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EVALUATION AND SPATIOTEMPORAL
EVOLUTION OF GREEN INNOVATION
EFFICIENCY IN CHINA:

A TWO-STAGE VALUE CHAIN PERSPECTIVE

MINJIE LI
YIHUI CHEN

ABSTRACT

As the global problems of environmental pollution and ecological degradation are
becoming important obstacles to the realisation of sustainable development, green
technological innovation (GTI) has received wide attention in the academic and
practical communities worldwide. Commonly, the GTI process can be divided into two
stages: green technology R&D and green achievement transformation. The contribution
of GTI to economic development and environmental protection depends to a large
extent on green innovation efficiency (GIE). Based on the panel data on inputs and
outputs of 30 provinces in China from 2007 to 2021, this study applied the super
efficiency SBM model considering undesirable outputs to evaluate green technology
R&D efficiency (GTRDE) and green achievement transformation efficiency (GATE).
Additionally, this study adopted the global and local Moran’s | index for spatial
autocorrelation analysis. First, GTRDE showed a trend of “eastern > western > central
> northeastern”, while GATE showed a trend of “eastern > central > western
> northeastern”. Second, although GATE was higher than GTRDE in most provinces, the
differences between provinces were significantly larger for the former than for the
latter. Third, global spatial autocorrelation in GIE across provinces was significant only
in a few years, while local spatial autocorrelation existed only in a few provinces. Based
on the two-stage value chain perspective, the green innovation process is divided into
green technology R&D and green achievement transformation. This paper also
introduces a super-efficiency SBM model that considers undesirable outputs when
calculating GIE. This is in line with the basic laws of GTI and development in reality.
Thus, to enhance the efficiency of green innovation, governments and enterprises
should raise awareness of GTI, enhance inter-regional exchanges and collaboration,
and take a variety of measures to narrow the gap between regions.
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INTRODUCTION

As an integral part of the world’s economic sys-
tem, China’s economy has grown by leaps and bounds
over the past few decades. According to the World
Bank (2023), China's GDP grew at an average annual

rate of 6.056 % from 2013-2022 and is now firmly
established as the world’s second-largest economy,
just after the United States. China eliminated absolute
poverty and hunger by the end of 2020, a world-
renowned achievement that makes it an important
representative of developing countries and emerging
economies. However, such rapid development is often
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characterised by high inputs, high consumption and
high emissions and comes at the expense of the envi-
ronment and ecology, further leading to environmen-
tal pollution and ecosystem degradation (Cao et al,,
2021; Fan et al.,, 2021). For instance, according to the
World Resources Institute (2023), China is the world’s
largest emitter of greenhouse gases. Greenhouse gas
emissions have become an important environmental
issue in China and worldwide. To change this critical
situation and achieve the goal of sustainable develop-
ment, China proposed the goals of carbon peaking
before 2030 and carbon neutrality before 2060 (dual
carbon goals) in September 2020, pledging to make
every effort to repair the environment and solve eco-
logical problems. Then, the concept of green develop-
ment has continued to receive extensive attention
from the academic and practical communities. In
short, green development advocates resource conser-
vation, ecological protection and environmental
governance. It seeks to realise the harmonious coex-
istence between humans and nature and is an impor-
tant means of achieving the sustainable development
goal. At present, the governments at all levels in
China have incorporated the concept of low-carbon
and green development into policymaking and plan-
ning (Zhang et al., 2022).

The realisation of green development cannot be
separated from the support of technological innova-
tion. Technology is an important force for human
development and social progress, bringing many
conveniences to human production and daily life.
Specifically, technology helps to free humans from
various boring, tedious, and dangerous tasks and
move them to other, more important tasks. This way,
it accomplishes the social division of labour and col-
laboration between humans and machines. However,
the creation and existence of technology does not
always have only positive aspects but also negative
impacts, especially for the environment and ecology
in the case of non-green parts in technologies. For
instance, although the invention of plastics has facili-
tated people’s daily lives, their characteristics of being
difficult to degrade and recycle lead to environmental
degradation. Some of the discarded plastics have seri-
ously threatened the survival of marine life, such as
fish. Additionally, the convenience of technology
tends to divert human beings towards extravagant
enjoyment, resulting in greater environmental pollu-
tion and waste of resources. Therefore, green tech-
nologies, as compared with traditional technologies,
need to be the focus of attention to realise green
development. The active development of green tech-

nologies is the key to realising a green and low-carbon
transformation of society and resolving the conflict
between economic growth, resources, and the envi-
ronment (Du & Li, 2019; Shan et al,, 2021). It has
become a consensus to promote economic growth
and environmental improvement by raising the level
of green technological innovation (GTI) (Faulkner,
2004). GTI can drive rapid economic growth while
avoiding negative externalities that innovation activi-
ties may bring to the ecology and the environment
(Cao et al,, 2021; Fang et al,, 2022a; Shan et al., 2021;
Moskalenko et al., 2022; Fu et al., 2023; Fu & Chang,
2024). Thus, combining green development and
technological innovation has become an effective
means to achieve sustainable development (Fan et al.,
2021; Zeng et al., 2021).

Obviously, the effectiveness of GTI in realising
the goal of sustainable development depends largely
on the efficiency of green innovation. Normally, effi-
ciency reflects the ratio between the quantities of
various inputs and outputs at a specific time (Xu et al.,
2020). Under the conditions of a given range of
resource inputs and technologies, regions with higher
green innovation efficiency (GIE) can produce more
desirable outputs (i.e., environmentally friendly out-
puts) and fewer undesirable outputs (i.e., non-envi-
ronmentally friendly outputs). According to the
National Bureau of Statistics of China (2023), the
intramural expenditure on R&D in China grew at an
average annual rate of 11.228 % from 2013-2022 and
reached 3.087 trillion yuan in 2022. Similarly, the
full-time equivalent of R&D personnel in China
reached 6.041 million man-years in 2022. However,
even with all these inputs, the desirable outputs pro-
duced are still relatively insufficient. The low efficiency
of green innovation in China may be due to the loss
or waste of technology in serving production and life,
or it may be due to the management system. In addi-
tion, there are differences in GIE between regions due
to the differences in geographic location, resource
endowment and policy planning. So, measuring the
GIE in China’s provinces and improving GTI are
important issues that China needs to address at pre-
sent, and they are also the starting point of this study.

The contributions and innovations of this study
compared to existing studies are in the following
three main aspects. First, the contribution to the
research perspective. On the basis of the two-stage
value chain perspective, the green innovation process
is divided into green technology R&D and green
achievement transformation. Besides, considering
the time lag effect, this study calculates the green
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technology R&D efficiency (GTRDE) and the green
achievement transformation efficiency (GATE) sepa-
rately. This is aligned with the reality of the basic laws
of GTI and development. Second, the contribution to
research methodology. This study introduces a super-
efficiency SBM model that considers undesirable
outputs when calculating GIE. The efficiency values
calculated by this method can be greater than 1.000,
avoiding the inability to compare decision-making
units (DMUs) when they are simultaneously effective.
Meanwhile, this method considers undesirable out-
puts, such as carbon emissions and energy consump-
tion, and the global frontier-based measure allows for
horizontal and vertical comparisons of GIE. Third,
the contribution to research content. This study cal-
culates the GIE based on the two-stage value chain
perspective. Additionally, this study analyses and
visualises the spatial and temporal evolution of GIE
in different provinces, as well as the spatial autocor-
relation. So it can ensure that the results align with
social development’s reality.

1. LITERATURE REVIEW

1.1. GIE

As an effective means of improving the utilisa-
tion efliciency of energy and nature’s resources, easing
environmental pollution and ecological degradation,
and realising sustainable development, the GTT has
received extensive attention from academic and prac-
tical circles (Cao et al., 2021; Miao et al., 2017; Sun et
al,, 2017). Among them, much of the existing research
provides an in-depth portrayal of the GTT process as
a whole (Shan et al., 2021). However, the approach of
considering the GTI as a whole is flawed and does not
allow for effective differentiation between the subcat-
egories. So, Song and Han (2022) considered catego-
rising GTT into green product innovation and green
process innovation. However, such a categorisation
still fails to differentiate GTIs from the sequence of
processes. In terms of the sequence of processes,
based on the innovation value chain perspective, GTI
can be categorised into two stages: green innovation
of R&D activities and transformation activities of
green innovation achievement (Sun et al., 2022; Zhu
et al., 2021). Obviously, these two stages are chrono-
logically sequential and can provide a good GTI
explanation.

Several research efforts have focused on GTI,
measured by using indicators related to green patents

(i.e., green invention patents and green utility model
patents) applications and grants (Feng et al., 2022;
Gao et al, 2022; Zhang & Liu, 2022). For instance,
Suki et al. (2022) used green technological patents as
the proxy of GTI and evaluated the GTI in the ASEAN
region. Wang et al. (2019) also used the patent data to
measure the GTI in China. Besides, Xue et al. (2022)
used green patents granted to measure the GTL
However, the GTT using green patents as the proxy
considers quantitative performance and
neglects the quality and efficiency. Therefore, many
research efforts focus on the GIE, e.g., Fang et al.
(2022b), Liao and Li (2023), and Miao et al. (2021). In
addition, Fan et al. (2021) and Wang et al. (2023)
evaluated the GIE of 235 cities and 285 prefecture-
level or above cities in China, respectively. Sun et al.
(2022) calculated the GIE in tourism in 30 Chinese
provinces. So, the existing literature suggests that
evaluating the GIE of the study area yields more use-
ful conclusions than evaluating GTIs.

Currently, the research topic of GIE is related to
different hierarchies and industries. Specifically, the
hierarchies of existing studies include the national
level (Dong et al., 2022; Jian & Afshan, 2023; Obobisa
etal., 2022; Razzaq et al.,, 2021; Sharif et al., 2022), the
provincial level (Cao et al., 2021; Chen et al.,, 2023),
and the municipal level (Lin & Ma, 2022; Wei et al.,
2023). For instance, Song and Han (2022) and Zhao
et al. (2023) evaluated the GIE of 30 Chinese prov-
inces. Fan et al. (2021), Huang and Wang (2020),
Zeng et al. (2021), and Zhang et al. (2020) also calcu-
lated the GIE of 235 cities, 108 cities in the Yangtze
River Economic Belt, 26 cities in Yangtze River Delta
region, and Xian, China, respectively. A careful sum-
mary of studies on GIE in China found that most of
them were regionally focused, and most of them were
at the municipal level. In the industrial sectors, stud-
ies were mainly focused on intensive pollution indus-
tries (Li & Zeng, 2020; Li et al., 2022b), manufacturing
industry (Wang, 2023), industrial enterprises (Miao
et al, 2021; Xu et al, 2022b), family enterprises
(Zheng et al., in press), and so on. For instance, He et
al. (2021) calculated the GIE of listed Chinese paper-
making enterprises and showed that the overall GIE
of the 12 selected listed paper enterprises was low, as
well as significant differences in efficiency between
enterprises. In addition, Yin and Wang (2021) meas-
ured the GIE of new equipment manufacturing and
showed apparent differences in the GIE of different
new equipment manufacturing and uneven develop-
ment. Also, Sun et al. (2022) evaluated the innovation
efficiency of China’s tourism industry and indicated

more
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that all provinces showed some differences in green
R&D efficiency and green achievement conversion
efficiency.

Studies use various methodologies to evaluate
GIE. Specifically, the main methods for evaluating
GIE are the slacks-based measure of super-efficiency
(Super-SBM) model (Xu et al., 2020; Li & Du, 2021;
Li & Zeng, 2020; Zhang et al., 2022; Xu et al,, 2022a),
the super-SBM model considering the undesirable
outputs (Li et al., 2022b), and SBM model consider-
ing undesirable outputs (Fan et al., 2021). Also, some
scholars have adopted the super network SBM model
(Liao & Li, 2023), global super epsilon-based measure
(EBM) model (Wang et al., 2023), the two-stage SBM
model considering undesirable output (Miao et al,
2021), the super EBM-undesirable model (Wang et
al., 2022), and the slacks-based measure of directional
distance functions (SBM-DDF) model (Zhang et al.,
2020). In addition, some scholars focus on the
changes in productivity rather than efficiency itself
when evaluating the GIE. Therefore, they apply the
global Malmquist-Luenberger index to measure GIE
(Lvetal, 2021; Long et al., 2020; Zeng et al., 2021). To
summarise, the studies show that the super-efficiency
SBM model, including undesirable outputs, has
become an effective method for evaluating the GIE.

1.2. APPLICATION OF THE SUPER-EFFICIENCY
SBM MODEL

In 1978, Charnes et al. first introduced the data
envelopment analysis (DEA) model to evaluate the
effectiveness of decision-making units (DMUs). The
DEA model plays an important role in evaluating the
effectiveness of multiple inputs and outputs of multi-
ple DMUs. Then, considering the shortcomings of the
traditional DEA model, Tone (2001) greatly improved
it and named it the slacks-based measure (SBM)
model. In addition, when multiple DMUs are effec-
tive (i.e., the efficiency value is equal to 1), the tradi-
tional DEA model cannot be further compared,

Definition of the
research topic

Development of

Conclusions Discussion

Fig. 1. Research process flow chart

literature review [—

which poses a challenge for effectiveness evaluation.
So, Tone (2002) introduced the concept of super-efhi-
ciency and proposed the super-efficiency SBM model.
Then, due to the widespread academic interest in
undesirable outputs, Tone (2003) developed the SBM
model, which considers undesirable outputs. There-
after, the super-efficiency SBM model, which consid-
ers undesirable outputs, has become one of the most
commonly used methods for evaluating the effective-
ness of multiple DMUs.

Up to now, the super-efficiency SBM model has
been widely used in the evaluation of effectiveness in
many fields, such as social, economic and environ-
mental aspects. In the social and economic aspects,
this method was used to measure the efficiency of the
hotel industry (Ashrafi et al., 2013), urban land use
(Zhu et al., 2019), green growth (Razzaq & Yang,
2023), sustainable development (Khan et al., 2021),
commercial banks (Shah et al., 2022), green total fac-
tor productivity (Wu et al., 2020), and green economic
growth (Zhao et al., 2022). Additionally, in the envi-
ronmental aspect, this method was applied to meas-
ure the energy efficiency (Gokgoz & Erkul, 2019;
Tran et al,, 2019), the environmental efficiency (Dirik
et al., 2019; Li et al., 2022a; Taleb et al., 2023), and
carbon emission efficiency (Fang et al., 2022a).

2. MATERIALS AND METHODS

2.1. RESEARCH PROCESS

The following steps were taken to carry out the
study described in this paper: the definition of the
research topic; the development of a literature review
on GIE and application of the super-efficiency SBM
model; selection of the study area; the definition and
measurement of input and output indicators in the
green technology R&D stage and green achievement
transformation stage; the data collection; evaluation,
spatiotemporal evolution and spatial autocorrelation

Definition and
measurement of
indicators

Data collection

Selection of the
study area

Analysis
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analysis of China’s GIE; discussion; and conclusions.
The research process flow chart is presented in Fig. 1.

2.2. STUDY AREA

The study area in this research, i.e., the adminis-
trative division of China, is shown in Fig. 2. Accord-
ing to the definition of the National Bureau of
Statistics of China, the country’s 34 provincial admin-
istrative units can be divided into five regions: East-
ern, Central, Western, Northeastern, and Hong Kong,
Macao and Taiwan. Also, according to the Codes for
the Administrative Divisions of the People’s Republic
of China (GB/T 2260-2007), a two-letter code for
each provincial administrative unit is also labelled in
Fig. 2. The eastern region includes ten provinces, the
central region includes six provinces, the western
region includes twelve provinces, while the north-
eastern region includes three provinces.
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2.3. DEFINITION AND MEASUREMENT
OF INDICATORS

The study aims to evaluate the efficiency of green
innovation; hence, the selected variables are mainly
related to input and output indicators. The undesira-
ble outputs, such as carbon dioxide emissions and
energy consumption, are fully considered in the out-
put indicators selected. Additionally, as mentioned
previously, the green innovation process can be
divided into two stages, i.e., green technology R&D
and green achievement transformation. Typically,
technological innovation has a significant time lag
effect, i.e., outputs in a specific year are supposed to
result from inputs in previous years. That is, for tech-
nological innovation, it is difficult to have a relatively
large number of associated outputs within a short
period of time for the current year’s inputs. Hence,
considering that green technologies need to go

Fig. 2. Division of administrative regions in China

Tab. 1. Definition and measurement of the input and output indicators in the green technology R&D stage

INDICATOR DEFINITION AND MEASUREMENT unit
Input (4)

IERD Intramural expenditure on R&D billion yuan
GPEST General public expenditure on S&T billion yuan
ENPD Expenditure on new products development billion yuan
FERDP Full-time equivalent of R&D personnel 10000 man-years

Output (3)

NGPA Number of green patent applications 1000 unit
NGPG Number of green patent grants 1000 unit
PNPD Projects for new products development 1000 unit
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through a relatively long period of time from R&D to
transformation, the input and output indicators for
these two stages should be different. When construct-
ing an indicator system to evaluate the efficiency of
green innovation, a distinction should be made
between the selection of indicators for these two dif-
ferent stages.

The definition and measurement of the input and
output indicators in the green technology R&D stage
are shown in Table 1. In this stage, the input indica-
tors consist mainly of capital (IERD, GPEST and
ENPD) and labour (FERDP).

The output indicators of the green technology
R&D stage, which is the antecedent of the green
achievement transformation stage, should be consid-
ered as part of the input indicators of the green
achievement transformation stage. Energy consump-
tion and non-R&D inputs are also input indicators to
be considered at this stage. Among them, non-R&D
inputs are mainly obtained by adding the expenditure
for the acquisition of foreign technology, assimila-
tion, purchase of domestic technology, and technol-
ogy renovation. The undesirable outputs are mainly
considered in the green achievement transformation
stage. As one of the undesirable outputs, the compre-
hensive index of environmental pollution is derived
from four indicators (industrial COD discharged,
industrial SO2 emission, common industrial solid
wastes generated, and CO2 emissions) and is calcu-
lated by the entropy weighting method. The evalua-
tion indicators selected for the green achievement
transformation stage are shown in Table 2.

2.4. DATA SOURCES

In this study, raw data on inputs and outputs of
Chinese provinces from 2007 to 2021 were selected to
calculate GIE. Four provinces, Hong Kong, Macao,
Taiwan and Xizang, were not included in the study
area due to the missing data. Hence, only 30 provinces
in China were included in the study area, yielding
a sample of 450. This study mainly obtained raw data
from the National Bureau of Statistics of China, Chi-
nese Research Data Services (CNRDS) Platform,
China Statistical Yearbook, China Energy Statistical
Yearbook, China Statistical Yearbook on Environ-
ment, and China Statistical Yearbook on Science and
Technology. Simultaneously, this study filled in the
missing data through other official sources (e.g., sta-
tistical yearbooks released by the provinces) to ensure
the accuracy of the data and the rigour of the study.
None of the raw data has been transformed in any
way other than that. The data sources of all indicators
are shown in Table 3.

Additionally, the descriptive statistics for all
indicators are shown in Table 4. In the green technol-
ogy R&D stage, the time range for the data of IERD,
GPEST, ENPD and FERDP is 2007-2019. Corre-
spondingly, the time range of NGPA, NGPG and
PNPD is 2008-2020. Similarly, in the green achieve-
ment transformation stage, the raw data of TEC and
NRD], besides NGPA, NGPG and PNPD, also range
from 2008 to 2020. As output indicators, the raw data
of SRNP, TVTM, VAI, CIEP and ECGDP range from
2009 to 2021. That is, considering the time lag effect

Tab. 2. Definition and measurement of the indicators in the green achievement transformation stage

INDICATOR DEFINITION AND MEASUREMENT unNit
Input (5)
NGPA Number of green patent applications 1000 unit
NGPG Number of green patent grants 1000 unit
PNPD Projects for new products development 1000 unit
TEC Total energy consumption million tce
NRDI Non-R&D inputs billion yuan
Desirable output (3)
SRNP Sales revenue of new products billion yuan
TVTM Transaction value in technical markets billion yuan
VAI Value-added of industry billion yuan
Undesirable output (2)
CIEP Comprehensive index of environmental pollution index
ECGDP Energy consumption per unit of GDP tce/10000 yuan
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Tab. 3. Sources of raw data for all indicators

INDICATOR SOURCE
ENPD, PNPD, SRNP, TVTM The National Bureau of Statistics of China
NGPA, NGPG Chinese Research Data Services (CNRDS) Platform
GPEST, VAI, ECGDP China Statistical Yearbook
TEC, CIEP, ECGDP China Energy Statistical Yearbook
CIEP China Statistical Yearbook on Environment
IERD, FERDP, NRDI China Statistical Yearbook on Science and Technology
Tab. 4. Descriptive statistics for all indicators
INDICATOR MEAN MIN MEDIAN MAX ST.D SKEWNESS KURTOSIS
IERD 39.560 0.260 17.614 309.849 50.860 2.325 9.068
GPEST 9.573 0.252 4.604 116.879 13.439 3.711 22.585
ENPD 29.936 0.225 12.706 386.498 48.187 3.649 19.768
FERDP 10.963 0.126 6.510 80.321 12.664 2.384 9.599
NGPA 6.296 0.031 2.750 63.361 9.579 3.105 14.364
NGPG 3.420 0.016 1.578 35.825 5.060 3.166 15.660
PNPD 13.128 0.083 6.237 166.140 21.410 3.715 19.832
TEC 144.218 11.350 117.735 421.329 87.645 0.928 3.273
NRDI 15.231 0.152 10.695 111.691 15.071 2.469 11.851
SRNP 538.918 0.857 262.760 4968.490 787.099 2.806 11.940
TVTM 42.908 0.056 10.374 700.565 87.154 4.080 23.503
VAI 850.608 27.370 590.480 4573.070 807.624 1.955 7.318
CIEP 0.284 0.001 0.249 0.866 0.202 0.725 2.830
ECGDP 0.869 0.173 0.670 2.611 0.523 1.186 3.714
of GIE, this study sets the time lag for both inputs and
outputs of the green technology R&D stage and the ¢ > z”: Prav
green achievement transformation stage to one year. =P
n
2.5. METHODS Vaz Y Ay -s! (1)
s.t. j=1,j#k
The Super-efficiency SBM Model. In this study, b, > Z"“ b, + s
the super efficiency SBM model considering undesir- J=1,j%k
able outputs is applied to calculate the GTRDE and }L]f >0,s 20,5/ >0, j=1,--,n

the GATE in 30 provinces in China. Specifically, this
model combines the advantages of both the SBM
model and the super-efficiency model, i.e., it consid-
ers undesirable outputs and allows for further differ-
entiation of relatively efficient DMUs. This model
assumes n DMUs, and each DMU involves input,
desirable output, and undesirable output indicators.
Then, referring to Xu et al. (2020), this model can be
constructed as in Eq. (1).

1Y s

| 1+;; :
minp = Ly Ls
S Sh
I+h ,ley +Z; ¢

where p denotes the GIE of provinces, and the
larger the value, the higher the GIE of the specific
province. A represents the constant vector of the
j-th DMU. Moreover,
input, desirable output, and undesirable output
indicator of the j-th DMU in the t-th vyear,
respectively. m, 1 and h denote the number of the

t t t
x;, y; and b, denote the

input, desirable output, and undesirable output
indicator, while s, s” and s, are the slack vector
of the input, desirable output, and undesirable output

indicator, respectively.
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Global and Local Moran’s I Index. In this study,
the global Moran’s I index is adopted to investigate
the global spatial autocorrelation, i.e., the overall
distribution of the GIE, and to judge whether there is
a spatial clustering characteristic and the degree of
clustering of all provinces. The value range of the
global Moran’s I index is [-1,1]. Also, a global
Moran’s I index greater than 0 means that provinces
with higher (or lower) values of GIE are spatially
clustered, i.e., the contiguous provinces have very
similar GIE. Conversely, a global Moran’s I index of
less than 0 implies the existence of negative spatial
autocorrelation, i.e., strong variability in GIE among
contiguous provinces. When the global Moran’s
Iindex is equal to 0, it indicates that there is no spatial
autocorrelation, i.e., the GIE of each province is
spatially randomly distributed. Referring to Li et al.
(2023) and Mei et al. (2023), the global Moran’s
I index can be calculated as in Eq. (2).

~%)(x, -%)

nx Y > w, (x

i=1l j=1 (2)

S(x X <3 Dw,

i1 i=1 j=1

Global Moran's I =

where n represents the number of provinces.
Also, x, denotes the GIE of the i-th province. X is
the average of the green innovation efficiencies of all
provinces. Moreover, w; is the spatial weight matrix
that indicates the adjacency relationship between the
i-th province and j-th province. When the i-th
province and j-th province are adjacent, w; =1 ;

otherwise, w; =0. In addition, a specific province is

not adjacent to itself, i.e., it is specified that w, =0.

The local Moran’s I index is used to measure the
local spatial autocorrelation and spatial distribution
of the GIE of each province in relation to adjacent
provinces. Thus, referring to Li et al. (2023) and Mei
et al. (2023), the local Moran’s I index can be
calculated as in Eq. (3).

X —X ZW (X —X)

Local Moran's I = 3)

n

Z(Xi _7)2

i=1

3. RESULTS AND DISCUSSION

3.1. EVALUATION OF GIE

The evaluation of GTRDE in each province is
shown in Table 5. Due to layout constraints, Table 5

only shows the evaluated efficiencies for even-num-
bered years. Among all the GTRDEs, the highest
value appeared in Hainan in 2008, with an efficiency
of 1.406, while the lowest value appeared in Inner
Mongolia in 2012, with an efficiency of 0.185. That is,
the highest value was 7.6 times the lowest value. Inner
Mongolia ranked in the top ten lowest GTRDEs in
seven years; hence, it became the province with the
lowest average GTRDE, with a value of only 0.314.
Other provinces with low GTRDE included Jilin,
Shanxi, Shanghai, and Liaoning, with average values
below 0.5. On the contrary, the province with the
highest GTRDE was Zhejiang, followed by Hainan,
Beijing, Sichuan, Chongqing, and Ningxia, with aver-
age values above 0.7. Additionally, with the exception
of Guangdong and Inner Mongolia, persistent fluc-
tuation was a distinctive characteristic of the GTRDE
exhibited by the vast majority of provinces. The
GTRDE of Guangdong and Inner Mongolia generally
showed a steady upward trend during the examined
time period.

The evaluation of GATE in each province is
shown in Table 6. Due to layout constraints, Table 6
only shows the efficiencies for odd-numbered years.
GATE in Hainan in 2014 was 1.835, which was the
highest of all efficiencies. In comparison, Guangxi
had the lowest efficiency in 2015, at 0.054. The top 26
lowest-ranked of all efficiencies were from some
selected years in Guangxi, Guizhou, Xinjiang, and
Ningxia. In consequence, Ningxia, Guizhou, and
Guangxi became the three provinces with the lowest
average GATE, with an average efficiency of 0.142,
0.247, and 0.259, respectively. On the contrary, Xinji-
ang was ranked 14th with an efficiency of 0.650. This
is mainly due to the very large fluctuations in the
GATE in Xinjiang in different years, spanning from
0.079 (in 2016) to 1.101 (in 2011), a difference of
nearly 14 times. Furthermore, Hainan, Guangdong,
and Henan had GATE higher than 1, followed closely
by Qinghai, Jiangxi and Beijing, which had efficien-
cies higher than 0.9. Overall, compared with the
GTRDE, the disparity in the GATE in different prov-
inces was more apparent.

3.2. TEMPORAL EVOLUTION OF GIE

The temporal evolution of GTRDE in each
divided region in China is shown in Fig. 3. As shown
in Fig. 3, the temporal evolution of GTRDE is highly
consistent across regions. Nationwide, while the
GTRDE has remained on the rise amidst fluctuations,

it has only increased from 0.651 in 2008 to 0.757 in
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Tab. 5. Evaluation of GTRDE

PROVINCE CoDE 2008 2010 2012 2014 2016 2018 2020 AVERAGE
Zhejiang A 1.066 0.469 0.660 0.620 0.825 1.181 1.072 0.863
Hainan HI 1.406 1.054 0.598 0.571 0.686 1.073 1.132 0.845
Beijing BJ 1.160 0.439 0.573 0.781 1.010 1.099 0.611 0.798
Sichuan Ne 0.769 0.524 0.678 0.620 0.828 1.063 0.657 0.748
Chongging cQ 1.039 0.593 0.685 0.665 0.767 0.717 0.607 0.743
Ningxia NX 1.047 0.384 0.607 0.550 0.731 1.035 0.778 0.724
Guizhou GZ 1.051 0.438 0.516 0.589 0.659 1.065 0.650 0.690
Tianjin T 1.022 0.405 0.483 0.491 0.583 1.033 1.005 0.681
Anhui AH 0.625 0.411 0.585 0.591 0.829 1.072 0.636 0.677
Jiangsu N 0.559 0.434 0.557 0.537 0.649 1.064 1.073 0.677
Guangxi GX 1.006 0.304 0.366 0.499 1.011 0.774 0.627 0.632
Shaanxi SN 1.069 0.484 0.602 0.553 0.443 0.559 0.650 0.620
Guangdong GD 0.392 0.419 0.435 0.410 0.553 1.154 1.092 0.609
Shandong SD 0.508 0.460 0.460 0.452 0.589 0.638 1.011 0.597
Yunnan YN 0.518 0.390 0.454 0.528 0.728 1.007 0.641 0.594
Fujian FJ 0.361 0.411 0.470 0.441 0.743 1.046 0.659 0.575
Hebei HE 0.414 0.399 0.481 0.436 0.637 0.773 1.005 0.552
Heilongjiang HL 0.561 0.419 0.436 0.506 0.563 0.711 0.754 0.550
Qinghai QH 1.079 0.286 0.411 0.205 0.344 0.675 1.084 0.545
Jiangxi JX 0.435 0.344 0.381 0.407 0.672 1.039 0.535 0.526
Hubei HB 0.775 0.453 0.435 0.422 0.443 0.565 0.470 0.519
Hunan HN 0.683 0.412 0.482 0.485 0.492 0.603 0.528 0.516
Henan HA 0.525 0.437 0.413 0.442 0.535 0.723 0.582 0.515
Gansu GS 0.533 0.386 0.478 0.435 0.443 1.031 0.703 0.512
Xinjiang XJ 0.450 0.365 0.328 0.375 0.545 1.007 1.037 0.510
Liaoning LN 0.391 0.347 0.357 0.311 0.486 0.742 0.649 0.453
Shanghai SH 0.418 0.341 0.402 0.394 0.430 0.484 0.496 0.426
Shanxi SX 0.277 0.313 0.318 0.295 0.446 0.615 0.663 0.405
Jilin JL 0.359 0.276 0.319 0.292 0.320 0.457 0.488 0.402
Inner Mongolia NM 0.217 0.186 0.185 0.228 0.296 0.460 0.818 0.314
Average / 0.691 0.419 0.472 0.471 0.610 0.849 0.757 0.594
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Fig. 3. Temporal evolution of GTRDE by region
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Tab. 6. Evaluation of GATE

PROVINCE CoDE 2009 2011 2013 2015 2017 2019 2021 AVERAGE
Hainan HI 1.529 1.119 1.016 1.033 1.035 1.136 1.041 1.173
Guangdong GD 1.013 1.045 1.016 1.040 1.020 1.113 1.111 1.050
Henan HA 1.016 1.030 1.014 0.867 1.023 1.011 1.028 1.006
Qinghai QH 1.236 1.073 1.066 1.101 1.140 1.049 0.410 0.971
Jiangxi X 1.014 1.050 1.044 1.001 0.762 0.469 1.072 0.952
Beijing BJ 1.027 1.035 1.020 0.590 0.651 1.191 1.217 0.946
Fujian FJ 0.620 1.024 0.606 1.012 1.002 1.021 1.048 0.886
Hubei HB 0.262 0.640 0.890 1.023 1.047 1.059 1.069 0.868
Jiangsu IS 1.033 1.015 0.627 0.576 0.641 1.001 1.080 0.866
Chongging cQ 0.524 1.004 0.562 0.645 1.005 1.015 1.047 0.815
Shanghai SH 0.584 0.703 0.611 0.635 1.015 1.011 0.737 0.811
Inner Mongolia NM 1.038 1.017 1.002 0.338 0.477 0.434 1.047 0.774
Shaanxi SN 0.222 0.341 0.604 0.498 1.012 1.044 1.067 0.734
Hunan HN 1.210 0.380 0.403 0.470 1.007 0.622 1.032 0.720
Shandong Sb 1.014 1.003 0.489 0.474 0.462 0.519 1.033 0.673
Tianjin T 0.468 0.524 0.513 0.641 0.701 0.577 0.826 0.661
Xinjiang XJ 0.172 1.101 1.007 0.093 0.089 1.018 1.029 0.650
Shanxi SX 0.371 1.019 0.431 0.224 0.658 0.413 0.597 0.541
Jilin JL 0.419 0.831 0.264 0.302 0.652 0.870 0.458 0.516
Zhejiang Z) 0.321 0.348 0.179 0.308 0.320 0.491 1.039 0.492
Hebei HE 0.486 1.016 0.337 0.276 0.261 0.428 0.648 0.472
Anhui AH 0.474 0.486 0.367 0.344 0.301 0.346 0.889 0.449
Gansu GS 0.445 0.499 0.350 0.242 0.249 0.438 0.539 0.445
Sichuan SC 0.326 0.348 0.366 0.405 0.466 0.577 0.666 0.445
Liaoning LN 0.317 0.386 0.411 0.344 0.410 0.400 0.482 0.394
Yunnan YN 0.225 1.012 0.443 0.344 0.320 0.251 0.298 0.360
Heilongjiang HL 0.178 0.221 0.256 0.233 0.365 0.297 0.477 0.294
Guangxi GX 0.121 0.296 0.128 0.054 0.172 0.300 1.016 0.259
Guizhou GZ 0.078 0.219 0.122 0.149 0.227 0.405 0.490 0.247
Ningxia NX 0.122 0.299 0.080 0.106 0.115 0.124 0.185 0.142
Average / 0.596 0.736 0.574 0.512 0.620 0.688 0.823 0.654

2020 over the examined period, with an average
annual growth rate of only 1.265 %. Moreover, only in
2017, 2018, and 2020 was the national average
GTRDE higher than in 2008. Only in 2018 and 2020,
with an efficiency of 0.954 and 0.916, respectively,
was the GTRDE in the eastern region higher than in
2008 (with an efficiency of 0.731). The GTRDE in the
central region was higher in 2016, 2017, 2018, and
2020 than in 2008. In contrast, in the western region,
only 2018 (with an efficiency of 0.854) has a higher
GTRDE than 2008. Also, the temporal evolution of
GTRDE in the northeastern region is more unique
than in other regions, with higher efliciency in 2011
and the years after 2016 than in 2008. It should be

noted that regardless of region, the highest value of
GTRDE occurred in 2018, while the lowest value
occurred in 2010. Besides, Fig. 3 also shows that the
temporal evolution of GTRDE showed the basic
characteristic of “eastern>western>central>northeast
ern’.

Overall, the temporal evolution of GTRDE in
each region can be divided into four stages: 2008-
2010, 2010-2015, 2015-2018, and 2018-2020. In the
first stage (2008-2010), GTRDE was characterised by
a continuous decline, even reaching its lowest value
in 2010 for the entire examined period. In 2008, sev-
eral global events (e.g., the Beijing 2008 Summer
Olympics) were held in China, promoting GTI in
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industries such as information technology, construc-
tion, transportation, tourism and services. This has
resulted in increased investment in green technology
research and development in the relevant industries,
leading to many green technology patents and new
products. Due to the Asian Financial Crisis that
erupted in 2008, many firms had to cut back on
unnecessary expenditures, including R&D, in the
following year or two, which seriously affected the
output of products and services produced via green
technology. As China gradually recovered from the
recession in the second stage (2010-2015), green
technology R&D inputs and outputs began stabilis-
ing, and the efficiency remained on a relatively flat
trend. In the third stage (2015-2018), the GTRDE
increased rapidly and reached its highest value in
2018 for the examined period. This may be attributed
to the fact that the government had introduced
a number of policies to promote GTI, such as sup-
porting financial subsidies and tax incentives to the
firms that actively research and develop green tech-
nologies and opening up green channels to support
the introduction of advanced talents. In addition, the
GTRDE fluctuated and was characterised by a clear
V-shaped pattern in the fourth stage (2018-2020). In
summary, the GTRDE of each region shows an
upward trend in the long term.

The temporal evolution of GATE in China is
shown in Fig. 4. In similarity to the temporal evolu-
tion of GTRDE, while GATE maintains a long-term
growth pattern over the period examined, the growth
amplitude is relatively small and varies considerably
across regions. The difference is that the temporal
evolution of GATE generally shows the characteristic
of “eastern>central>western>northeastern”. Also, all
regions, except the northeastern, reached their high-
est values for the period examined in 2014 in terms of
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GATE. Specifically, in the northeastern region, the
highest value occurred in 2019 at 0.522. Due to
a good economic foundation and a well-developed
infrastructure and business environment, the GATE
is significantly higher in the eastern and central
regions compared to others. The GTRDE and GATE
in the northeastern region are the lowest among all
regions, and the efficiency gap with other regions
tends to widen. One possible explanation is that it is
difficult to adjust the long-standing national eco-
nomic system of the northeastern region based on
heavy industry to environmental and ecological con-
straints. Also, owing to its geographical location and
natural environment, the region is less likely to attract
advanced technical talents.

Generally, the temporal evolution of GATE can
be divided into three stages: 2009-2013, 2013-2015,
and 2015-2021. In the first stage (2009-2013), the
GATE experienced the first significant fluctuation in
the period examined, with the turning point occur-
ring in 2011. This year, China’s science and technol-
ogy authorities issued a number of documents related
to the “Twelfth Five-Year Plan’, as well as the National
Medium- and Long-Term Plan for the Development
of S&T Talents (2010-2020). The second significant
fluctuation occurred in the second stage (2013-2015),
with the turning point occurring in 2014, and was
characterised by an obvious reverse V-shape. In the
third stage (2015-2021), beginning in 2015, the
GATE entered a period of steady growth. In 2015,
China amended the Law of the PRC on Promoting
the Transformation of S&T Achievements to further
provide policy support for promoting the transfor-
mation of green achievements. The trend in efficiency
during this stage remained upward, although there
were occasional slight fluctuations. In addition, the
similarity in the temporal evolution of GTRDE and

—l—Eastern —e— Central

—h— Western

L ' 1 L ' 1 1 L L 1 1 '
2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

—&—Northeastern =~ —%— Nationwide

Fig. 4. Temporal evolution of GATE by region
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GATE suggests, to some extent, a correlation between
the two. This further justifies this study’s considera-
tion of the time lag effect of technology in calculating
the GIE. However, there are also differences in the
temporal evolution of the two, indicating that green
technologies need to go through many complex pro-
cesses, from R&D to the translation of achievements.
Management systems, technology preferences, and
corporate mission and vision may all influence the
effectiveness of green technology transformation. In
fact, the low efficiency of technology transformation
has always been an urgent and critical issue in China’s
technology sector. Many green technologies are often
shelved after being invented, and difficult to com-
mercialise.

3.3. SPATIAL EVOLUTION OF GIE

Fig. 5 shows the spatial evolution of GTRDE in
each province in 2008, 2012, 2016, and 2020. As
shown in Fig. 5(a), the highest GTRDE in 2008 was in
Hainan (1.406), and the lowest was in Inner Mongolia
(0.216), with the former being 6.5 times higher than
the latter. Besides, the GTRDE was higher in the
western region than in the east, followed by the cen-
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tral and northeastern regions, and there was a very
large gap between the former two and the latter. The
efficiency in the western region encompassed all five
levels, with no clear pattern in the spatial distribution
of the different levels. But, except Qinghai, the prov-
inces in the western region with high GTRDE showed
a clear spatial concentration characteristic, i.e., the
vertical type. These provinces were better geographi-
cally and resource-wise than other provinces in the
western region. Also, they were in a better economic
condition to provide financial support for R&D in
green basic technologies. In contrast, the spatial dis-
tribution of GTRDE in the central region was com-
plex, contained in four different levels, and the
distribution of each level was generally concentrated.
GTRDE was included in three levels in the eastern
region while in two levels in the northeast region.
Provinces in the eastern region with higher GTRDE
appeared in Beijing, Tianjin and Zhejiang, all of
which were more economically developed regions.
However, GTRDE in Shanghai, Guangdong and
Fujian, which also had good economic development,
was relatively low in 2008. A possible explanation is
that although Guangdong and Fujian had high levels
of economic development in 2008, there was a wide
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Fig. 5. GTRDE in 2008, 2012, 2016 and 2020 by province
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gap in economic development among cities within
the provinces. Some cities were still at the stage of
having a relatively weak economic base and did not
have sufficient funds to invest in technology R&D.

In 2012, the GTRDE was lower in almost every
province than in 2008. As seen in Fig. 5(b), the spatial
distribution of GTRDE became more dispersed and
irregular. Overall, provinces with high GTRDE
showed relatively isolated points. In 2012, the prov-
ince with the highest GTRDE was Chongqing (0.685),
while the lowest remained Inner Mongolia (0.185),
and the majority of the efficiencies ranged from 0.3 to
0.6. Moreover, the efficiency in the western region
included all five levels, and only two provinces (i.e.,
Chongging and Sichuan) were at the highest level,
falling from six in 2008. Both the eastern region and
the central region contained four levels, of which the
former had no provinces at the lowest level, and the
latter had no provinces at the highest level. Specifi-
cally, in the eastern region, only Zhejiang was at the
highest level, while Shanxi in the central region was at
the lowest. Compared with the previous period, the
GTRDE of the three provinces in the northeast region
had continued to decline, with Jilins GTRDE being
only 0.319.

As shown in Fig. 5(c), the spatial concentration
distribution characteristics of GTRDE in 2016 in
each province were relatively evident. In 2016, the
highest GTRDE in Guangxi (1.011) was 3.4 times
higher than the lowest in Inner Mongolia (0.296). In
the eastern region, Zhejiang and Beijing were at the
highest level of GTRDE. All other eastern provinces
except Guangdong and Shandong were in the second-
highest level. Hence, areas with high GTRDE in the
eastern region were mainly concentrated in the Bei-
jing-Tianjin-Hebei region and the Yangtze River
Delta region, which were almost the most important
economic zones and urban clusters in China. Actu-
ally, green technology R&D in these two areas bene-
fited from good advantages, policy
favouritism, and the introduction of technological
talents. In the western region, the spatial concentra-
tion of GTRDE was characterised by a very significant
and clear demarcation line. Among them, the prov-
inces with higher efliciency were mainly concentrated
in the southwestern area, especially in Sichuan and
Guangxi. The central region had a spatial correlation
between the provinces with high GTRDE. Also, the
provinces in the central region, which were spatially
neighbouring to the eastern region, were relatively
more efficient in green technology R&D than other
provinces in the central region. This evidence con-

location

firmed that the eastern region had a strong but limited
radiation effect on green technology R&D in the
central region. Generally, nationwide, the provinces
with high GTRDE were mainly concentrated in the
southwestern area and the eastern region, and the
concentration characteristic was very significant.

In 2020, in 21 provinces, the GTRDE was higher
than the efficiency in 2016. Of the nine remaining
provinces, two (Beijing and Fujian) were from the
eastern region, two were from the central region
(Jiangxi and Anhui), and the others were from the
western region. As seen in Fig. 5(d), the spatial con-
centration characteristic of the GTRDE was most
significant in 2020 compared with the previous years.
Nationwide, in 2020, the areas with high GTRDE
were mainly concentrated in the eastern region,
Qinghai and Xinjiang in the northwestern area, and
Heilongjiang and Inner Mongolia in the northern
area. Similarly, the spatial correlation of regions with
low GTRDE was also very clear, mainly concentrated
in certain provinces in the central and western
regions. Normally, the eastern region attracted more
technical talents by virtue of its good economic foun-
dation and continuously increased its investment in
technological research and development to improve
efficiency. The sudden outbreak of the new crown
epidemic that swept the world in 2020 posed a seri-
ous challenge to some of the less economically devel-
oped provinces. Regardless, the GTRDE in most
provinces may be increasing in the long run.

Fig. 6 shows the spatial evolution of GATE by
province in 2009, 2013, 2017, and 2021. In 2009, the
province with the highest GATE was Hainan, with an
efficiency of 1.529, and the province with the lowest
was Guizhou, with only 0.078. The former was 19.6
times more efficient than the latter, which was a huge
gap. As seen in Fig. 6(a), GATE in the eastern prov-
inces included four levels, among which Zhejiang was
alone in the second-lowest level. The spatial distribu-
tion of GATE of the provinces in the other three
regions was relatively decentralised, and there was
generally no obvious spatial correlation. Moreover,
with the exception of Heilongjiang, Liaoning, Zheji-
ang, Shanxi, and Hubei, most of the provinces within
the lowest and second-lowest levels belonged to the
western region. This indicates that in 2009, the spatial
distribution of GATE was still relatively loose. There
was no unified system for green achievement trans-
formation, resulting in huge differences between
regions. Meanwhile, the spatial radiation effect of the
provinces with high GATE on the neighbouring areas
was not well-reflected. In terms of geographical dis-
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Fig. 6. GATE in 2009, 2013, 2017, and 2021 by province

tribution, GATE was characterised by “high in the
east and low in the west”. This result was at variance
with that presented in Fig. 5(a) (in 2008); thus, most
of the provinces with high GTRDE, especially in the
southwest area, had low GATE. This is a further
indication that the gap between green technology
R&D and transformation needs to be narrowed.

The province which had the highest GATE in
2013 was Qinghai (1.067), while the lowest was
Ningxia (0.080), with the former 13.3 times higher
than the latter. As shown in Fig. 6(b), the spatial dis-
tribution of the GATE in 2013 was relatively concen-
trated compared to that of 2009. Both provinces with
high and low GATE showed pronounced concentra-
tion characteristics. Hence, it means that some prov-
inces with high GATE were gradually having
a radiation effect on neighbouring areas. In addition,
the GATE of the eastern and western regions con-
tained four levels. Similarly, the central region con-
tained three levels, and the northeastern region
contained two levels. The GATE across several levels
was a powerful indication that the differences between
provinces were significant. Besides, in the eastern
region, only Beijing, Guangdong, and Hainan were at

the highest level of GATE, and in the central region,
they were Henan and Jiangxi. In the western region,
there were three provinces ranked at the highest level,
namely Xinjiang, Qinghai, and Inner Mongolia. Simi-
lar to 2009, the GATE in the northeastern region was
low, which may be related to the economic system
based on heavy industry.

Fig. 6(c) depicts the spatial distribution of GATE
in each province in 2017. In 2017, the province with
the highest GATE was Qinghai (1.140), and it was
higher than the efficiency in 2013 (1.067). The prov-
ince with the lowest efficiency was Xinjiang, with an
efficiency of 0.088. As can be seen in Fig. 6(c), nation-
wide, except Qinghai, the provinces with high GATE
were concentrated and had a general north-south
direction. Additionally, in the eastern region, Shang-
hai, Fujian, Guangdong, and Hainan were located at
the highest level. Namely, the spatial distribution of
GATE in the provinces in the eastern region had both
concentrated features and isolated points. The prov-
inces in the central region had a higher average value
of GATE than other regions, which could be verified
by Fig. 6(c). This indicated that the provinces in the
central region had a relatively strong radiation effect

61



ENGINEERING MANAGEMENT IN PRODUCTION AND SERVICES

Volume 16 e Issue 4 ¢ 2024

on the neighbouring regions. Furthermore, in the
western region, only Qinghai, Shaanxi, and Chong-
qing were located at the highest level, while all other
provinces were located at the lowest and second-
lowest levels. This might be connected to the less-
than-perfect business environment for hi-tech
companies. In contrast, the spatial distribution of
GATE in the northeast had not changed much from
the previous years, and its efficiency had always stabi-
lised at a low level.

As shown in Fig. 6(d), in 2021, Beijing was the
province which had the highest GATE, with an effi-
ciency of 1.218. The lowest was Ningxia (0.184). The
former was 6.6 times higher than the latter. In the
eastern region, except the Beijing-Tianjin-Hebei
region and Shanghai, all the other provinces were
located in the second-highest level. Similarly, in the
central region, all provinces except Shanxi and Anhui
were in the second-highest level of efficiency. And,
the three provinces in the northeastern region were
located at the lowest level. That is, in the eastern,
central and northeastern regions, the gaps in effi-
ciency between provinces within the specific region
had narrowed. However, the spatial distribution of
GATE in the western region was more complicated.
In the western region, there were distinct spatial
concentration characteristics in the provinces with
high and low efficiency, respectively. Compared with
2017, the GATE in Xinjiang and Inner Mongolia was
improved to a large extent, while the situation in
Qinghai was completely opposite. Specifically, in
2009, 2013 and 2017, Qinghai’s GATE was consist-
ently at the highest level, but in 2021, its efficiency fell
to the lowest level. In addition, Fig. 6(d) also showed

Tab. 7. Global Moran’s | index of GIE

that there were significant differences in efficiency
within major city clusters, especially in the Beijing-
Tianjin-Hebei region. This further suggests that fur-
ther synergies are needed in the transformation of
green technology achievements among the provinces.

3.4. SPATIAL AUTOCORRELATION ANALYSIS

Table 7 shows the global Moran’s I index of GIE
(i.e., GTRDE and GATE). As the table shows, the
spatial autocorrelation of GTRDE was not signifi-
cantly manifested overall. Of all the years, the largest
global Moran’s I index was 0.2032 in 2018 (P-value of
0.037), while the smallest was -0.0205 in 2019
(P-value of 0.441). Furthermore, the global Moran’s
I index of GTRDE did not show a significant upward
or downward trend during the period examined. In
individual years, i.e., 2012, 2014-2016, and 2018,
GTRDE exhibited a significant positive spatial auto-
correlation. The significance level is 10 % for 2012
and 2014-2016 and 5 % for 2018. This means that,
excluding 2013 and 2017, GTRDE exhibited
a positive spatial autocorrelation only during 2012-
2018.

As shown in Table 7, in terms of GATE, the global
Moran’s I index exhibited more complex irregularities
during 2009-2021. The highest global Moran’s I index
occurred in 2020 (0.3247), while the lowest occurred
in 2011 (-0.1171). However, the global Moran’s
I index exhibited significant positive spatial autocor-
relation only in 2015, 2020, and 2021. The significance
level is 10 % for 2015 and 2021 and 1 % for 2020.
Thus, this suggests a lack of strong evidence for the
existence of spatial autocorrelation overall, although

GTRDE GATE
YEAR
MORAN’S | Z-SCORE P-VALUE MORAN’S | Z-SCORE P-VALUE

2008 0.1256 1.2308 0.125

2009 0.0132 0.3496 0.338 -0.0797 -0.4158 0.353
2010 0.0015 0.4204 0.331 0.0612 0.7388 0.226
2011 0.0902 0.9712 0.171 -0.1171 -0.7220 0.242
2012 0.1627 1.5182 0.074 -0.0577 -0.2158 0.426
2013 0.0997 0.9828 0.163 -0.0479 -0.1508 0.463
2014 0.1920 1.7478 0.054 0.0611 0.7736 0.218
2015 0.1519 1.5733 0.067 0.1309 1.3965 0.095
2016 0.1702 1.7111 0.056 0.0934 1.0422 0.157
2017 0.0844 0.9939 0.166 0.0351 0.5669 0.276
2018 0.2032 1.8642 0.037 0.1165 1.2513 0.114
2019 -0.0205 0.1211 0.441 0.0181 0.4184 0.327
2020 0.0639 0.8464 0.191 0.3247 2.9109 0.004
2021 0.1581 1.4469 0.099
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the global Moran’s I index of GATE shifts from nega-
tive to positive during 2009-2021. This further vali-
dates the results obtained mentioned above when
analysing the spatial distribution of GIE.

The results of the local Morans I index can be
shown by the local indicators of spatial association
(LISA) clustering map, as seen in Figs. 7 and 8. Spe-
cifically, Fig. 7 is the LISA clustering map of GTRDE,
and Fig. 8 shows the LISA clustering map of GATE.
Besides, in the LISA clustering map, the local spatial
aggregation can be grouped into five categories: high-
high, high-low, low-high, low-low, and not signifi-
cant. Hence, in this study, the LISA clustering map
can be easily adopted to show the local spatial aggre-
gations of provinces with high and low GIE.

As seen in Fig. 7, the GTRDE exhibited different
local spatial aggregation characteristics in the specific
years. In 2008, Sichuan was the only province in the
high-high region, while the northeastern region was
in the low-low region. In 2012, the northeastern
region remained in the low-low region. Meanwhile,
Chongqing, Hebei and Shanghai belonged to the
high-high, high-low, and low-high regions, respec-
tively. In 2016, there had been an increase in the
number of provinces belonged to the high-high and
low-low regions. Yunnan and Guizhou were in the
high-high region, and Inner Mongolia and the north-
eastern region belonged to the low-low region.
Ningxia and Guangdong were in the high-low and
low-high regions, respectively. In 2020, there were
three provinces belonging to the low-low region,
namely, Guizhou, Chongging, and Hubei. Addition-
ally, Shanghai was the only province in the low-high
region.

Fig. 8 shows the local spatial aggregation of
GATE. In 2009, Guangdong belonged to the high-
high region. Inner Mongolia and Yunnan were in the
high-low and low-low regions, respectively. In 2013,
provinces in the low-low region were Yunnan and
Guizhou. Also, Inner Mongolia still remained in the
high-low region. In 2017, Hubei, Qinghai and Yun-
nan belonged to the high-high, high-low and low-low
regions, respectively. In addition, the local spatial
aggregation of GATE in 2021 changed significantly
when compared to the previous years, especially in
the high-high region. Five provinces belonged to the
high-high region, namely, Fujian, Guangdong,
Jiangxi, Hubei, and Anhui. Inner Mongolia belonged
to the low-high region, while Sichuan belonged to the
low-low region. Except for the provinces mentioned
above, the other provinces shown in Figs. 7 and 8
belonged to the non-significant region.

4. DISCUSSION

As indicated in Figs. 3 and 4, the GTRDE and
GATE exhibit significant temporal heterogeneity in
China across years and a general trend of increasing
volatility. This fully demonstrates the key role played
by internal and external factors, such as science and
technology policies and the innovation environment,
in GIE, as well as the fact that GIE is susceptible to the
synergistic interaction of multiple factors. The
national and local governments have continued to
adopt various policies and measures to enhance the
GIE, and although some of these policies and meas-
ures have led to large fluctuations in the GIE, the
overall trend remains positive and favourable. It
should be noted that regardless of GTRDE or GATE,
the magnitude of recovery and enhancement of GIE
is relatively small compared to the earlier stages, so
there is still much room for China’s overall GIE to be
enhanced. Particularly, in formulating science, tech-
nology and innovation policies, the national and local
governments should ensure that the policies are rela-
tively forward-thinking and cutting-edge.

With regard to spatial distribution, as indicated
in Figs. 5 and 6, the GTRDE and GATE exhibit sig-
nificant spatial heterogeneity across provinces in
China. By and large, this heterogeneity is closely
related to the political, economic, social, cultural,
environmental, and resource endowments of a region.
Among them, the role of economic development is
the most powerful because it can provide sufficient
financial and human resources and technological
support for green innovation. Hence, driven by the
nature of chasing profits, enterprises and other sci-
ence and technology innovation subjects are more
willing to promote green innovation. However, in
individual provinces, the GIE shows results that mis-
match the level of economic development. For
instance, Shanghai’s average GTRDE is ranked 27th
in China, a total mismatch with its level of economic
development as reflected in its 2nd-ranked GDP per
capita. This may be related to the province’s industrial
planning, development orientation, urban resilience
and development bottlenecks.

With the deepening geospatial correlation of
economic development, as well as the deepening
communication and cooperation between different
spatial units, the green innovation development of
individual provinces is not isolated and is susceptible
to positive or negative influences from surrounding
provinces. Hence, GIE usually exhibits significant
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spatial autocorrelation and obvious spatial clustering
characteristics. Nevertheless, the findings obtained
from Tab. 7, Figs. 7 and 8 are relatively different from
such an inference; that is, the spatial autocorrelation
of Chinas interprovincial GIE is significant only in
a few years, and its spatial clustering characteristics
appear only in a few provinces. This fully demon-
strates that there is still no favourable exchange and
cooperation mechanism between provinces in China
in terms of economic development, technological
progress, green innovation, and talent mobility
and that the in-depth integration between different
geospatial units needs to be strengthened. Hence, the
local governments need to take a macro-global
perspective when formulating policies to enhance
GIE.

CONCLUSIONS

Based on the original panel data of 30 provinces
in China from 2007 to 2021, this study adopts the
super efficiency SBM model considering undesirable
outputs to evaluate the GTRDE and GATE and
applies the global and local Moran’s I index for spatial
autocorrelation analysis. The GTRDE showed the
basic characteristic of “eastern>western>central>nor
theastern”, while that of GATE was “eastern>central>
western>northeastern”. Although the GATE was
higher than that of the GTRDE in most provinces, the
gap between provinces was significantly larger for the
former than for the latter, i.e., the distribution of the
former was more discrete while the latter was more
concentrated. Also, significant global spatial autocor-
relation in GIE across provinces existed only in a few
years, and local spatial autocorrelation existed only in
a few provinces.

According to the conclusions, a number of prac-
tical and targeted policy recommendations were pro-
posed. First, the governments at all levels in China
should implement the concepts of green development
and technological innovation and closely integrate
the two, emphasising that GTT is an important means
of achieving environmental protection and ecological
sustainability. Second, governments should actively
guide the enterprises to strengthen GTT and support
green technological research and development and
the transformation of achievements through financial
policies, tax incentives, and the introduction of tal-
ents so as to improve the GIE continuously. Third, the
governments should avoid carrying out GTT only in

a small area and should prefer to strengthen the
exchanges and collaboration with neighbouring
regions to continuously narrow the gap between
regions to maximise the radiation and spatial spillo-
ver effects of green technology.

This paper evaluated GTRDE and GATE in Chi-
na’s 30 provinces, but some limitations still exist. Due
to the constraints of data availability, the selection of
input and output indicators for the two stages of GTI
was only limited to a few of the most prominent ones.
This may affect the results of the efficiency evaluation.
Besides, due to missing data, this study had to exclude
four provinces and select only 30 provinces in China.
Since the evaluation of efficiency based on data
envelopment analysis is a relative efficiency, this issue
of missing samples may affect the relative effective-
ness between regions. Also, although this study
divided the GTI process into two stages, it did not
provide a more in-depth comparison and analysis of
GIEs of these two stages, e.g., regional differences in
GIEs.

Future research could focus on the following
three main areas. First, based on a comprehensive
and complete indicator system and samples,
future research can adopt some cutting-edge
evaluation methods to scientifically and rationally
evaluate GIE in China and the rest of the world. Also,
future research can analyse the evaluation results of
GIE in depth to enrich the research content. For
instance, future research can adopt kernel density
estimation to analyse the dynamic evolution of GIE,
apply the Dagum Gini coefficient to explore differ-
ences between regions and use the convergence
model to examine the convergence of GIE. Moreover,
future research could analyse in depth the influenc-
ing factors of GIE, e.g., with the help of geographi-
cally and temporally weighted regression, to explore
the impact of different variables on GIE in the tem-
poral and spatial dimensions. Alternatively, in the
future, a dynamic qualitative comparative analysis
approach can be used to analyse the synergies and
configuration effects among the
factors and to explore the multivariate configuration
paths to enhance the GIE in China’s provinces.
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