.

Keywords: industrial green innovation efficiency; innovation value chain perspective; super-efficient
network SBM model; spatial Dubin model; technology R&D efficiency; achievement transforma-
tion efficiency

1. Introduction

The COVID-19 pandemic has brought tremendous changes to the world. “Green
development” has become one of the development trends in the world, and especially
“green recovery” has become a development goal of all around the world post-COVID-19
pandemic [1]. COVID-19 has brought severe challenges to China’s economic development
and social stability. In the process of fighting COVID-19, China has achieved a stage
victory. However, China’s weak industrial base and lack of experience in technological
innovation have led to the decline in production efficiency of some industrial enterprises
and slow output of innovative green products [2]. With the global spread of the COVID-
19 pandemic, the core technologies and production equipment of industrial enterprises
that rely on imports have also been impacted to varying degrees, and the disadvantages
of low localization of high-end equipment are further reflected. In order to improve
the technological innovation capability of Chinese industrial enterprises and adhere to
sustainable development, and to mitigate the negative impact of COVID-19 pandemic, how
to further improve the level of independent industrial innovation capability and green
innovation has become an important issue.
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As the baton of green economic development, the new development concept aims
to reduce the additional environmental cost of economic growth [3] and promote the
transformation of economic development from speed to quality. More importantly, the
industrial industry, as the main battlefield of green innovation activities, is the backbone
and important gripper of implementing scientific and technological innovation and plays
an important role in promoting efficient and stable economic growth and enhancing com-
prehensive national strength. However, for a long time, in the development process of
green innovation, “borrowlism” [4] and “empiricism” were prevalent. Industry—University—
Research is seriously decoupled, the innovation elements are fragmented and patched, and
the innovation driving ability is weak. In addition, the problems of unbalanced regional
development, low efficiency of scientific and technological achievements transformation,
and high additional environmental costs are becoming increasingly prominent, which seri-
ously hinder the development of industrial green innovation to high quality, specialization,
and deep level [5]. Therefore, how to effectively promote the coordinated development
of industrialization and green innovation is very important. In addition, scientific mea-
surement of industrial green innovation efficiency is a strategic measure to guide economic
development from extensive to resource-saving and environment-friendly.

The concept of green innovation was first put forward by Fussler et al. [6]. They
proposed that the coexistence of positive externalities of innovation results and positive
externalities of environmental benefits is a typical feature of green innovation. At present,
the academic definition of green innovation has not formed a unified conclusion. Starting
from the goal orientation [7], some scholars believe that green innovation focuses on saving
resources and reducing environmental pollution through technology R&D and clean energy
production technology. From the perspective of the product life cycle, some scholars believe
that green innovation can effectively reduce the cost of new products, which is reflected
in a series of processes from technical concept to product R&D, to sales promotion, and
finally to product marketization [8]. Generally speaking, green innovation is an integrated
concept. Although different scholars have different definitions of its concept, it is generally
believed that any creative behavior that is conducive to the harmonious development of
“Economic-Resource-Environment” can be called green innovation.

At present, the research on green innovation mainly focuses on the following three
aspects: discuss and measure the efficiency of green innovation; study regional (industry)
differences of green innovation efficiency; analyze influencing factors of green innovation
efficiency. Although academic research on green innovation has made rich achievements,
there are still the following shortcomings. Firstly, most of the existing studies on green
innovation efficiency only focus on the overall innovation input-output, and there is little
phased analysis of innovation activities. However, in fact, the process of green innovation
is made up of many sub-processes, such as R&D manufacturing, sales promotion, and
product commercialization [9]. Secondly, most scholars examine the influencing factors
of industrial green innovation efficiency from an overall perspective, ignoring that factors
such as location resource endowment and corporate density may have different degrees
of influence on the industrial green innovation efficiency in two stages, and treating them
as a continuous process will hide the influence intensity of different stages on industrial
innovation level. Therefore, this paper creatively decomposes green innovation into two
stages, the technology R&D stage and achievement transformation stage, and discusses the
life cycle and evolution of different stages, respectively.

In view of the above, based on the perspective of the innovation value chain, this
paper uses the super-efficient network SBM model to calculate the efficiency of two-stage
industrial green innovation in 30 provinces and cities in China from 2009 to 2019. At the
same time, this paper also combined exploratory spatial data analysis (ESDA) and spatial
econometric model to explore the temporal change characteristics and spatial evolution
law of industrial green innovation efficiency and creatively analyzed the action mechanism
of various influencing factors on green innovation efficiency (dividing the green innovation
efficiency into two stages: technology R&D stage and achievement transformation stage).
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In addition, this study established the key factors affecting the efficiency of industrial green
innovation and expects to provide targeted suggestions for improving the efficiency of
China’s industrial green innovation from the perspective of regional coordination.

This paper attempted to answer the following questions: (1) What is the temporal
series of China’s industrial green innovation efficiency? (2) What are the spatial distribution
characteristics of industrial green innovation efficiency in various provinces and cities
in China? (3) What is the mechanism of different driving factors on the industrial green
innovation efficiency, and is there a spatial spillover effect?

2. Literature Review and Hypothesis Development

In recent years, green innovation has become a hot research topic in academic circles.
Among them, green innovation efficiency, as the supplement and perfection of traditional
efficiency, takes technological innovation, environmental friendliness, and resource con-
servation into consideration and becomes an important indicator of green innovation
capability.

2.1. Research on the Scientific Measurement of Green Innovation Efficiency

There are abundant researches on the efficiency measurement of green innovation in
academic circles, mainly including two methods: Firstly, there is the stochastic frontier
analysis method (SFA). Zhang et al. [10] used SFA to build a three-stage combined efficiency
measurement model to calculate the green innovation efficiency of high-tech industries
in 28 provinces and cities in China. The second is data envelopment analysis (DEA).
Jia et al. [11] discussed the efficiency of green technology innovation in 30 provinces in
China through the traditional DEA-BCC model. Feng [12] aimed at the problem that
the traditional DEA model ignores the “relaxation” of elements and cannot solve the
unexpected output; the DEA-SBM model was used to measure the green innovation
efficiency of eight economic regions in China and was compared with the traditional CCR
model, and it was found that the SBM model is more realistic and the conclusion is more
scientific. Therefore, the super-efficiency DEA model not only solves the problems of slack
variables and unpredictable output but also overcomes the problem of not being able to
compare the differences of the same decision-making units and has been widely used in
efficiency measurement. For example, Dong et al. [13] used the super-efficiency SBM model
considering unexpected output and exploratory spatial data analysis to deeply discuss
the spatial evolution characteristics of green innovation efficiency in the Great Bay area
of Guangdong, Hong Kong, and Macao. Cui et al. [14] used the super-efficiency SBM
Malmquist index model to calculate the green innovation efficiency of 30 provinces in
China from the dual perspective of environmental pollution and innovation quality.

2.2. Study on the Temporal and Spatial Correlation of Green Innovation Efficiency

The research on green innovation efficiency involves two levels: micro and macro.
Micro-fields are mainly enterprises and industries, including tourism [15], manufacturing
industry [16], high-tech industry [17], etc. This research focuses on the evaluation of green
innovation efficiency to reduce the additional cost of an industrial (enterprise) development
environment. For example, Silvestre et al. [18] believed that industrial enterprises in
various regions of China are not independent individuals, and the geographical proximity
makes the corporate technological innovation activities produce agglomeration effect and
diffusion effect. Fritsch et al. [19] found that the flow of human resources and the exchange
of technical information among industrial enterprises in different regions are helpful to
promote the innovation activities of enterprises in neighboring regions, thus resulting in
the spillover effect of green technology.

At the macro level, it is more inclined to regional studies such as provincial [20], urban
agglomeration [21], and prefecture-level cities [22], which mainly emphasize the temporal
change, spatial characteristics, and regional heterogeneity of green innovation efficiency.
For example, Zhou et al. [23] found that there is significant spatial heterogeneity in China’s
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provincial green innovation efficiency, and the spatial transition shows a high degree
of spatial stability. Chen et al. [24] studied the regional differences of industrial green
technology innovation efficiency in China and found that the level of green technology
innovation in eastern China is higher than that in central and western China, and the gap
continues to expand. Xu et al. [25] studied the green innovation efficiency of the Yangtze
River economic belt and found that there are obvious differences in the level of green
innovation efficiency in the lower, middle, and upper reaches of the Yangtze River.

2.3. Research on the Driving Factors of Green Innovation Efficiency

Analysis of influencing factors of green innovation efficiency: Green innovation ef-
ficiency is affected by both the external environment and internal driving forces. From
the perspective of external environmental factors, government technical expenditures and
degree of openness [26] can significantly improve the efficiency of green innovation; the im-
pact of environmental regulation [27] and industrial structure [28] on the efficiency of green
innovation is diversified. From the perspective of internal driving factors, firm scale [29] is
conducive to improving the level of green innovation. Although R&D investment [30] is
conducive to improving corporate innovation efficiency, it needs to match the enterprise
scale. Government innovation policy [31] can provide institutional guarantees for enter-
prises and avoid the risks encountered in the innovation process as much as possible. Gao
et al. [32] believed that government innovation policies could significantly promote the
efficiency of local green innovation. Because scholars choose different research areas and
research methods, the research conclusions are not exactly the same.

2.4. Hypothesis Development

By focusing on the research of green innovation efficiency in spatiotemporal char-
acteristics, Xu et al. [33] studied the panel data of China’s 31 provinces (municipalities
and autonomous regions) from 2010 to 2018 and found that although China’s green in-
novation efficiency fluctuates, it generally shows a slow-growth trend. China’s regional
green innovation efficiency is characterized by a stepped distribution that decreases from
the east to the central and western regions, and the gap between the eastern and central
regions is much higher than that between the central and western regions. There are great
spatial differences in the regional green innovation efficiency in China. Du et al. [34] found
that the regional green innovation efficiency in China showed a significant positive spatial
correlation, which indicated that regional innovation activities had obvious spatial spillover
and time effect, which was a dynamic process. Based on the above, this paper proposes
Hypothesis 1 and Hypothesis 2.

Hypothesis 1 (H1). In terms of temporal change, the two-stage industrial green innovation
efficiency of China has a significant trend.

Hypothesis 2 (H2). In terms of spatial change, the spatial agglomeration of two-stage industrial
green innovation efficiency in China is becoming more and more obvious.

In terms of the driving mechanism of green innovation efficiency, scholars have
explored the following contents. Ghisetti et al. [35] explored the impact of enterprise
openness on manufacturing enterprises’ access to green innovation resources. Du et al. [28]
believed that the industrial structure improves the green technology innovation efficiency
in the region and has a significant spatial spillover effect on the surrounding areas. This
is because the upgrading of the industrial structure not only promotes economic growth
but also reduces pollution emissions and energy consumption, which is conducive to the
improvement of green innovation efficiency. The government technical expenditures also
provide a good development environment for enterprises to carry out green innovation
activities, thus promoting green innovation. Lin et al. [36] found that there is a negative
correlation between enterprise scale and industrial green technology innovation efficiency;
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that is, the larger firms showed smaller efficiency. Because with the expansion of enterprise
scale, energy consumption and pollution also increase, which offset the economies of
scale, thus reducing the green innovation efficiency. Du et al. [28] found that moderate
environmental regulation policies can promote green technology innovation, and severe
environmental regulation policies can hinder green technology innovation. Therefore, this
paper proposes hypothesis 3.

Hypothesis 3 (H3). Openness, industrial structure, government technical expenditures, firm size,
and environmental requlations: the above internal and external influencing factors have different
degrees of influence on the two-stage green innovation efficiency.

3. Research Methods and Index Selection
3.1. Model Selection
3.1.1. Super-Efficient Network SBM Model

Through the literature search, it was found that the methods used in the study of
green innovation efficiency are constantly improving. The traditional DEA model mainly
focuses on radial distance. In terms of inefficiency measurement, only the proportion of
input and output reduced or increased was considered, without considering the part of
relaxation improvement. The SBM model proposed by Tone et al. [37] is helpful to solve
this problem. Compared with the traditional DEA model, the super-efficiency network
SBM model can explain the internal operation law of the green innovation system, open the
“black box” of innovation activities, decompose it into multiple sub-processes, and locate
the specific source of output inefficiency. In addition, the model modifies the constraints
based on input-output angle, which greatly improves the measurement accuracy.

In this paper, the two-stage industrial green innovation efficiency was studied based
on the super-efficiency network SBM model considering unexpected output from a non-
radial angle. The slack variable is placed into the objective function, which solves the
slack problem of input and output in the traditional DEA model, and at the same time,
solves the efficiency problem when considering unexpected output, and can evaluate the
efficiency of industrial green innovation more effectively. At the same time, considering
that there is more than one effective efficiency value obtained by simply using the network
SBM model, it is difficult to distinguish the value of effective efficiency. Therefore, using
the super-efficiency network SBM model to evaluate the efficiency of industrial green
innovation can more accurately obtain the overall efficiency and two-stage efficiency, which
is conducive to comparing the differences of efficiency values.

Based on the previous research [33], this paper calculates the two-stage green innova-
tion efficiency through the super-efficiency network SBM model. The specific equations are
as follows.

K
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where n stands for 30 provinces and cities of the decision-making unit, and m; and uy
represent input and output, respectively. ¥} is the number of intermediate indicators.
x represents the input of stage k. Y? and Y? matrices represent expected output and

j
unexpected output, respectively. zj(k’h)

k and node h. A* and wk represent the K-stage model and node weight, respectively.
s}*, sit,s9, and s! represent the slack variables of input and output in the first stage and the
second stage, respectively. 117 and uy; are the numbers of expected outputs of the second
stage, respectively. po, pd, and p3, respectively, represent the overall efficiency of green
innovation, the efficiency value of the first stage, and the efficiency value of the second

stage.

represents the intermediate product between node

3.1.2. Kernel Density Estimation

Kernel density estimation, as a non-parametric estimation method, has the advantage
that it does not need the specific form of preset function, thus avoiding the sensitivity to
the set model [38]. Assuming that the probability density of continuous random variable x
at xg is f(xp), the specific equation is:

N -
£ = oK) ©)

where N represents the number of research samples, X; represents the independent identi-
cally distributed observations, x is the average value, and # is the Bandwidth. The function
K represents the kernel density function. In this paper, the Gaussian kernel function is used
to study the efficiency of industrial green innovation dynamically.

3.1.3. Spatial Econometric Model

Different from traditional regression methods, the spatial econometric model can
effectively solve the complex problem of spatial dependence. The commonly used models
in previous research mainly include the spatial autoregressive model (SAR), spatial error
model (SEM), and spatial Dubin model (SDM).

In addition, in the empirical analysis part of this paper, the econometric regression
results of the three models are displayed. After comparing R? with the maximum likelihood
estimation (MLE), the optimal econometric regression result was selected for further analy-
sis. In order to better test the reliability of the empirical analysis results, the author also
added the regression analysis results of the general linear model; for details, see Section 4
of the article.

Because the spatial Dubin model (SDM) considers the spatial correlation of dependent
variables and independent variables at the same time, it has a stronger explanatory ability.
Therefore, this paper takes the spatial Dubin model as the starting point of econometric
model analysis, and its general form is as follows:

InEffi = pWInEffj: +viWXip + BiXi + e +17i + € (€
Based on the theoretical model derivation, the empirical model of this paper is:

InEffiy = pWInEff;; +y1WInES + 72WInINS + y3WInOPEN
+74WInGOV + ysWINER + B1InES + B2 InINS 4 3 InOPEN (5)
+ B4 InGOVE + Bs InER + ps + ni+ &t

In the equation, p represents the spatial lag item coefficient, «; is the spatial autore-
gressive coefficient of the explanatory variable. y; and 7; represent individual fixed effect
and time fixed effect, respectively. ¢;; is a random interference term.
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3.2. Index Selection

For variable selection, referring to the research results of Nasierowski et al. [39], green
innovation is divided into two stages: technical R&D and achievement transformation. The
details are as follows.

Input indicators for phase I: The input factors of green innovation mainly consider
both human and capital factors. For the capital input of green innovation, previous research
usually uses R&D expenditure to express it. However, this approach ignores the effect of
the previous capital stock on innovation results and fails to reflect the cumulative effect
and time lag effect of capital input on green innovation. Therefore, based on the treatment
method of Chen et al. [40], this paper uses the perpetual inventory method to calculate the
R&D capital stock of each region. Manpower input is usually expressed by the number of
R&D personnel or the full-time equivalent (FTE) of R&D practitioners [41]. Considering that
both the labor force and the length of practical work have an impact on green innovation
activities, this paper believes that the latter can better represent the level of human input.

Input indicators for phase Il include intermediate output and additional input. The
green intermediate output of innovation mainly refers to technical output. This paper
selects the total number of patent applications, the number of invention patents, and the
number of new product development projects to represent the technical output. The addi-
tional investment includes R&D funds for new products, purchase of domestic technology,
and total industrial energy consumption. In addition, as an important participant in green
innovation activities, industrial enterprises need to consume a lot of energy in the process
of green innovation. Therefore, the total industrial energy consumption is selected as an
additional investment.

The final output indexes mainly include economic output and unexpected output.
As for economic output, most of the existing researches adopts economic scale or sales
revenue of new products. Considering the overlap of the two data and the fact that the sales
revenue of new products can better reflect the profit-making ability of green innovation,
the sales revenue of new products is selected as the representative. The characteristics of
accidents are industrial SO, discharge, industrial wastewater discharge, industrial solid
waste discharge, and industrial smoke (powder) dust discharge. These four indicators
can reflect the direct impact of excessive resource consumption, unreasonable industrial
structure, and extensive production mode on the environment in the process of innovation.
Specific indicators are shown in Table 1.

Table 1. Selection of efficiency index of industrial green innovation.

Indicator Type Evaluating Indicator Variable Unit
Phase I input index Capital investment R&D capital stock 10,000 Chinese yuan (RMB)
P human input Full-time equivalent of R&D practitioners People
Total patent applications Piece
Intermediate outputs Authorized amount of invention patents Piece
Number of new product development projects Piece
Phase II input index -
New product R&D funds 10,000 Chinese yuan (RMB)
Additional investment The cost of purchasing domestic technology 10,000 Chinese yuan (RMB)
Total industrial energy consumption 10,000 tons of standard coal
Economic output Sales Revenue of New Products Ten thousand Chinese yuan
(RMB)
Final output Industrial SO, emission 10,000 tons
Undesirable outout Industrial wastewater discharge 10,000 tons
P Discharge of industrial solid waste 10,000 tons

Industrial smoke (powder) dust emission 10,000 tons
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3.3. Data Collection

The selected sample data of 30 provinces (cities and autonomous regions) in China
from 2009 to 2019: Considering the availability and authenticity of the data, the sample
does not include Tibet Autonomous Region, Hong Kong, Macao, and Taiwan. The index
data come from China Statistical Yearbook, China Science and technology statistical year-
book, China Industrial statistical yearbook, China Patent statistical annual report, and EPS
database over the years. For the missing data of the year, the interpolation method is used
to supplement.

4. Result
4.1. Temporal and Spatial Evolution of Industrial Green Innovation Efficiency
4.1.1. Analysis of temporal Series Characteristics of Industrial Green Innovation Efficiency

The network DEA-SBM model is used to calculate the R&D efficiency of science and
technology, achievement transformation efficiency, and total efficiency of industrial green
innovation in 30 provinces and cities of China.

The results show that (Figure 1) the average total efficiency is in a fluctuating upward
trend from 2009 to 2019, but the efficiency values are lower than 0.5, which indicates that
although industrial green innovation has been steadily improved, it is still at a low level.
The allocation of innovation resources needs to be further optimized, which has great room
for improvement.

0.8
——Science and technology R&D Efficiency
0.7 - —— Achievement transformation efficiency
Total efficiency
2 0.6 W
g
= 0.5
2
8
= 04
m
0.3
0.2

2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019
Year

Figure 1. Average change trend of industrial green innovation efficiency.

There are two main reasons for the steady increase in the efficiency of Industrial
Green Innovation: Firstly, China’s economy is in the primary stage of gradually chang-
ing from the “three high and one low” [42] black development model transform into the
innovation-driven green development pattern [43], which has increased the space for enter-
prise innovation activities, increased the initial investment in innovation and development,
accelerated the pace of building an innovative country, and a variety of factors jointly drive
the improvement of industrial green innovation efficiency. Secondly, under the constraints
of ecological civilization construction in recent years, China’s economy has gradually
transformed from “rapid development” to “high-quality development” [24]. The govern-
ment has increased investment in environmental protection, strengthened environmental
pollution control, improved resource utilization efficiency through environmental regula-
tion, improved the green innovation environment of enterprises, and forced enterprises to
improve production methods and innovation ability.

It can be seen from Figure 1 that, in terms of stages, the efficiency of technology
R&D and achievement transformation efficiency showed the evolution trend of “rising-
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1.0 15 20

Kernel density estimation

0.5

declining-rising”. In the stage of technology R&D, with the deepening understanding of
new development concepts, the initial resources such as scientific research funds and human
capital are increased. Local governments pay attention to the introduction and cultivation
of high-tech talents and constantly introduce policies conducive to innovation, which have
laid a good environment for innovation activities of enterprises, created an efficient and
convenient green channel, promoted the efficiency of scientific and technological research
and development, and provided preconditions for the output of knowledge achievements.
In the stage of achievement transformation, the efficiency of achievement transformation is
far lower than that of scientific and technological research and development. The reason
is that, on the one hand, China’s market of scientific and technological achievements is
still in its infancy, the absorption and transformation ability of innovation achievements
is relatively weak, and the market service system is imperfect, and the resource ratio is
unreasonable. The excessive emphasis on the economic benefits brought by achievement
transformation leads to the problems of input redundancy and output inefficiency, which
leads to low marketization efficiency in the stage of achievement transformation. On
the other hand, the efficiency of achievement transformation depends on the efficiency
of technology R&D. Because of the long research period, slow effectiveness and certain
lag in the stage of scientific and technological research and development, and the slight
increase in knowledge achievements, such as papers, works, and appearance patents, etc.,
the efficiency of achievement transformation is low. Therefore, improving the market
transformation efficiency of scientific and technological achievements becomes the key to
improving the efficiency of industrial green innovation.

In order to further reveal the dynamic evolution characteristics of green innovation
efficiency in two stages of the industry, the kernel density estimation method is used
to investigate the changes of efficiency curve distribution and peak shape, as shown in
Figure 2. During the research period, the core density curves of the total efficiency of
industrial green innovation, the efficiency of scientific and technological R&D, and the
efficiency of achievement transformation gradually moved to the right with the passage of
time, but the moving range was small, and the left skewness distribution of each curve was
basically the same. This phenomenon indicated that the efficiency showed an increasing
trend as a whole, but it was still dominated by low-efficiency areas. From the peak shape,
the total efficiency of green innovation has gradually formed a pattern of “one master and
one time”, with the curve on the right side of 0.8 increasing, the overall development trend
is good, and the pattern of “polarization” has gradually become prominent. The peak value
of achievement transformation efficiency decreased noticeably, the peak value degenerated
into a broad peak, the regional differences narrowed, and the high-efficiency areas increased.
In this regard, inter-regional exchanges and cooperation should be strengthened to form
the “technology catch-up” effect in low-efficiency areas and promote the transformation
and upgrading of industrial structures.

15

Kernel density estimation
Kemel density estimation

0.5

T
04

06

T T T T
08 04 06 04 06 08

Science and technology R&D Efficiency

2009 Year

2019 Year

Total efficiency of green innavation

2008 Year 2018 Year

Achievement transformation efficiency

2009 Year 2019 Year

Figure 2. Kernel density curve of industrial green innovation efficiency.
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4.1.2. Analysis of Spatial Characteristics of Industrial Green Innovation Efficiency

With the help of ArcGIS 10.2 software, the spatial distribution map of industrial green
innovation efficiency in 2009 and 2019 was drawn, and the total innovation efficiency,
scientific and technological research and development efficiency, and achievement trans-
formation efficiency were divided into four grades by using natural breakpoint method,
which was low-efficiency zone, medium-low-efficiency zone, medium-high-efficiency
zone, and high-efficiency zone from low to high. From the total efficiency of green innova-
tion (Figure 3), during the inspection period, Beijing, Tianjin, Zhejiang, Guangdong, and
Shanghai were always located in high-efficiency areas. Compared with 2009, Shandong,
Henan, Anhui, Jiangsu, Fujian, Sichuan, and other provinces joined the high-efficiency
zone, while Yunnan, Guizhou, Gansu, Heilongjiang, and other provinces withdrew from
the low-efficiency zone. The relative changes between the provinces in the medium-low-
efficiency zone and the medium-high-efficiency zone were relatively stable, accounting for
about 60% all the time. From the spatial distribution pattern, it can be seen that in 2009,
the efficiency of industrial green innovation showed the distribution law of increasing
gradually from northwest to southeast.

N

A

(a) 2009 Year (b) 2019 Year

Figure 3. Spatial Distribution Pattern of Total Efficiency of Industrial Green Innovation.

Among them, the high-efficiency areas are mainly distributed in the southeast coast
(Shanghai, Zhejiang, Guangdong) and Beijing-Tianjin—-Hebei region, while the medium-
high-efficiency areas are mostly concentrated in North China (Shandong, Anhui, etc.) and
South China (Hunan, Jiangxi, etc.), while the medium-low-efficiency areas are mainly
distributed in the chain of “Jilin-Hebei-Shaanxi-Sichuan”, and the low-efficiency areas are
concentrated in the northwest connecting areas (Xinjiang, Inner Mongolia, Gansu, etc.) and
the southwest.

In 2019, the “ladder” feature of the spatial distribution of industrial green innovation
efficiency is further highlighted, which is characterized by concentrated and contiguous
“linear” and “block-shaped” distribution, with the most significant difference in southwest
China, where the high-efficiency areas are still concentrated in coastal areas, and the range
of low-efficiency areas is further expanded, forming high-efficiency “uplift areas” in Beijing,
Tianjin and Sichuan. Specifically, the high-efficiency areas have greatly expanded, mainly
distributed in the Bohai Sea, East China Sea, South China Sea, and along the Yangtze River
basin (Shandong, Jiangsu, Zhejiang, Guangdong, Chongqing, etc.), while the medium-high-
efficiency areas and medium-low-efficiency areas are mainly distributed in northeast China
(Heilongjiang, Jilin, Liaoning), North China (Hebei, Shanxi, etc.), South China (Hunan,
Jiangxi, etc.), and southwest China (Yunnan, Guizhou, etc.).
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It can be seen that during 2009-2019, the overall level of industrial green innovation
efficiency has improved, the development of the eastern region has been steadily rising, and
the central and western regions have gradually developed towards equilibrium and high
efficiency. The evolution pattern of polarization of provincial green innovation efficiency in
China needs to be improved urgently.

By stages (Figures 4 and 5), the efficiency of green innovation in seven provinces
(cities) such as Beijing, Shanghai, Sichuan, Zhejiang, etc. is in the high-efficiency zone in
two stages, which is mainly due to its superior geographical location, strong economic
foundation, developed private economy and preferential national policies, and the use
of local advantages for gathering a large number of high-tech industries and high-tech
talents, which provides preconditions for efficient green innovation. For example, Zhejiang
Province first established an online technology market to build a bridge for the transforma-
tion of scientific and technological achievements, and now it has become a “depression” for
the latest technological achievements and technological demand transactions in Zhejiang
Province and even the whole country. After 2008, Chongqing introduced a large number
of leading enterprises mainly engaged in electronic information, such as Foxconn and
Hewlett-Packard, which became an important support point and foothold for industrial
transfer in western China. Shandong, Anhui, and Hunan have achieved rapid improvement
in the efficiency of R&D and achievements transformation, and all of them will join the
high-efficiency zones by 2019. These three provinces have invested heavily in basic research
R&D and are important R&D bases and knowledge condensation places in China. The
innovation efficiency of North China (Henan, Hebei, Shanxi, etc.) and South China (Hubei,
Jiangxi, Fujian, etc.) has been improved to varying degrees, mainly concentrated in the
high-efficiency areas and medium-high-efficiency areas, mainly because these provinces
are adjacent to the eastern coastal areas or located along the two major river basins, with a
high level of economic development and relatively abundant innovation resources, and
there is much room for improvement. The technological innovation in Northeast China
(Heilongjiang, Jilin) and Northwest China (Xinjiang, Qinghai, Gansu, Ningxia) has a small
change range and is still in a low-efficiency area. However, the transformation efficiency of
its achievements increased rapidly, and all of them entered the lower efficiency zone. Yun-
nan, Hainan, and Inner Mongolia are all in low-efficiency areas. Influenced by geographical
location, economic conditions, talent guarantee, and other factors, these provinces have
unbalanced input and output of scientific and technological innovation and uncoordinated
connection between two stages of innovation, resulting in weak innovation ability and
achievement transformation ability, thus inhibiting the improvement of industrial scientific
and technological research and development and achievement transformation efficiency.

N

A
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- High effic c:
(a) 2009 Year (b) 2019 Year

Figure 4. Spatial distribution pattern of R&D Efficiency.
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Figure 5. Spatial distribution pattern of achievement transformation efficiency.

It can be seen from Figures 4 and 5. From the spatial distribution pattern, it can be seen
that the efficiency of scientific and technological R&D and achievement transformation
in the eastern region is at the leading level. This is because the industry and high-tech
industry in the eastern region started earlier and developed rapidly. The investment of
initial innovation resources such as human capital is sufficient, the advantages of economic
scale and innovation environment are significant, and by relying on the advantages of the
natural location to attract foreign investment, learning from foreign advanced technology
level and management experience, it took the lead in becoming the key promotion area
and leading area of domestic green innovation development strategy. In addition, policy
support further enhanced the green innovation advantages of the eastern region.

However, the efficiency of scientific and technological R&D in the western region has
increased slowly and changed slightly, but the efficiency of achievement transformation
has increased rapidly, which is basically consistent with the national average growth level.
This is mainly due to the efficient utilization of innovative resources in Sichuan, Chongqing,
and other places, providing scientific and technological talent guarantee for enterprises,
and further broadening the achievement transformation platform with the support of the
western development policy so that scientific and technological achievements can fully
create economic value.

4.2. Analysis on Influencing Factors of Industrial Green Innovation Efficiency
Index Selection of Influencing Factors

The influencing factors of China’s industrial green innovation efficiency are complex
and diverse. Most scholars use traditional measurement methods such as least squares
regression and the Tobit model to discuss the aspects of government support and education
level. The research process often ignores the spatial heterogeneity of samples. Based on
the existing research results [44], this paper comprehensively investigates the industrial
distribution characteristics and development status, enriches and improves the influencing
factors of industrial green innovation efficiency, and constructs the influencing factor
index system from five aspects: enterprise-scale, opening-up level, industrial structure,
government science and technology expenditure, and environmental regulation.

Enterprise scale (ES): There are two main viewpoints on the relationship between
enterprise scale and industrial green innovation. The first is is that the enterprise scale
determines its ability to obtain economy. The larger the scale is, the more conducive it
is to green innovation, and there is a positive correlation between them [36]. Another
view is that large-scale enterprises will lead to problems such as multiple management
levels, solidified operation systems, and strong resource dependence, which hinder the



Sustainability 2022, 14, 342

13 of 20

improvement of green innovation efficiency. The industrial GDP/number of enterprises of
each province and city are selected to represent the enterprise scale.

Degree of opening to the outside world (OPEN): Opening to the outside world influ-
ences green innovation through technological knowledge and foreign investment spillover.
Scholars generally believe that the stronger the ability to absorb capital and technology in
areas with a high degree of opening to the outside world, the easier it is to stimulate the
innovation vitality of enterprises. Therefore, this paper selects the total import and export
volume to express the degree of opening to the outside world.

Industrial structure (INS): Industrial structure is closely related to the unexpected
output in the green innovation system, and it is an important factor to realize the sustainable
development of green innovation. This paper expresses the industrial structure by the
proportion of the added value of the secondary industry.

Government technical expenditures (GOV): Government scientific and technical ex-
penditure can promote the efficiency of green innovation within an appropriate threshold,
but excessive government support will reduce the innovation enthusiasm of local enter-
prises, cause enterprises to rely on government finance, and hinder the process of enterprise
innovation. In short, the impact of government support is the result of the game between
positive and negative externalities.

Environmental regulation (ER). Environmental regulation is a “double-edged sword”
for the green innovation system. Appropriate regulation can significantly reduce the emis-
sion of industrial “three wastes” and reduce unexpected output. Excessive environmental
regulation will lead to the “follow cost theory”, that is, government environmental reg-
ulation makes enterprises need to pay certain environmental treatment expenses in the
production process. In order to make up for this part of the cost, enterprises will increase
energy input to obtain high output, resulting in an increase in the emission of environmen-
tal pollutants. In this paper, the investment in industrial pollution control was used to
characterize environmental regulation, and the specific indicators are shown in Table 2.

Table 2. Influencing factors of industrial green innovation efficiency.

Variable

Variables Index Code Unit
Enterprise scale Industrial GDP/number of ES 10,000 yuan/piece
enterprises
Degree of opening to the .
. total imports and exports OPEN Ten thousand dollars
outside world
. Added value of secondary o
Industrial structure industry / Total GDP INS Yo
. Government science and
Government science and o
technology expenditure technology GOV e
expenditure/Total GDP
Environmental reeulation Investment in industrial ER Ten thousand Chinese
& pollution control yuan (RMB)

4.3. Spatial Econometric Model Estimation Results

According to Tobler’s First Law of Geography (TFL), things or attributes are interre-
lated in space, which is characterized by agglomeration, randomness, and regular distribu-
tion [45]. If the spatial correlation of the research object is ignored, the prediction results
will be biased. Before spatial econometric regression, this paper uses the Moran index to
test the spatial correlation of industrial green innovation efficiency based on an adjacency
weight matrix. The results are shown in Table 3. During the study period, the Moran index
of the total industrial green innovation efficiency was positive and passed the significance
test at the 10% level, indicating that the efficiency of industrial green innovation was spa-
tially dependent between different regions. The index value showed a fluctuating upward
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trend from 2009 to 2019, always floating in the range of 0.135 and 0.251, and the spatial
impact of industrial green innovation efficiency continued to output. In terms of stages,
the Moran index of scientific and technological R&D efficiency is positive and significant
at the level of 5%. The possible reason is that the scientific and technological R&D stage
is mainly the investment of initial resources such as research funds and technicians and
the frequent flow of production factors such as labor and capital among regions, which
enhances the exchange and cooperation of enterprises in different regions. In addition,
scientific and technological innovation achievements are mainly based on papers, patents,
monographs, and other explicit knowledge are dominant, which is easy to be absorbed
and utilized by innovation subjects. By relying on knowledge and technology spillover,
the spatial spillover effect of scientific and technological R&D efficiency is significant. The
Moran index of achievement transformation efficiency is positive, but some years fail to
pass the significance test. Because the achievement transformation stage mainly involves
commercialization activities such as promotion, sales, and market segmentation of new
products, the spillover of achievement transformation efficiency is restrained based on
market competition and privacy protection.

Table 3. Overall efficiency of industrial green innovation and Two stages Moran’s I.

Y Total Efficiency Technology R&D Efficiency Achievement Transformation Efficiency
e Moran’sI Z Value  p Value Moran’sl Z Value P Value Moran’s I Z Value p Value
2009 0.135 *** 2.551 0.001 0.155 *** 2.954 0.003 0.088 1.125 0.156
2010 0.154 ** 2.083 0.014 0.176 *** 2.887 0.003 0.155 ** 1.479 0.035
2011 0.147 * 1.654 0.055 0.194 *** 2.542 0.000 0.124 ** 1.275 0.025
2012 0.219 ** 1.662 0.035 0.225 *** 2.114 0.000 0.097 * 1.552 0.075
2013 0.176 * 1.445 0.075 0.216 ** 1.844 0.017 0.105 ** 1.758 0.034
2014 0.251 *** 2.668 0.001 0.207 ** 2.439 0.011 0.133 1.874 0.185
2015 0.168 *** 2.105 0.001 0.258 *** 2.977 0.000 0.154 ** 2.033 0.044
2016 0.227 ** 1.857 0.025 0.244 *** 3.012 0.001 0.127 1.776 0.274
2017 0.215 *** 2.761 0.000 0.269 *** 3.174 0.000 0.144 * 1.836 0.077
2018 0.226 *** 1.795 0.000 0.231 *** 2.785 0.000 0.166 ** 2.105 0.021
2019 0.238 *** 2.223 0.001 0.285 *** 2.655 0.000 0.183 ** 2.154 0.030

Notes: *, ** and *** Denote statistical significance at the 10%, 5% and 1% levels, respectively.

Statal6.0 software was used to conduct spatial econometric regression on the influenc-
ing factors of green innovation efficiency in 30 provinces and cities in China. The Hausman
test results reject the original hypothesis at the 5% significant level, so the fixed effect model
was selected. By considering the heterogeneity of geographical location and economic
development level in the research sample, the spatio-temporal double fixed effect model
was selected. The specific results are shown in Table 4. Combined with the Ansenlin
judgment criterion, through the comparison of corrected R? and Log-likelihood estimation
results, the spatial Dubin model (SDM) was selected for further analysis.

Because green innovation activities include two stages of scientific and technological
R&D and achievement transformation, in order to avoid repeated discussion, this paper fo-
cused on the regression results of various influencing factors on scientific and technological
R&D efficiency and achievement transformation efficiency.
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Table 4. Regression results of two-stage green innovation efficiency.
Variabl Science and Technology R&D Efficiency Achievement Transformation Efficiency
arables OLS SAR SEM SDM OLS SAR SEM SDM
InES —0.035* —0.131 —0.041 —0.128 0.277 * 0.182 ** 0.107 ** 0.151 **
InOPEN 0.396 ** 0.277 *** 0.286 ** 0.322 *** 0.303 *** 0.411 *** 0.274 *** 0.318 ***
InINS 0.057 *** 0.077 ** 0.106 *** 0.063 *** 0.154 0.135 0.118 0.217
InGOV 0.085 *** 0.127 *** 0.097 *** 0.141 **+* 0.124 * 0.088 0.115 0.136
InER 0.158 *** 0.147 *** 0.131 *** 0.144 *** —0.065 ** —0.117 *** —0.104 *** —0.114 **
InES x W 0.215 —2.04 **
InOPEN x W 0.211** 0.234 ***
InINS x W 0.041%** 0.146
InGOV x W 0.124 0.159
InER x W 0.087** 0.102
Ap 0.135 *** 0.207 *** 0.241 *** 0.037 * 0.145 *** 0.187 ***
R2-ad 0.701 0.677 0.715 0.737 0.651 0.635 0.688 0.704
Log-likelihood 215.225 227.326 248.542 210.235 214.568 227.305
Individual effect Fixed Fixed Fixed Fixed Fixed Fixed Fixed Fixed
Time effect Fixed Fixed Fixed Fixed Fixed Fixed Fixed Fixed
N 330 330 330 330 330 330 330 330

Notes: *, ** and *** Denote statistical significance at the 10%, 5% and 1% levels, respectively.

4.3.1. Technology R&D Stage

It can be seen from Table 3, from the empirical results of the technology R&D stage, the
influencing factors have the following three characteristics. Firstly, geographical proximity
has a significant positive impact on science and technology R&D efficiency. Correlation
coefficients of spatial Dobbin model (SDM) and spatial error model (SEM) were p 0.241
and 0.207, respectively. In the spatial lag model (SAR), A, the value is 0.135, and all pass
the significance test at the 1% level. The spatial lag coefficient of openness, industrial
structure, and environmental regulation all pass the test at the 5% level, which indicates
that the scientific and technological R&D efficiency of a province and city is affected by the
surrounding areas, and there is an obvious regional correlation effect in space.

Secondly, openness, industrial structure, government technical expenditures, and
environmental regulation have a significant positive impact on science and technology
R&D efficiency. It can be seen from Table 3 that the regression coefficient of openness
is 0.322, which is significant at the level of 5%, and the coefficient is the largest among
all influencing factors, indicating that the higher the degree of openness, the greater the
regional tolerance and the more opportunities to communicate with foreign businessmen,
so as to form regional cultural diversity, promote the emergence of innovative ideas and
technology exchange and interaction, and improve the efficiency of scientific and technolog-
ical R&D. The regression coefficient of industrial structure is 0.106, which is significant at
the level of 1%, indicating that industrial agglomeration and the expansion of the number
of enterprises have a significant positive impact on science and technology R&D. industrial
enterprises have had economies of scale in the R&D process, and the industrial structure
has gradually changed to advanced, rationalized, and green, reducing environmental pol-
lution and improving the utilization rate of local resources and the efficiency of science
and technology R&D. The regression coefficient of government technical expenditures is
0.097, which is significant at the level of 1%, and fully shows that government support
is the basic guarantee for enterprises to realize green innovation. Government technical
expenditures enhance the innovation enthusiasm of small and medium-sized enterprises to
a certain extent, alleviate the shortage of funds in the R&D process, reduce the innovation
risk of enterprises, and improve the efficiency of scientific and technological innovation.
The regression coefficient of environmental regulation is 0.144, which is significant at the
level of 1%. This result is consistent with the inference of “Porter Hypothesis”, indicat-
ing that environmental regulation can effectively promote the efficiency of scientific and
technological research and development [46]. The government forces enterprises to carry
out independent innovation through incentive and command regulation means so as to
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improve the internal production efficiency and technical level of enterprises, and then
produce “innovation compensation” for the cost of environmental compliance effect.

Thirdly, the regression coefficient of enterprise scale on technology R&D efficiency is
negative but not significant. This conclusion is similar to the research results of Wentao [47],
which may be because the science and technology Ré&D process has high requirements
for an innovative environment and diversified system. Compared with small and micro
enterprises, large enterprises have complex levels, rigid operation modes, and lack of
innovation flexibility.

4.3.2. Achievement Transformation Stage

From the empirical results of the achievement transformation stage, the influencing
factors of achievement transformation efficiency have the following four characteristics:
firstly, geographical proximity has a significant positive impact on achievement transforma-
tion efficiency. It can be seen from Table 4 that the spatial correlation coefficients are 0.037,
0.145, and 0.187, respectively, which pass the significance test, but the spatial dependence is
weaker than that in the scientific and technological R&D stage, which is consistent with the
results of spatial autocorrelation test. In addition, the spatial lag coefficient of enterprise
scale and openness is significant at the level of 10%.

Secondly, enterprise scale and openness have a significant positive impact on the
efficiency of achievement transformation. The regression coefficient of the enterprise scale
is 0.151, which is significant at the level of 5%. The difference from the scientific and
technological R&D stage is that in the achievement transformation if the enterprise scale is
small, it is easy to lead to the rupture of capital chain and the termination of production and
operation activities, while large-scale enterprises can invest a lot of manpower and capital to
promote the commercialization and marketization of technical products. It can be seen from
Table 4 that the regression coefficient of the degree of opening to the outside world is 0.318,
which is significant at the level of 1%. The possible reason is that opening to the outside
world is conducive to product upgrading, promoting enterprise technical exchange and
cooperation, and market competition. In order to seize the market opportunity, enterprises
will continue to enhance their independent innovation ability to carry out technological
innovation, thus improving the innovation level and achievement conversion rate.

Thirdly, it can be seen from Table 4 that the regression coefficient of industrial structure
and government technical expenditures on achievement transformation efficiency is 0.217,
but it is not significant. The main reason is that industries in different regions focus on
learning advanced management experience and technical knowledge exchange, have less
contact with product R&D and transformation and market competition, and new prod-
uct achievements rely more on the enterprise’s own production plan and marketization
experience, and the industrial structure fails to promote the efficiency of achievement
transformation effectively. Government technical expenditures are mainly to improve the
independent innovation ability of enterprises. The financial support obtained by enter-
prises is mostly used in the scientific and technological R&D stage, and the achievement
transformation stage is less affected.

Fourthly, it can be seen from Table 4 that the regression coefficient of environmental
regulation is —0.114, which is significant at the level of 1%. The main reason is that
China’s economy is in the initial stage of transforming from extensive growth to high-
quality development, the absorption and transformation capacity of innovative resources
is relatively weak, and the enhancement of environmental regulation means leads to the
closure of some enterprises with high pollution, high consumption, and serious waste of
resources. In addition, the R&D stage of science and technology has the characteristics of
a long R&D cycle and slow results, and the knowledge condensation based on patents,
monographs, and papers has little impact. In the long run, environmental regulation can
effectively stimulate scientific and technological R&D, which is an important guarantee for
the prominent benefits of later application research.
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5. Discussion

This paper innovatively divides the green innovation efficiency into two stages (Tech-
nology R&D efficiency stage and achievement transformation efficiency stage) to analyze
Temporal evolution, spatial evolution, and influencing factors. By combing the literature,
it is found that previous studies usually regard the innovation process as a “black box”,
ignoring the internal structure and operating mechanism of innovation [48]. A complete
innovation process is composed of a series of interrelated sub-processes. However, most of
the literature regards corporate green innovation as a whole, and few researchers study green
innovation in different stages. Therefore, according to the theory of “innovation value chain”
put forward by Hansen et al. [49], this paper divides the process of green innovation into
two stages: scientific and technological R&D stage and achievement transformation stage, so
as to open the “black box” of innovation and help to deeply analyze the internal mechanism
of the process of green innovation. The scientific and technological R&D stage mainly refers
to the process that initial resources such as capital and technicians are put into the output of
new products, and the scientific and technological achievements in this stage will be applied
as intermediate products to the achievement transformation stage. The achievement trans-
formation stage mainly refers to the process in which research achievements are gradually
transformed into productive forces, and economic benefits are realized.

As quantitative research, there are still some limitations and future research in this
paper. The samples of this study choose industrial sectors, which leads to the regional
and industrial limitations of the research conclusions. Then, whether there are differences
among high-tech industries, tertiary industries, and other industries needs to be further ex-
plored. This paper selects representative internal and external influencing factors (openness,
industrial structure, government technical expenditures, firm size, and environmental reg-
ulation). The impact mechanism of other influencing factors on the efficiency of industrial
green innovation needs to be further studied.

6. Conclusions

Based on the perspective of the innovation value chain, this paper calculates the green
innovation efficiency of industrial enterprises in China’s 30 provinces and cities from 2009
to 2019 by using the super-efficiency network SBM model, innovatively dividing the green
innovation efficiency into two stages, namely, technology R&D Efficiency stage and achieve-
ment transformation efficiency stage. Furthermore, combined with the exploratory spatial
data analysis (ESDA) and the spatial multi-objective model, this paper comprehensively
and systematically analyzes the spatio-temporal evolution characteristics and influencing
factors of industrial green innovation efficiency. In general, the overall efficiency of green
innovation in China’s industry is low, and there is much room for improvement. The main
conclusions are as follows.

Firstly, based on the temporal series, technology R&D efficiency, achievement transfor-
mation efficiency, and total efficiency all show an evolution trend of “rise-decline-rise” and
an overall slow rise from 2009 to 2019. The main reason, on the one hand, China’s market
of scientific and technological achievements is still in its initial stage, and the absorption
and transformation capacity of innovative achievements is relatively weak, resulting in low
marketization efficiency in the stage of achievement transformation. On the other hand, the
achievement transformation efficiency depends on the technology R&D efficiency, which is
due to the long research period (papers, works, appearance patents, and other knowledge
achievements), slow effectiveness, and hysteresis at the stage of technology R&D efficiency,
resulting in low achievement transformation efficiency.

Secondly, from the perspective of spatial distribution patterns, technology R&D effi-
ciency and achievement transformation efficiency in the eastern region are at the leading
level. This is due to the early start and rapid development of industry and high-tech
industries in the eastern region. In addition, the initial innovation resources such as human
capital are fully invested, and the advantages of economic scale and innovation environ-
ment are remarkable. By relying on the advantages of natural location, attracting foreign
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investment, and learning from a foreign advanced technical level and management ex-
perience, the eastern region has taken the lead in becoming the key promotion area and
leading area of China’s green innovation development strategy. In contrast, the technology
R&D efficiency in the western region grew slowly and changed little, but the efficiency of
achievement transformation increased rapidly. This is mainly due to the efficient utilization
of innovative resources in Sichuan, Chongging, and other places in the west, so as to
provide scientific and technological talents for enterprises. On the whole, the efficiency of
China’s industrial green innovation is low, and the gap is large. On the whole, it shows the
situation of East High and low middle. The areas with high green innovation efficiency are
coastal areas with a relatively developed economy, while the relatively backward northwest
and the middle reaches of the Yellow River have low green innovation efficiency.

On the whole, China’s industrial green innovation efficiency is generally low, with a
large gap, and it is generally high in the east, low in the central regions. The areas with
high green innovation efficiency are coastal areas with a relatively developed economy,
while the economically backward northwest and the middle reaches of the Yellow River
have low green innovation efficiency. This further illustrates the correlation between the
industrial green innovation efficiency and the regional economic development level.

Thirdly, from the internal and external driving factors of two-stage green innovation
efficiency, this paper draws the following conclusions: from the empirical results of technol-
ogy R&D stage, it is concluded that geographical proximity, openness, industrial structure,
government technical expenditures, and environmental regulation have a significant posi-
tive impact on technology R&D efficiency. The impact of enterprise scale on technology
R&D efficiency is not significant. From the achievement transformation stage, geograph-
ical proximity, openness, and enterprise scale have a significant positive impact on the
efficiency of achievement transformation. Industrial structure and government technical
expenditures have no significant impact on the efficiency of achievement transformation.
Environmental regulation has a significant negative impact on the efficiency of achievement
transformation.
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