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Eco-efficiency is an important factor in assessing the quality of development, and
high-tech industries are crucial for countries to forge green innovation paths.
However, few studies have examined whether and how high-tech industrial
agglomeration affects green innovation efficiency. To fill this gap, we measure
the degree of high-tech industrial agglomeration and the level of specialized and
diversified agglomeration using the location entropy index and agglomeration
factor, and calculate green innovation efficiency using the super-SBMmodel with
undesirable outputs. Based on Chinese provincial panel data from 2006 to 2020, a
dynamic spatial Durbinmodel was constructed to explore the impact of high-tech
industrial agglomeration and different agglomeration patterns on green
innovation efficiency. Our study found that high-tech industrial agglomeration
is a significant contributor to green innovation efficiency. There is an inverted
U-shaped relationship between specialized agglomeration and green innovation
efficiency, and diversified agglomeration contributes to green innovation
efficiency. Given the regionally uneven nature of China’s economic
development, there is some variation in the impact effects within different
economic regions. We demonstrated the leading role of scientific high-tech
industrial agglomeration patterns and appropriate levels of agglomeration in
green innovation, providing theoretical guidance for the formulation of China’s
high-quality development policies.
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1 Introduction

After more than 40 years of rapid development, China’s economic progress has
generated a series of environmental problems along with considerable achievements. As
China’s economy shifts from high growth to a new stage of high-quality development,
resource shortages, environmental constraints, and economic downturns are becoming
increasingly prominent (Wu et al., 2020; Liu and Zhang, 2021). The Global Status Report on
Energy and CO2 shows that China’s greenhouse gas emissions have continued to rise over
the last 3 years and the country remains the world’s largest emitter of greenhouse gases. In
the context of China’s new development path, eco-efficiency is an important factor of
consideration in evaluating the quality of development (Campos et al., 2021; Qiu and Li,
2021; Wu et al., 2022). The 14th Five-Year Plan emphasizes the implementation of
sustainable development strategies and promotes the comprehensive green
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transformation of economic and social development (Chen and
Huo, 2022; Chen and Wang, 2022; Ren and Wu, 2022).
Rationalizing the relationship between economic and social
development and the ecological environment and striving for
stronger environmental leadership in the international stage is
essential for achieving China’s high-quality sustainable economic
development.

As a new form of innovation that can drive rapid economic
growth while avoiding negative externalities to the ecological
environment, green innovation is becoming a common
innovation path followed by countries around the world in the
pursuit of sustainable development (Boons and Ludeke-Freund,
2013; Chen et al., 2017; Semenenko et al., 2022). Green
innovation efficiency is a key indicator for measuring green
innovation capabilities that not only evaluates factor utilization in
the innovation process based on the traditional innovation efficiency
perspective, but also introduces an undesirable output dimension,
considering science and technology innovation, resource
conservation, and environmental protection in an integrated
manner, and presents a refinement of traditional measures of
innovation efficiency (Liang et al., 2018; Luo and Zhang, 2021).

High-tech industries are knowledge- and technology-intensive,
resource-saving, and environment-friendly green industries, and are
an important support for countries’ forging green innovation paths
(Gu et al., 2020; Zhu and Li, 2021). Based on resource sharing and
knowledge spillover effects, high-tech industries tend to cluster
spatially, forming high-tech development zones (Wang et al.,
2021; Xu D. et al., 2022). Theoretically, moderate agglomeration
of high-tech industries can produce scale, knowledge spillover, and
innovation interaction effects, with an impact on green innovation
efficiency (Liu et al., 2022a; Wang et al., 2022). Does China’s high-
tech industrial agglomeration have an impact on green innovation
efficiency? Does this effect show heterogeneity depending on the
mode of agglomeration? These are urgent issues to be addressed in
the context of high-quality development.

Based on the traditional concept of innovation, scholars have
incorporated ecological elements such as resources and
environmental pollution into the innovation system, introducing
the concepts of green innovation, eco-innovation, environmental
innovation, and sustainable innovation (Rennings, 2000; Dyck and
Silvestre, 2018; Li et al., 2022), consistently emphasizing the need for
innovative activities to advance sustainable development. Research
on green innovation efficiency has focused on two main areas. The
first is the evaluation of green innovation efficiency and analysis of
its spatial and temporal evolution. Data envelopment analysis is
widely used because it does not require assumptions about the
relationships between variables and has obvious advantages in
measuring the efficiency of decision units with multiple inputs
and outputs (Chen et al., 2013; Wang et al., 2017; Garau, 2022).
Evolutionary studies based on the time dimension generally have
suggested that China’s regional green innovation efficiency
demonstrates a fluctuating upward trend (He et al., 2021; Zhang
M. F. et al., 2022). From a spatial perspective, spatial differences in
green innovation efficiency have been found in China, using a
stepwise distribution among eastern, central, and western regions
(Du et al., 2019; Shen et al., 2022). Secondly, the factors influencing
green innovation efficiency were explored. Scholars have focused on
the impact of environmental regulation, industrial structure, market

pull, education investment, technology transfer, and foreign direct
investment on green innovation efficiency (Li et al., 2018; Zeng J. Y.
et al., 2021; Dong et al., 2022). Previous studies have confirmed that
industrial agglomerations have innovation spillover effects (Li X.
et al., 2021). Depending on the type of industry, industrial
agglomerations are differentiated into specialized and diversified
agglomerations, and their impact on innovation and the
environment varies according to the structure of the
agglomeration (Ding et al., 2022; Xu Y. et al., 2022). Industrial
agglomeration patterns can only exert greater agglomeration effects
and positive spatial spillovers if they are adapted to urban
development conditions (Chen et al., 2008).

Academics have conducted fruitful research on green innovation
efficiency, which provides a better theoretical basis and
methodological insights for this paper. China’s economy is at a
critical stage of transition from high-rate growth to high-quality
development, and high-tech industries are advancing by leaps and
bounds. Unfortunately, the literature that qualitatively studies the
mechanism of the role of high-tech industrial agglomeration on
green innovation efficiency and empirically tests its impact effect is
relatively rare, and the depth of research needs to be expanded.
Scholars have mainly focused on the impact of economic
phenomena generated by industrial agglomeration on green
innovation, and few studies have explored the relationship
between industrial agglomeration and green innovation efficiency
based on the perspective of agglomeration pattern and
agglomeration intensity.

In view of this, the main contribution of this paper is to integrate
high-tech industrial agglomeration and green innovation efficiency
into the same analytical framework. Based on the analysis of the
mechanism of high-tech industrial agglomeration on green
innovation efficiency, the impact paths of specialized
agglomeration and diversified agglomeration on green innovation
efficiency are explored. In addition, based on Chinese provincial panel
data from 2006 to 2020, we construct a dynamic spatial Durbin model
(SDM) to investigate the effects of high-tech industrial agglomeration
and different agglomeration patterns on green innovation efficiency
and regional differentiation characteristics. Our study aims to provide
a scientific basis for promoting the clustering of high-tech industries
in accordance with local conditions, giving full play to the clustering
effect to enhance green innovation efficiency and promote high-
quality regional economic development.

The rest of this article is structured as follows. The theoretical
underpinnings and study hypotheses are presented in Section 2. The
data and techniques are described in Section 3. The empirical
findings are described and discussed in Section 4. Conclusion
and policy implications are presented in Section 5.

2 Theoretical foundation and
hypotheses

2.1 The effect of high-tech industrial
agglomeration on green innovation
efficiency

Under the premise of certain factor inputs, green innovation
efficiency involves two basic elements, including the desirable
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output efficiency of resource inputs and the undesirable output
reduction efficiency (Song and Zhang, 2020). The scale and
technology effects of high-tech industrial agglomeration are the
primary factors affecting these two aspects of efficiency (Fallah
et al., 2014). Desirable and undesirable outputs often arise
simultaneously and together determine the efficiency of
green innovation. The relationship between desirable and
undesirable output is assumed to be y = f(x), where y is the
desirable output and x is the undesirable output. Figure 1
presents a mechanism map of the impact of high-tech
industrial agglomeration on green innovation efficiency. In
Figure 1, O0 denotes the origin of desirable and undesirable
output, and O1 denotes the impact of high-tech industrial
agglomeration, which can be divided into scale and
technology effects. Arrows pointing to the corresponding
variables increase and decrease the effects. Y0 = f0(x), y1 =
f1(x), and y2 = f2(x) correspond to low, medium, and high levels
of green innovation efficiency, respectively. According to the
law of diminishing marginal output and sustainable
development theory, desirable output rises along with
undesirable output, but the growth trend slows down (Lee
and Johnson, 2014). The rationale for this is that a
production approach that increases desirable output by
expanding undesirable output is unsustainable and inevitably
leads to diminishing desirable output.

In the early stages of high-tech industrial agglomeration,
agglomeration is at a low level of green innovation efficiency,
corresponding to the curve represented by y0 = f0(x) in Figure 1,
with a point A(x0, y0) on the curve. With the clustering of high-
tech enterprises in a region, technology and scale effects are
generated. The technology effect is a manifestation of the
competitive and cooperative relationships between enterprises,
wherein enterprises continuously conduct innovation activities
to improve market competitiveness and internal technology
levels, while leveraging knowledge spillover to achieve mutual

learning and common progress, which elevates the
agglomeration’s overall technology level. As a result, under a
certain undesirable output, the desirable output is increased
(i.e., from point A to point B), and green innovation efficiency
is raised from a low to a medium level. The scale effect is
primarily related to enterprises’ common access to public
social resources in the agglomeration area, which improves
efficiency in the use of public resources per unit of desirable
output and reduces undesirable output, thus improving green
innovation efficiency (i.e., moving from point A to point C to the
left). Under combined technology and scale effects, based on the
principle of vector addition, point A will move to point D
[i.e., jump from curve y0 = f0(x) to curve y2 = f2(x)], achieving
green innovation efficiency.

Notably, some scholars have argued that as agglomeration
grows in size, congestion effects will arise within agglomerations
(Liu C. Y. et al., 2020; Zandiatashbar and Hamidi, 2021).
However, we assert that high-tech industries react differently.
High-tech industries are typically knowledge-intensive and
technological innovation is their main feature. The rapid
renewal of high-tech products constantly generates new
demand, weakening the limitations of market capacity (Zuo
et al., 2019). In addition, as local governments attach
considerable importance to the development of high-tech
industries, social resources are in sufficient supply, effectively
reducing the potential congestion effect (Ostergaard and Park,
2015). Based on the theoretical analysis, we propose the first
hypothesis.

Hypothesis 1: High-tech industrial agglomeration has a catalytic
effect on green innovation efficiency.

2.2 The impact of different industrial
agglomeration modes on green innovation
efficiency

Specialized agglomeration in high-tech industries leverages
the high degree of technological similarity among firms in an
industry and the ease of improving the efficiency of matching
firms with research and development (R&D) personnel to
establish a shared market for factors, reduce the cost of
learning, exchange green technology and innovation
knowledge among firms, and promote green technology
innovation (Mendonca, 2009). Clusters form a complete
industrial chain through specialized division of labour,
providing enterprises with abundant green innovation
resources, which is conducive to optimizing the allocation of
green innovation resources, reducing R&D and transaction costs
of green innovation, and increasing economies of scale (Shuen
et al., 2014). However, as the degree of specialization increases,
its contribution to green innovation efficiency gradually
decreases, and excessive specialization may even inhibit the
improvement of green innovation efficiency. Specialized
clusters can lead to increased competition among firms, and
firms in a cluster tend to form a single structural pool of
knowledge and labour (Li X. H. et al., 2021). This limits the
innovation spillover from the agglomeration to the exchange of

FIGURE 1
Mechanism of high-tech industry agglomeration on green
innovation efficiency.
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information and technology within the industry, which could
form a closed system with industry spatial boundaries, leading to
path dependence and technology locking in the industrial
structure within the agglomeration, which is not conducive to
R&D and innovation activities (Zhang W. X. et al., 2022). Too
much specialization can lead to traffic congestion, resource
shortages, and higher production costs, inhibiting green
innovation efficiency. It is possible that different degrees of
specialization may have different effects on green innovation
efficiency. In this regard, we propose a second hypothesis.

Hypothesis 2: There is a non-linear relationship between the
specialized agglomeration of high-tech industries and green
innovation efficiency.

Diversified agglomeration is an organizational model based on
spatial clustering of firms with different product orientations. Unlike
specialized agglomeration, the agglomeration of high-tech firms across
industries makes labour market externalities more significant (Zhang
et al., 2021). The clustering of workers with different professional skills
in a region can create a diverse labour pool (Ozcan and Islam, 2014),
and the clustering of different types of high-tech enterprises in the same
area can facilitate inter-industry knowledge exchange and
complementarity, and generate new knowledge, establishing a
diverse knowledge pool (Pei et al., 2021). Diversified labour and
knowledge pools not only avoid the homogeneity of green
innovation technologies and management systems and increase
firms’ differentiation and innovation of green products, but also help
to stimulate firms’ green technological innovation (Lechner and
Leyronas, 2012; Simonen et al., 2015), increasing green innovation
efficiency. In addition, diversified agglomeration facilitates convenient
provision of intermediate goods between firms, satisfies firms’
diversified demand for inputs, and reduces transport and transaction
costs, establishing the conditions for resource conservation and lower
undesirable output. This leads us to our third hypothesis.

Hypothesis 3: Diversified agglomeration of high-tech industries
has a catalytic effect on green innovation efficiency.

3 Model construction and variable
description

3.1 Model construction

Based on theoretical analysis, we explore the impact of high-tech
industrial agglomeration and different spatial agglomeration
patterns on green innovation efficiency. We introduce spatial
interactions into the panel regression model, combining a spatial
lag model with a spatial error model to form a more general SDM
(Zhao et al., 2020). Since green innovation efficiency incorporates
undesirable outputs reflecting environmental pollution, which are
characterized by wide reach and mobility, a one-period lag in green
innovation efficiency is included in the model to reduce potential
systemic bias. The SDM is constructed as follows:

GIEit � τGIEi,t−1 + ρWGIEit + β1HIAit + β2Xit + θ1WHIAit

+ θ2WXit + μi + ξt + εit (1)

GIEit � τGIEi,t−1 + ρWGIEit + β1 ln SAit + β2Xit + θ1W ln SAit

+ θ2WXit + μi + ξt + εit

(2)
GIEit � τGIEi,t−1 + ρWGIEit + β1 lnDAit + β2Xit + θ1W lnDAit

+ θ2WXit + μi + ξt + εit

(3)
where subscripts i and t denote province and year, respectively. W
is the spatial weight matrix, GIEit denotes green innovation
efficiency, GIEi,t−1 is the time lag term, and WGIEit is the
spatial lag term. HIAit denotes high-tech industrial
agglomeration, SAit denotes specialized agglomeration, and DAit

denotes diversified agglomeration. Xit denotes control variables. μi,
ξt, and εit are spatial fixed effects, time fixed effects, and random
error terms, respectively.

Spatial weight matrices that reflect the way in which
geographic elements influence one another are critical to spatial
measurement models (Liu and Liu, 2019). To fully consider the
reality of geographic attributes, an inverse geographic distance
matrix is constructed to reflect geospatial relationships between
provinces. Interprovince distance data is measured using ArcGIS
software’s distance function, and vector-based map data is
obtained from the standard map of the Ministry of Natural
Resources of China (GS(2019)1719). The weight matrix uses the
following formula:

Wij �
1
dij

, if i ≠ j

0, if i � j

⎧⎪⎪⎨⎪⎪⎩ (4)

where dij denotes the distance between province i and province j. To
retain the main features of the spatial weight matrix as much as
possible and avoid the loss of economic interpretation of the weight
matrix due to distance decay, the maximum characteristic roots of
the matrix are used for normalization.

Before estimating the spatial econometric model, it is necessary
to determine whether the variables are spatially dependent. We use
Moran’s Index (Moran’s I) to perform a spatial autocorrelation test
to analyze the distribution characteristics of the variables in
geographic space. The formula is calculated as follows:

Moran′s I �
∑n
i�1
∑n
j�1
Wij xi − �x( ) xj − �x( )

s2∑n
i�1
∑n
j�1
Wij

(5)

where s2 � 1
n∑n

i�1(xi − �x)2 and �x � 1
n∑n

i�1xi. xi and xj denote
observations in provinces i and j, respectively, n is the total
number of provinces, and Wij is the spatial weight value between
province i and province j.

3.2 Variable description and data source

3.2.1 Explained variable
We measure green innovation efficiency using a super-slacks-

based measure model that includes undesirable outputs. The model
expressions are as follows:
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min ρSE �
1 − 1

m
∑m
i�1
s−i /xik

1 + 1
s1 + s2

∑s1
r�1
s+r /yrk +∑s2

t�1
sz−t /ztk⎛⎝ ⎞⎠

s.t.

∑n
j�1,j ≠ k

xijγj − s−i ≤xik

∑n
j�1,j ≠ k

yrjγj + s+r ≥yrk

∑n
j�1,j ≠ k

zrjγj + sz−t ≤ zrk

γ, s−, s+, sz− ≥ 0

i � 1, 2,/, q; j � 1, 2,/, n j ≠ k( )

(6)

where ρSE is the efficiency value, x is the input variable, and y and z are
the desirable and undesirable output variables, respectively. m denotes
the number of input indicators; s1 and s2 denote the number of desirable
and undesirable output indicators, respectively; k denotes the production
period; and I, r, and t denote the decision units for inputs, desirable
outputs, and undesirable outputs, respectively. s−, s+, and sz− are the
slack variables for inputs, desirable outputs, and undesirable outputs,
respectively. γ is the weight vector. Larger ρSE values indicate higher
efficiency. If ρSE = 1, the decision unit is efficient; if ρSE < 1, the decision
unit is relatively inefficient (i.e., there is a loss of efficiency).

Based on the comprehensive consideration of the existing
measurement indicators, data availability, and the connotation of
green innovation (Li Z. et al., 2021; ZengW. P. et al., 2021; Zhao et al.,
2021), R&D personnel input, R&D capital input, and energy input are
selected as input factors, the number of green patent applications and
new product sales revenue are desirable outputs, and the
environmental pollution index represents undesirable outputs
(Table 1). Particularly, R&D capital investment is evaluated using
the perpetual inventory approach and monitored using R&D capital
stock. Internal expenditure on R&D capital is chosen as the initial
indicator for estimation, and deflations are corrected using the R&D

price index (0.45 fixed asset investment price index plus
0.55 industrial producer ex-factory price index), with 2006 as the
base period (Lv et al., 2021). Energy inputs are measured using total
energy consumption converted to standard coal. Green patents are
based on the IPC Green List published by the World Intellectual
Property Organization, and seven green technology areas are selected
to reflect green innovation, including alternative energy,
transportation, energy efficiency and emissions reduction, waste
treatment, agroforestry, administrative regulation and design, and
nuclear power generation. The environmental pollution index is
obtained using the entropy method to measure industrial
wastewater, industrial waste gas, and industrial solid waste emissions.

3.2.2 Explanatory variable
According to the classification criteria of the China High

Technology Statistical Yearbook (2021), the high-tech industry
includes six manufacturing industries, including information
chemicals, medical equipment and instrumentation, pharmaceutical,
electronics and communications equipment, computer and office
equipment, and aerospace equipment and machinery. The degree of
industrial agglomeration is measured using location entropy,
Herfindahl–Hirschman, and, EG indices and other methods. In
comparison, location entropy can eliminate the scale differences
between regions and truly reflect industries’ spatial distribution
(Dong et al., 2020). We use the location entropy index to measure
the level of high-tech industrial agglomeration, which is calculated
using the following formula:

HIA � eir/∑
i

eir⎛⎝ ⎞⎠/ ∑
i

eir/∑
i

∑
r

eir⎛⎝ ⎞⎠ (7)

where eir denotes the number of people employed in province i’s
industry r.

High-tech industrial agglomeration primarily impacts green
innovation efficiency through technology externalities. The main
debate regarding technology externalities is whether specialized or
diversified agglomeration is more conducive to knowledge and
technology spillovers. Referencing Duranton and Puga (2001),
the agglomeration factor is used to measure the level of
specialized agglomeration (SA) and diversified agglomeration
(DA) in high-tech industries. The equations are as follows:

TABLE 1 Input–output indicator system of energy eco-efficiency.

Variable Indicator Description

Inputs

Labour (103 people) R&D staff input

Capital (104 Yuan) R&D capital stock

Energy (104 t SCE) Total energy consumption

Desirable outputs
Patent (103 piece) Number of green patent applications received

Sales revenue (104 Yuan) Revenue from new product sales

Undesirable outputs Pollution index Measured using a combination of industrial wastewater, industrial waste gas, and industrial solid waste emissions
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SA � max
j

Cij,t/Ci,t( ) (8)

DA � 1/∑
j

Cij,t − Cj,t

∣∣∣∣ ∣∣∣∣ (9)

where Cij,t denotes the ratio of the number of employees in industry j
in the high-tech industry in province i to the number of employees
in the high-tech industry in that province in period t. Ci,t denotes the
ratio of the number of employees in the high-tech industry in
province i to the number of employees in the high-tech industry
nationwide in period t. Cj,t denotes the ratio of the number of
employees in industry j in the high-tech industry to the number of
employees in the high-tech industry nationwide in period t.

3.2.3 Control variables
Environmental regulation has positive compensating and negative

offsetting effects on green innovation (Zhang et al., 2020).
Environmental regulation intensity (ER) is measured by the
amount of investment in industrial pollution control as a
proportion of total industrial output. Policy support can
compensate for some high R&D expenditure and risks associated
with green innovation activities for firms; however, government
funding may also have a crowding-out effect on firms (Liu et al.,
2022b; Li et al., 2023). Government support (GS) is measured using
the proportion of fiscal science and technology expenditure in fiscal
expenditure (Liu Y. et al., 2020). The level of economic development
(ED) provides the material basis for scientific research, technological
innovation, and environmental governance and is reflected in the
logarithm of the regional real GDP per capita for the base period 2006.
Technologymarkets are where knowledge products are traded and are
key to realizing the value of technological innovation (Kaartemo and
Nystrom, 2021), and the logarithm of technology market turnover is
used to reflect technology market maturity (MM). Foreign direct
investment (FDI) is an important channel for capturing technology
spillovers and the entry point for the pollution sanctuary hypothesis
(Luo et al., 2021). The ratio of actual FDI to regional GDP is used to
measure the level of foreign investment (FI).

3.2.4 Data source
Given the availability of data, we select 30 provinces in China

(excluding Tibet, Hong Kong, Macao, and Taiwan) from 2006 to
2020 as the study sample. Based on each provincial administrative
region’s distribution of natural resources and economic and social
development, China is divided into eastern, central, and western
economic regions. The distribution map of China’s provinces is
presented in Figure 2. Indicators that construct explained variables
were obtained from the EPS data platform, China Energy Statistics
Yearbook and China Environment Statistics Yearbook; indicators
that construct explanatory variables were obtained from the China
Science and Technology Statistical Yearbook and the China High-
tech Statistical Yearbook; and the control variables were obtained
from the EPS data platform and the China Urban Statistical
Yearbook. Descriptive statistics for the variables are shown in
Table 2.

4 Results and analysis

4.1 Evaluation of green innovation efficiency
and high-tech industrial agglomeration

4.1.1 Green innovation efficiency in China
The MaxDEA 7 Ultra software is used to measure the green

innovation efficiency of 30 Chinese provinces from 2006 to 2020.
The results of the average green innovation efficiency based on the
three major economic regions of China are presented in Figure 3.

Overall, the green innovation efficiency of the country showed a
steady growth trend during the study period, and the green
innovation efficiency of the economic regions had about the
same growth trend as the country. In terms of different regions,
due to its geographical location and first-mover advantage in
economic development, the eastern region was significantly more
efficient in green innovation than the central and western regions. In
recent years, high-end manufacturing industries have shifted to the
center, and the central economic zone has gradually become rich in
human resources. With the knowledge spillover and technology
diffusion effects of green innovation, the growth rate of green
innovation efficiency in the central region has accelerated. The

FIGURE 2
Distribution map of provinces in China.

TABLE 2 Variable descriptive statistics.

Variable Obs Mean Std. Dev. Min Max

GIE 450 0.948 0.321 0.170 1.623

HIA 450 1.046 0.728 0.237 3.469

lnSA 450 0.824 0.533 0.286 2.573

lnDA 450 1.168 0.423 0.289 2.355

ER 450 0.153 0.090 0.037 0.521

GS 450 0.381 0.078 0.162 0.843

ED 450 2.932 2.330 0.184 26.320

MM 450 5.129 0.694 3.925 8.854

FI 450 0.187 0.598 0.069 0.588
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western economic region is vast and rich in mineral resources, and
the efficiency of green innovation has improved under China’s
Western Development strategy, but a large gap with the eastern
and central regions remains. In the future, improvement in the
human environment and infrastructure for green development in
the west is essential, actively introducing talent, technology, and
capital to facilitate the region’s capability to absorb and transform
the green innovation spillover from eastern and central China.

4.1.2 High-tech industrial agglomeration in China
The uneven character of China’s economic development

determines the regional unevenness of industrial agglomeration.
Table 3 presents the level of development of high-tech industrial
agglomeration and different agglomeration patterns in China. In
terms of the level of development of high-tech industrial
agglomeration, the degree of high-tech industrial agglomeration
has increased significantly, both nationally and in the three
economic regions. Industrial concentration is highest in the east,
and there is a decreasing gradient distribution from the east to the
centre and west. The reason is that the eastern economic region has a
unique geographical location and economic policy advantages that
are conducive to the rapid agglomeration and development of high-
tech enterprises.

The analysis of the changes in the development of specialized
agglomeration in Table 3 shows that the degree of specialized
agglomeration in the national high-tech industry is steadily
rising. The central economic region initially developed more
slowly, but since 2010, its specialized agglomeration has been
ahead of the country, even outpacing the development of the
east. As the economic development of the western region has
lagged behind other regions, its degree of specialized
agglomeration has also lagged relatively behind. The eastern
economic region is relatively developed and initially relied on
policy and location advantages to absorb technology spillovers
from overseas markets and promote the specialized
agglomeration of high-tech industries. With the expansion of

China’s opening to the outside world, some high-tech enterprises
have begun moving to the central and western regions of the
country, leading to an increase in specialized concentration. Due
to its geographical advantages and good industrial base, the
specialization of high-tech industries in central China has
developed rapidly.

The level of diversified agglomerations in Table 3 shows a
decreasing trend from east to centre and west. As an important
base for China’s innovative industries, the eastern economic region
is rich in talent and capital, and has a high degree of diversification in
high-tech industries. On the basis of the original industries, the
central region has taken over some of the high-tech enterprises
transferred from the east, and the degree of diversification has
increased. Overall, the degree of diversified agglomeration of
China’s high-tech industries shows a slow downward trend, with
an evident lack of momentum in diversification.

4.2 Spatial autocorrelation test

Based on the standardized inverse geographical distance weight
matrix, Moran’s I is used to test the spatial autocorrelation of green
innovation efficiency and high-tech industrial agglomeration
(Table 4). The test results show that the variables all have
significant spatial autocorrelation. The Moran’s I for green
innovation efficiency ranged from 0.1 to 0.3, the Moran’s I for
high-tech industrial agglomeration ranged from 0.2 to 0.3, and
Moran’s I for specialized and diversified agglomeration ranged
from 0.1 to 0.2, all significant at the 5% level. This shows a
significant positive spatial correlation and agglomeration
characteristics between green innovation efficiency and high-tech
industrial agglomeration. The reason is that agglomeration can
generate intermediate product sharing, labour matching and
learning effects, which facilitate enterprises to improve labour
productivity and thus contribute to industrial agglomeration (Bao
et al., 2023). The increase in green innovation efficiency contributes

FIGURE 3
The development of green innovation efficiency.
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TABLE 3 The development of high-tech industrial, specialized, and diversified agglomerations.

Variable Region 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

HIA

Whole 0.91 0.92 0.93 0.94 0.97 0.99 1.02 1.04 1.04 1.05 1.08 1.10 1.12 1.13 1.15

Eastern 0.92 0.93 0.95 0.97 1.01 1.02 1.03 1.06 1.07 1.08 1.12 1.17 1.18 1.19 1.21

Central 0.91 0.93 0.94 0.96 0.98 1.00 1.01 1.04 1.03 1.05 1.09 1.12 1.13 1.15 1.17

Western 0.87 0.88 0.89 0.90 0.93 0.95 0.98 0.99 1.00 1.00 1.04 1.03 1.05 1.06 1.08

lnSA

Whole 0.78 0.80 0.81 0.83 0.84 0.84 0.85 0.87 0.91 0.91 0.92 0.93 0.95 0.95 0.96

Eastern 0.80 0.81 0.83 0.86 0.86 0.83 0.87 0.85 0.92 0.92 0.90 0.91 0.91 0.93 0.94

Central 0.77 0.79 0.81 0.85 0.87 0.89 0.91 0.96 0.97 0.97 0.98 0.97 0.99 0.99 1.01

Western 0.75 0.78 0.80 0.74 0.75 0.76 0.74 0.80 0.83 0.83 0.82 0.82 0.84 0.84 0.85

lnDA

Whole 1.21 1.17 1.15 1.14 1.13 1.12 1.14 1.14 1.12 1.11 1.09 1.07 1.08 1.07 1.06

Eastern 1.37 1.28 1.27 1.21 1.24 1.24 1.28 1.32 1.32 1.31 1.28 1.26 1.26 1.24 1.23

Central 1.24 1.22 1.20 1.21 1.16 1.13 1.12 1.07 1.05 1.03 1.03 1.04 1.05 1.04 1.03

Western 1.09 1.06 1.05 1.06 1.05 1.05 1.06 1.07 1.05 1.03 1.02 0.99 0.98 0.98 0.97
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to sustainable economic development and an improved innovation
environment, creating an interregional virtuous circle. Therefore, it
is crucial to use spatial econometric models when analyzing the
impact of high-tech industrial agglomeration on green innovation
efficiency.

4.3 Dynamic spatial Durbin model
regression results

We establish the model as a two-way stationary dynamic SDM
because of the potential for bias in the estimates due to provincial
differences and inter-period factors. The Hausman test indicated
that the fixed effects model was significantly better than the random
effects model. LR likelihood ratio and Wald tests rejected the
original hypothesis that the SDM could be reduced to a spatial
lag or spatial error model at the 1% significance level. Therefore, it is
reasonable to choose a dynamic SDM with two-way fixed effects.
The model estimation results are presented in Table 5.

The time lag term for green innovation efficiency is
significantly positive at the 1% level, indicating that green
innovation efficiency has a significant time lag effect, and
that accumulation of green technology and knowledge at the
early stage will have a positive impact on green innovation at the
later stage, indicating path dependence. The spatial lag
coefficient of green innovation efficiency (ρ) is positive,
passing the significance test of 1%, indicating that there is
significant interregional interaction in green innovation
efficiency, and the improvement of green innovation
efficiency in a region will have a positive impact on green
innovation efficiency in neighboring regions. This is largely

due to the knowledge spillover effects of interregional
cooperation and exchange.

The agglomeration of high-tech industries is conducive to green
innovation efficiency. Models (1) and (2) examine the impact of high-
tech industrial agglomeration on green innovation efficiency. The
coefficients of the high-tech industrial agglomeration and its spatial
lag term in model (1) are significantly positive at the level of 1%,
indicating that an increase in the degree of high-tech industrial
agglomeration positively contributes to the green innovation efficiency
of a region and surrounding areas. Industrial agglomeration can reduce
the transportation and learning costs of enterprises within a cluster,
improve the utilization of public resources, accelerate the exchange and
dissemination of green innovation knowledge and technology, and
generate knowledge and technology spillover effects, thus promoting
the efficiency of green innovation. At the same time, knowledge and
technology spillovers from industrial agglomeration can also contribute
to green innovation in neighboring regions due to the close economic and
trade ties that exist between them.Model (2) introduces a quadratic term
for high-tech industrial agglomeration, but it is insignificant, indicating
that there is no non-linear interaction relationship. The above results
confirm Hypothesis 1.

Heterogeneity exists in the impact of different industrial
agglomeration patterns on green innovation efficiency. Models (3)
and (4) examine the impact of specialized agglomeration on green
innovation efficiency. The coefficients of the specialized agglomeration
and its spatially lagged term in the model (3) are significantly negative at
the 5% level. In model (4), the introduction of the quadratic term of
specialized agglomeration reveals that the coefficients of the primary term
of specialized agglomeration and its spatial lag term are positive and the
coefficients of the quadratic term are negative, both of which are
significant at the 5% level. This indicates that there is a non-linear
relationship between specialized agglomeration of high-tech industries
and green innovation efficiency. As the degree of specialized
agglomeration increases, the efficiency of green innovation shows an
inverted U-shaped curve that rises first and then falls. The reason is that
while specialized agglomeration promotes green innovation efficiency
through intra-industry division of labour and knowledge spillover, it
tends to form a structurally homogeneous reservoir of knowledge and
technology-based talent, which is not conducive to the diffusion of
diversified information and technology, thus weakening the incentive
for green innovation. The crowding effect of specialized agglomeration
creates a scarcity of resources that can lead to unhealthy competition
among firms, which inhibits the enhancement of green innovation
efficiency. In addition, the region’s structurally homogeneous
“knowledge pool” and “labour pool,” as well as the problem of
resource scarcity, will inevitably continue to absorb resources and
labour from neighboring regions, hindering the diversification of
talent and technological innovation in the neighborhood. The above
results support Hypothesis 2.

Models (5) and (6) examine the impact of diversified
agglomeration on green innovation efficiency. The coefficient of
the diversified agglomeration and its spatial lag term in model (5) is
significantly positive at the 1% level, indicating that the diversified
agglomeration of high-tech industries is conducive to enhancing the
green innovation efficiency in a region and its surrounding areas. In
the spatial industrial structure of diversified agglomeration of high-
tech industries, differentiated enterprises among industries can
generate complementary knowledge and technology spillovers,

TABLE 4 Spatial autocorrelation test for variables.

Year GIE HIA lnSA lnDA

2006 0.254*** 0.209*** 0.146** 0.121**

2007 0.287*** 0.203*** 0.137** 0.124**

2008 0.232*** 0.205*** 0.136** 0.126**

2009 0.154*** 0.217*** 0.137** 0.133**

2010 0.176*** 0.223*** 0.143** 0.127**

2011 0.131*** 0.229*** 0.155*** 0.136**

2012 0.134*** 0.221*** 0.159*** 0.142**

2013 0.141*** 0.230*** 0.167*** 0.138**

2014 0.150*** 0.244*** 0.180*** 0.142**

2015 0.127*** 0.242*** 0.191*** 0.152***

2016 0.128*** 0.235*** 0.194*** 0.141**

2017 0.121*** 0.239*** 0.199*** 0.148***

2018 0.116*** 0.249*** 0.194*** 0.154***

2019 0.112*** 0.266*** 0.183*** 0.159***

2020 0.122*** 0.255*** 0.174*** 0.151***

Note: ***p < 0.01, **p < 0.05, *p < 0.1.
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establishing a driving force for technological innovation and
promoting green innovation efficiency. In addition, a diversified
pool of labour and knowledge is conducive to promoting the
exchange of information and rational allocation of resources
between industries, providing a good demonstration and driving
force for neighboring regions, which in turn stimulates green
technology innovation. Model (6) introduces a quadratic term for
diversified agglomeration but is insignificant, indicating that there is
no non-linear interaction relationship. Hypothesis 3 is confirmed.

4.4 Endogeneity and robustness tests

We use a dynamic SDM with two-way fixed effects to mitigate the
endogeneity problem thatmay be caused by omitted variables. Given that
both high-tech industrial agglomeration and green innovation efficiency
are outcome variables, there is inevitably an inverse causal relationship
between the two and endogeneity issues arise. Industrial agglomeration
has inertial development characteristics and may have lagged effects
(Schiff, 2015); therefore, the level of industrial agglomeration with a one-

TABLE 5 Dynamic spatial Durbin model estimation results.

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

L.GIE 0.547*** (0.156) 0.437*** (0.124) 0.618*** (0.183) 0.462*** (0.143) 0.551*** (0.120) 0.375*** (0.089)

HIA 0.335*** (0.081) 0.262*** (0.053) 0.2743*** (0.0452)

HIA2 0.052 (0.063) −0.0162 (0.0375)

lnSA −0.132** (0.051) 0.122** (0.045)

ln2SA −0.219*** (0.053)

lnDA 0.475*** (0.098) 0.447*** (0.123)

ln2DA 0.075 (0.101)

ER −0.174** (0.062) −0.163** (0.053) −0.185** (0.063) −0.150** (0.072) −0.219*** (0.023) −0.140*** (0.033)

GS 0.535*** (0.124) 0.445*** (0.136) 0.471*** (0.153) 0.464*** (0.128) 0.502*** (0.167) 0.528*** (0.119)

ED 0.276*** (0.069) 0.243*** (0.071) 0.192*** (0.055) 0.224*** (0.053) 0.194** (0.082) 0.170** (0.073)

MM 0.398*** (0.103) 0.356*** (0.094) 0.227*** (0.053) 0.268*** (0.071) 0.187*** (0.055) 0.206*** (0.64)

FI −0.059* (0.045) −0.057* (0.045) −0.042 (0.064) −0.030 (0.051) −0.061* (0.046) −0.058* (0.045)

ρ 0.685*** (0.192) 0.596*** (0.153) 0.692*** (0.208) 0.512*** (0.149) 0.537*** (0.154) 0.551*** (0.120)

W· HIA 0.198*** (0.040) 0.202*** (0.042) 0.2024*** (0.0423)

W· HIA2 −0.032 (0.045) −0.0061 (0.0153)

W· lnSA −0.108** (0.045) 0.097** (0.034)

W· ln2SA −0.189*** (0.051)

W· lnDA 0.254*** (0.071) 0.169*** (0.043)

W· ln2DA 0.056 (0.060)

W· ER 0.034* (0.022) 0.012 (0.029) 0.027 (0.023) 0.056* (0.024) 0.010 (0.015) 0.014 (0.038)

W· GS 0.059 (0.071) 0.060 (0.071) 0.117* (0.057) 0.087 (0.095) −0.120* (0.066) −0.060 (0.071)

W· ED 0.145** (0.053) 0.144** (0.052) −0.093** (0.032) −0.193*** (0.054) 0.185*** (0.060) 0.138** (0.051)

W· MM 0.078*** (0.017) 0.070*** (0.014) 0.104*** (0.022) 0.129*** (0.027) 0.092*** (0.026) 0.079*** (0.021)

W· FI −0.089** (0.037) −0.091** (0.038) −0.057 (0.062) −0.086* (0.065) −0.091** (0.038) −0.041 (0.069)

Wald test spatial lag 113.238 (p = 0.000) 104.723 (p = 0.000) 90.432 (p = 0.000) 128.842 (p = 0.000) 87.632 (p = 0.000) 99.134 (p = 0.000)

Wald test spatial error 91.572 (p = 0.000) 80.756 (p = 0.000) 75.840 (p = 0.000) 102.049 (p = 0.000) 65.407 (p = 0.000) 80.394 (p = 0.000)

LR test spatial lag 76.38 (p = 0.000) 72.42 (p = 0.000) 65.95 (p = 0.000) 82.70 (p = 0.000) 77.91 (p = 0.000) 75.32 (p = 0.000)

LR test spatial error 41.26 (p = 0.000) 40.58 (p = 0.000) 37.59 (p = 0.000) 60.83 (p = 0.000) 54.65 (p = 0.000) 44.05 (p = 0.000)

R2 0.705 0.459 0.474 0.732 0.663 0.509

N 450 450 450 450 450 450

Note: ***p < 0.01, **p < 0.05, *p < 0.1. Standard errors are in parentheses.
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period lag is selected as an instrumental variable. In addition, topographic
relaxation, as a naturally occurring and objective exogenous variable, will
have an impact on transport and infrastructure development, and has a
significant correlation with industrial agglomeration (Mori and Smith,
2015), making it an appropriate instrumental variable. We use the
system-wide instantaneous method for estimation tests. The LM and
Hansen J test results justify instrumental variables by passing
unidentifiable and overidentifiable tests, respectively. The estimation
results are presented in models (1)–(3) in Table 6.

We take two approaches to robustness testing. The first is transforming
the spatial weight matrix, which is constructed using (0, 1) neighborhoods
instead of inverse geographical distances, and the estimation results are
presented in models (4)–(6). Second, municipalities directly under the
central government are excluded. Since municipalities are directly
administered by the central government, their development plans may
differ from those of prefecture-level cities (Lin and Zhu, 2021); thus, central
government administered municipalities are excluded to avoid policy bias
and the estimation results are presented in models (7)–(9).

Table 6 reveals that the endogeneity treatment and robustness tests
validate the credibility of the study’s findings. Estimated coefficients of
core explanatory variables did not change significantly with the
introduction of instrumental variables, and the direction of influence
and significance levels remained unchanged. The robustness test results
show that the transformation of the spatial weight matrix and the
exclusion of municipalities did not affect the relationship between the
core explanatory variables and green innovation efficiency. This indicates
that the model estimation results are robust and the study findings are
credible.

4.5 Heterogeneity analysis

The above empirical studies mainly examine the impact of high-tech
industrial agglomeration on green innovation efficiency at the national
level. Due to the diversity of geographical location conditions and
resource endowments in different regions of China, spatial differences
are expected in both green innovation efficiency and the degree of high-
tech industrial agglomeration. Therefore, we carry out grouped
regressions for the eastern, central and western regions, to examine
the impact of high-tech industrial agglomeration and different
agglomeration patterns on green innovation efficiency from the
perspective of regional heterogeneity. The estimation results of the
dynamic SDM are shown in Table 7.

In terms of high-tech industrial agglomeration, the eastern, central
and western economic regions contribute positively to green innovation
efficiency through industrial agglomeration. The impact is stronger in the
eastern region than in the central andwestern regions due to the relatively
superior infrastructure and public services, which are conducive to the
knowledge and technology spillover dividends that the high-tech
industrial agglomeration can bring to green development. At the same
time, the relatively developed economic and social environment of the
eastern region also has a clear advantage in attracting highly skilled
personnel and capital. This highlights the importance of developing
policy guidelines to rationally promote the clustering and coordinated
development of high-tech enterprises in each region.

Regarding specialized agglomeration, the eastern region’s specialized
agglomeration has a negative impact on green innovation efficiency, the
specialized agglomeration in the central economic region has an inverted

TABLE 6 Results of endogeneity and robustness tests.

Variable Endogenous treatment Spatial weight matrix
transformation

Special sample exclusion

(1) (2) (3) (4) (5) (6) (7) (8) (9)

HIA 0.312***
(0.078)

0.290***
(0.075)

0.376***
(0.094)

lnSA 0.120**
(0.044)

0.143***
(0.038)

0.154***
(0.043)

ln2SA −0.208***
(0.051)

−0.211**
(0.072)

−0.237***
(0.060)

lnDA 0.453***
(0.117)

0.522***
(0.139)

0.499*** (0.112)

W· HIA 0.176***
(0.037)

0.203***
(0.058)

0.144**
(0.057)

W· lnSA 0.099**
(0.035)

0.112**
(0.041)

0.088**
(0.032)

W· ln2SA −0.176***
(0.048)

−0.180***
(0.051)

−0.167**
(0.064)

W· lnDA 0.260***
(0.074)

0.298***
(0.080)

0.217*** (0.055)

Control variables YES YES YES YES YES YES YES YES YES

R2 0.663 0.694 0.621 0.686 0.713 0.645 0.720 0.741 0.697

N 450 450 450 450 450 450 390 390 390

Note: ***p < 0.01, **p < 0.05, *p < 0.1. Standard errors are in parentheses.
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U-shaped relationship with green innovation efficiency, and the
specialized agglomeration in the western economic region is
conducive to improving green innovation efficiency. The reason may
be that the eastern region has a developed economy and a high
concentration of high-tech enterprises. Specialized agglomeration can
cause problems such as traffic congestion, resource shortages, and rising
production costs, which inhibit green innovation efficiency. During the
study period, specialized agglomeration in the central region developed
rapidly, and under the combined effect of positive and negative
externalities generated by specialized agglomeration, green innovation
efficiency showed an upward and then downward trend. In the western
region, the degree of high-tech industrial agglomeration is low, and the
crowding effect generated by specialized agglomeration is
insignificant, indicating a positive agglomeration effect on green
innovation efficiency.

The diversified agglomeration of high-tech industries in the
eastern, central and western economic regions indicates a significant
contribution to green innovation efficiency. This is consistent with
the test results of national data. Diversified agglomeration forms a
diverse pool of labour and knowledge, which is conducive to
stimulating the technological innovation of enterprises and
promoting green technological innovation. In addition, diversified
agglomeration facilitates the easy provision of intermediate products
between firms and reduce transport and transaction costs, thus
creating conditions for saving resources and reducing undesirable
output, and thus enhancing the green innovation efficiency. In the
future, a balanced spatial distribution of high-tech enterprises, the

coordinated development of industries across regions, and the level
of diversified agglomeration in each province should be promoted.

5 Conclusion and discussion

5.1 Conclusions

Green development is a critical component of China’s new era of high-
quality economic development, and improving the efficiency of green
innovation is essential for achieving green development. As a strategic
industry for economic development, the high-tech industry has
considerable advantages in reducing energy use, improving efficiency,
and promoting economic structural transformation, and is an important
driving force for achieving green innovation. We reveal the mechanism of
the effect of high-tech industrial agglomeration on green innovation
efficiency through theoretical analysis. Using a sample of 30 Chinese
provinces from 2006 to 2020, we establish a dynamic SDM to
empirically test the effect of high-tech industrial agglomeration on green
innovation efficiency, conducting a comprehensive analysis of the impact of
different agglomeration patterns.

The relevant findings are threefold. 1) China’s green innovation
efficiency and high-tech industrial agglomeration level exhibit a stable
growth trend, and spatial distribution is roughly characterized by a
gradual decrease from east to west. Specialized agglomeration is
rapidly developing, while diversified agglomeration is relatively
underdeveloped. 2) At the national level, high-tech industrial

TABLE 7 Results of regional heterogeneity analysis.

Variable Eastern region Central region Western region

(1) (2) (3) (4) (5) (6) (7) (8) (9)

HIA 0.423***
(0.102)

0.357***
(0.074)

0.298***
(0.065)

lnSA −0.310***
(0.086)

0.143***
(0.038)

0.167***
(0.042)

ln2SA 0.028 (0.045) −0.211**
(0.072)

−0.037
(0.050)

lnDA 0.245***
(0.117)

0.210***
(0.139)

0.199***
(0.112)

W· HIA 0.308***
(0.089)

0.223***
(0.054)

0.153**
(0.036)

W· lnSA −0.197***
(0.041)

0.112** (0.041) 0.095**
(0.036)

W· ln2SA 0.016 (0.039) −0.180***
(0.051)

−0.028
(0.044)

W· lnDA 0.307***
(0.088)

0.265***
(0.074)

0.204***
(0.059)

Control
variables

YES YES YES YES YES YES YES YES YES

R2 0.612 0.529 0.637 0.580 0.713 0.559 0.623 0.540 0.585

N 180 180 180 135 135 135 135 135 135

Note: ***p < 0.01, **p < 0.05, *p < 0.1. Standard errors are in parentheses.
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agglomeration has a significant effect on green innovation efficiency, and
different agglomeration patterns have heterogeneous effects. There is an
inverted U-shaped relationship between specialized agglomeration and
green innovation efficiency, while diversified agglomeration is conducive
to promoting green innovation efficiency. 3) Regional heterogeneity in
the impact of high-tech industrial agglomeration and different
agglomeration patterns on green innovation efficiency is evident. The
promotional effect of high-tech industrial agglomeration on green
innovation efficiency is significant in all three economic regions, and
the intensity of this effect is decreasing. Specialized agglomeration in the
eastern economic region has a significant negative impact on green
innovation efficiency, while the central economic region shows an
inverted U-shaped relationship, while specialized agglomeration in the
western economic region is conducive to promoting green innovation
efficiency. Welcoming the results of the national test, the diversified
agglomeration within the three economic regions makes an important
contribution to green innovation efficiency.

5.2 Policy implications

The findings of our study provide policymakers with three practical
implications for improving green innovation. First, the development of
high-tech industrial agglomeration should be accelerated. In terms of
macro policy formulation, emphasis should be placed on coordinated
national planning, deepening structural reform on the supply side,
actively nurturing and introducing high-tech enterprises, strengthening
the spatial clustering of high-tech industries, and effectively releasing the
potential of high-tech development regions to enhance green innovation
efficiency. The government should seize the opportunities presented by
the paradigm shift of the digital economy and promote digitization,
intelligence and greening in high-tech industries, prioritize strategic
emerging industries and green industry clusters, accelerate the
upgrading and transformation of obsolete production capacity, and
promote the integration of high-end and green industries (Prah, 2022).

Second, diversified agglomeration of high-tech industries should be
promoted to achieve diversified development of high-tech enterprises.
A large number of science and technology elements and innovation
resources are gathered in high-tech industrial clusters, which should be
leveraged to promote the transfer and production of green innovation
knowledge and technology among enterprises by building diversified
application scenarios to continuously stimulate the generation of new
products, technologies and business models. The government should
actively guide the regulation of competition and cooperation among
high-tech enterprises to avoid large-scale homogenous clustering and
the resulting crowding effects (Tsuji, 2022).

Third, policy guidelines should be developed to promote the
development of high-tech industrial agglomeration in accordance with
local conditions (Atta-Mensah, 2021). In view of the development status of
China’s three major economic zones, when guiding high-tech industrial
agglomeration, industrial support policies and key development areas
should be identified in relation to the specific stage they are in to
effectively leverage the positive externalities of industrial agglomeration
and generate the synergistic enhancement of the regional economy,
innovation capacity, and ecological environment. The eastern economic
region has the advantage of high-tech concentration and the development
of intensive industries. The region should actively implement industrial
transfer policies to transfer over-specialized labour-intensive industries to

the central and western regions, promote industrial structure upgrading,
and increase the level of diversified agglomeration. The central economic
region should build on the sound development of existing industries and
transfer into a number of coordinated and relevant industries to effectively
absorb the spillover effects of knowledge and technology. Considering
factors such as economic development, industrial base, and human
resources, it is appropriate for the western economic region to prioritize
the development of industries with regional characteristics and policy-
oriented industries and actively receive a continuous inflow of capital,
talent, and other resources that can be transformed into green innovation
outputs.

5.3 Limitations and future directions

Although detailed theoretical analysis and empirical testing are
carried out, there are still areas worth further expansion in future
research. First, we recognize that the provincial panel data used have
sampling limitations because they ignore regional and international
variations. In emerging economies, where various resource
endowments and cultural values may have an impact on the linkages
between variables, high-tech industrial agglomeration is a complex issue.
As data availability and statistics improve, future research should test
these results at the level of other emerging countries and cities. Second,
our measurement of high-tech industrial agglomeration is only
considered by industry as a whole, and further research on the
agglomeration effect of sub-sectors is encouraged. Finally, given the
complex impact of high-tech industrial agglomeration and different
agglomeration patterns on green innovation efficiency, a non-
parametric spatial model could be applied in the future to analyze the
non-linear interaction between them.
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