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RESEARCH ARTICLE

Biased innovation and network evolution: digital driver for 
green innovation of manufacturing in China
Yang Liu a, Jing Cheng b and Jingjing Daia

aSchool of Economics and Management, Kunming university, Kunming, China; bSchool of Construction 
Engineering, Yunnan Agricultural University, Kunming, China

ABSTRACT
The study aims to explore the spatial association network charac-
teristics of biased green innovation in the manufacturing sector and 
its core drivers. This study constructs a Malmquist-Luenberger 
decomposition index model to identify the input and output biases 
of green technological innovation (GIIM and GIOM) in the manu-
facturing industry. This study uses a modified gravity model and 
social network analysis method to conduct a robust assessment of 
GIIM spatial association network of 30 provinces in China from 2012 
to 2021. The results show: (1) The GIIM association network struc-
ture is stable and has good accessibility, with close connections 
between provinces and blocks, and significant spillover effects 
between provinces. (2) The regional network shows a “core- 
periphery” spatial variation, with the core area expanding and the 
peripheral area shrinking. (3) The digital transformation character-
istics of the network components and the intensity of environmen-
tal regulation have a significant impact on GIIM.
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1. Introduction

The manufacturing sector has been instrumental to China’s economic expansion, con-
tributing nearly 30% to the nation’s GDP in 2021, a notable proportion compared to 
other major global economies, as reported by the National Bureau of Statistics. Despite 
this success, the sector casts a long shadow of environmental concerns. It is a major 
consumer of energy and a major emitter of carbon, accounting for over 30% of China’s 
total energy consumption and approximately 35% of its total carbon emissions as of 2020. 
These statistics underscore the urgent need for a sustainable shift (W. Chen et al., 2017; 
Qin et al., 2021). In alignment with the “Made in China 2025” strategy, green develop-
ment has been identified as a foundational principle for the manufacturing industry, 
advocating for the widespread implementation of green manufacturing practices to 
facilitate the industry’s ecological transformation (Wübbeke et al., 2016).

At the heart of this transformative agenda is green technological innovation (Yuan & 
Xiang, 2018), which, through the adoption of eco-friendly production technologies, has 

CONTACT Jing Cheng 775850497@qq.com School of Construction Engineering, Yunnan Agricultural University, 
No.452, Feng Yuan Road, Pan Long District, Kunming, China

JOURNAL OF APPLIED ECONOMICS                   
2024, VOL. 27, NO. 1, 2308951 
https://doi.org/10.1080/15140326.2024.2308951

© 2024 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis Group.  
This is an Open Access article distributed under the terms of the Creative Commons Attribution-NonCommercial License (http:// 
creativecommons.org/licenses/by-nc/4.0/), which permits unrestricted non-commercial use, distribution, and reproduction in any medium, 
provided the original work is properly cited. The terms on which this article has been published allow the posting of the Accepted 
Manuscript in a repository by the author(s) or with their consent.

http://orcid.org/0000-0003-4686-9724
http://orcid.org/0009-0000-0706-8073
http://www.tandfonline.com
https://crossmark.crossref.org/dialog/?doi=10.1080/15140326.2024.2308951&domain=pdf&date_stamp=2024-01-29


the potential to significantly curb energy consumption and pollution. Such innovations 
not only promise enhanced energy efficiency and cost reductions but also bolster the 
long-term competitiveness of the manufacturing sector (Herring & Roy, 2007). In the 
context of a developing nation like China, the pivot towards green innovation is key, 
promising environmental improvement while also carving out novel market and growth 
avenues (Baloch et al., 2021). The transition to green technological innovation necessi-
tates a departure from traditional resource-intensive methods to those that prioritize 
technology and intelligent inputs. Innovation with an environmental bias is essential in 
steering this change. He and Wang’s (2015) research corroborates that innovation with 
such a bias can improve corporate environmental performance and foster sustainable 
development (He & Wang, 2015). In today’s climate, directing innovation resources 
toward the development and implementation of green technologies is imperative for the 
green economic transformation of China.

Moreover, the innovation of green technology in the manufacturing sector is 
embedded within a dynamic spatial network, influenced by an interplay of policy, 
market, technology, and environmental factors (Malecki & Edward, 2008). A firm’s 
innovative endeavours are significantly shaped by its regional innovation ecosystem 
(Audretsch et al., 2022; Radziwon et al., 2022). With advancements in information and 
digital technologies, traditional geographical limitations are becoming less pronounced, 
leading to a complex network of cross-regional spatial interactions within China. This 
study hypothesizes that green innovation in China’s manufacturing sector is not only 
contingent upon the direction of green technology innovation bias but is also character-
ized by a pronounced spatial dependency.

To sum up, this research endeavours to dissect the inclination towards green techno-
logical innovation within the manufacturing realm, elucidating its spatial network 
dynamics and identifying the catalysts behind it. By clarifying these aspects, we seek to 
provide a clearer picture of the opportunities and challenges confronting China’s man-
ufacturing sector on its path to a green future.

The structure of the study is as follows: Section 2 provides a comprehensive literature 
review, contextualizing our study within the existing body of work on bias in technolo-
gical innovation and the networks within innovation spaces. Section 3 outlines the 
research methodology and delineates the data sources utilized. Section 4 presents the 
core analytical findings along with pertinent discussion, which focuses on the spatial 
correlation of input-biased green innovation in the manufacturing sector. Section 5 
conducts an empirical analysis of drivers. Finally, Section 6 summarizes the primary 
conclusions, discussions and offers corresponding policy recommendations.

2. Literature review

2.1. Research related to biased technological innovation

David and van de Klundert (1965) study was a seminal work in gauging the trajectory of 
technological progress, using the CES production function to evaluate the factor bias of 
technology (David & van de Klundert, 1965). Later, Klump in 2012 employed the 
standardized supply-side system approach to quantify the orientation of technological 
innovations (Klump et al., 2012). However, as the complexity of input factors grew, the 
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fixed elasticity substitution of the CES function fell out of favor, with the Translog 
production function becoming the preferred tool for scholars to measure the direction-
ality of technological progress. For example, Karanfil and Yeddir-Tamsamani (2010) 
utilized the Translog production function to assess energy-focused technological innova-
tions in France, pinpointing energy prices as the key determinant of directional bias 
(Karanfil & Yeddir-Tamsamani, 2010). Subsequent research, starting with Fare et al., 
began incorporating nonparametric methods to measure directional bias (Färe et al., 
1997). This involved analyzing shifts in the production frontier over time that are non- 
proportional, leading to alterations in the marginal output ratios of various factors. 
A common technique is the DEA-Malmquist index method, which evaluates technolo-
gical progress from both input and output dimensions, examining the influence of its 
directional components on total factor productivity (P.-C. Chen & Yu, 2014; Färe et al., 
1997; Peng et al., 2019; Weber & Domazlicky, 1999). The Malmquist index method 
mitigates the subjective bias that can arise from production function assumptions and 
reveals the impact of the orientation of technological innovation on different inputs.

Yet, when it comes to green technological innovation, it’s imperative to acknowledge 
the variety of input factors and the potential for environmentally detrimental outputs. 
Chinese researchers, like Yang et al. (2019), have innovated by integrating the SBM 
directional distance function with the Malmquist-Luenberger index, formulating a novel 
methodology to gauge green technological progress.

Building upon this foundation, our study factors in non-desired outputs and under-
takes a comprehensive decomposition of the Malmquist-Luenberger index. This allows 
us to measure the intergroup bias of green technological innovation within the context of 
resource and environmental impacts, examining both the inputs and the outputs. This 
multidimensional approach provides a more nuanced understanding of the green inno-
vation trajectory, reflecting the intricate balance between economic progress and envir-
onmental stewardship.

2.2. Research related to innovation networks

The field of spatial network analysis emerged from Castells’ Space of Flows theory, which 
posits that society is a spatial form constituted by the flows of various elements (Castells 
& Cardoso, 2006). Building on this, the globalization and world cities research network 
has deepened the study of spatial networks by linking elements such as infrastructure and 
corporate organization with spatial data (Derudder & Taylor, 2021). Scholars like Rogers 
(2004) and Feldman (2016) have further enriched this domain by introducing innovation 
into spatial network studies, uncovering the significant impact of network structures on 
the diffusion of innovation. For instance, Huggins et al. (2023) examined the relationship 
between the regional concentration and dispersion of innovative agents within specific 
industries and their capacity for innovation. Research on the spatial effects of green 
innovation frequently employs spatial econometric methods, utilizing tools like the 
Moran’s I (Gai et al., 2022), kernel density estimation (P. Zhao et al., 2023), and Theil 
index (N. Zhao et al., 2021) to investigate the spatiotemporal evolution and differentia-
tion of green innovation (Liang et al., 2022; Xuhui & Yitao, 2023; Zhou et al., 2021).
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Recent studies on green innovation predominantly rely on “attribute data”, 
which, as Z. Chen et al. (2022) note, inadequately capture the interactive mechan-
isms between regions. Analysing spatial association networks from a relational 
viewpoint, as advocated by CHONG and QIN (2017), yields more insightful 
findings than merely examining “attribute data” through traditional spatial econo-
metric methods. This relational perspective reveals a consensus in the literature: 
regions with higher innovation efficiency often occupy central positions in these 
networks. These regions leverage locational advantages to access extensive inno-
vative resources, enhancing their innovative efficiency (Feng et al., 2022; Guan 
et al., 2015). In contrast, regions with lower innovation efficiency benefit less 
from network effects, leading to uneven regional innovation development (Min 
et al., 2020).

In the context of China’s sustainable development goals, the equitable regional 
distribution of green innovation efficiency is paramount. However, research by 
SUN et al. (2022) indicates a persistent core-periphery structure in green techno-
logical innovation, pointing to a significant relationship between directed invest-
ment in green technology innovation elements and innovation outcomes. This 
relationship, coupled with the increasing degree of interregional connectivity, 
suggests that a region’s green innovation propensity is increasingly influenced 
by its neighbours’ activities.

Despite the recognition of spatial correlation in green innovation, existing 
research has shortcomings that necessitate comprehensive resolution. Traditional 
spatial exploratory analyses and econometric models primarily focus on the 
heterogeneity in spatial distribution due to geographical proximity. These 
approaches, however, overlook the analysis of internal biases and regional holistic 
perspectives, thereby constraining the understanding of the characteristics and 
generative mechanisms of spatial correlation networks. The predominant focus 
on attribute data, with scant exploration of relational data in complex spatial 
networks, leads to inadequate differentiation of the roles, functions, and mechan-
isms of different regions within the green innovation bias network. Therefore, in 
the face of uneven green innovation efficiency and strengthened spatial correla-
tions, employing social network analysis offers a more comprehensive exploration 
of interregional relationships. This method not only unravels the mechanisms of 
spatial relationships but also supports more rational input allocation, providing 
insights for promoting balanced development in green innovation.

This study examines 30 provincial-level administrative regions, employing 
a Malmquist-Luenberger decomposition index model to assess the bias in green 
innovation in manufacturing (GIBM) from 2012 to 2021. GIBM refers to 
a tendency, inclination, or preference that is embedded within eco-innovation. 
Additionally, it adopts a modified gravity model to construct an input biases of 
green technological innovation (GIIM) spatial matrix, a spatial matrix designed to 
measure the regional disparities in green technological inputs biases. This research 
analyses the characteristics of the spatial network structure of GIIM using social 
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network methods. Furthermore, QAP regression is utilized to investigate the 
drivers of GIIM spatial correlation networks, thereby elucidating the formation 
mechanism of these spatial correlation networks (Krackardt, 1987).

3. Materials and methods

3.1. Measurement of the GIBM

3.1.1. Construction of the indicator system
Drawing upon relevant literature (Egilmez et al., 2013; Sims et al., 1974; Zheng 
et al., 2021), this study defines the key components in the context of manufactur-
ing production as follows: Input factors are identified as four key elements – 
capital, land, labour, and energy. The desired output is conceptualized primarily 
as economic output indicators. However, this study also includes technological 
innovation in the desired output, reflecting a more realistic approach to contem-
porary demands. The non-desired output typically encompasses waste emissions 
(Kaneko & Managi, 2004), including a range of pollutants such as Chemical 
Oxygen Demand (COD), ammonia emission, CO2 emissions, sulfur dioxide, 
nitrogen oxide, wastewater, and solid waste (Liu et al., 2022; Yang et al., 2019; 
B. Zhang et al., 2022). Detailed indicators are outlined in Table 1.

3.1.2. Measurement method
We assume there are N decision-making units (DMUs) in the manufacturing, each 
utilizing W types of inputs, producing Q types of expected outputs, and O types of 
unexpected outputs in each period. For the nth n ¼ 1 . . . Nð Þ DMU in period 
t t ¼ 1; 2 . . . ;Tð Þ, the set of input factors is denoted as xt

n ¼ xt
1n; . . . ; xt

Wn
� �

, the set of 

expected output factors as yt
n ¼ yt

1n; . . . ; yt
Qn

� �
, and the set of unexpected output factors 

as bt
n ¼ bt

1n; . . . ; bt
On

� �
. If the Directional Distance Function (DDF) satisfies: 

Dt
o xt; yt; bt; yt; � bt� �

¼ max β 

Table 1. GIBM evaluation index system.
Guideline Layer Indicator Layer Proxy Indicators

Input factors Capital input Investment in fixed assets in manufacturing (billion yuan)
Labor input Employment in manufacturing (million people)
Land input Industrial land area (km2)
Energy input Comprehensive energy consumption per unit of industrial added value  

(t standard coal/million yuan)
Expected 

Output
Economic output Industrial added value as a share of GDP (%)
Technology output Number of green patents of manufacturing companies

Unexpected 
Output

COD emissions COD emission per unit of industrial added value (t/million yuan) (%)
Ammonia emission Ammonia nitrogen emission per unit of industrial added value  

(t/100 million yuan) (%)
Sulfur dioxide emission SO2 emissions per unit of industrial added value/(t/billion yuan) (%)
Nitrogen oxide emissions NOx emission per unit of industrial added value/(t/billion yuan) (%)
Wastewater emissions Wastewater emission per unit of industrial added value/(t/billion yuan) (%)
Solid waste production Solid waste generation per unit of industrial added value/(t/yuan) (%)
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PN

n¼1
zt

nxt
wn � xt

wn;w ¼ 1; 2; � � � ;W

PN

n¼1
zt

nyt
wn � 1þ βð Þyt

qn; q ¼ 1; 2; � � � ;Q

PN

n¼1
zt

nbt
wn ¼ 1 � βð Þbt

on; o ¼ 1; 2; � � � ;O

zt
n � 0; n ¼ 1; 2; . . . ;N

8
>>>>>>>>><

>>>>>>>>>:

(1) 

Where β gauges the distance of the evaluated DMU to the production frontier in the 
direction of yt; � bt� �

: By integrating the constraint condition of Equation (1) with the 
Malmquist-Luenberger (ML) index method, the ML index can be decomposed into 
efficiency change (ΔT) and technological change (ΔTE). Further, the ΔTE index is 
decomposed to obtain the input-biased of green technological innovation in manufactur-
ing (GIIM) and the output bias of green technological innovation (GIOM) (Färe et al., 
1997). The specific calculation method is as follows: 

Mt
0 xt; yt; xtþ1; ytþ1� �

¼ Dt
0 xtþ1; ytþ1� �

=Dt
0 xt; ytð Þ; t ¼ 1; . . . ;T � 1

¼ Δ T xtþ1; ytþ1� �
� Δ TE xt; yt; xtþ1; ytþ1� �

¼
Dt

0 xtþ1; ytþ1ð Þ

Dtþ1
0 xtþ1; ytþ1ð Þ

� �

�
Dtþ1

0 xtþ1; ytþ1ð Þ

Dt
0 xt; ytð Þ

� �

:

GIIM xt; yt; xtþ1� �
¼

Dtþ1
i yt; xtþ1ð Þ

Dt
i yt; xtþ1ð Þ

=
Dtþ1

i yt; xtð Þ

Dt
i yt; xtð Þ

� �

(2) 

GIOM yt; xtþ1; ytþ1� �
¼

Dt
0 xtþ1; ytþ1ð Þ

Dtþ1
0 xtþ1; ytþ1ð Þ

=
Dt

0 xtþ1; ytð Þ

Dtþ1
0 xtþ1; ytð Þ

� �

Factor input bias is measured based on the change in the marginal rate of substitution 
of factors (Weber & Domazlicky, 1999). This study examines the energy substitution bias 
(ESB) index of green technology innovation in manufacturing to determine the network 
node attributes. The ESB is expressed as follow: 

ESBC;E ¼
Ctþ1

Etþ1 =
Ct

Et � 1
� �

� GIIM � 1ð Þ (3) 

where C refers to capital input and E refers to energy input. When there is technological 
innovation from period t to t þ 1, Ctþ1

Etþ1 =
Ct

Et is the ratio of the marginal substitution rates of 
factors C and E from stage t to t þ 1, reflecting the factor changes in innovation. When 
GIIM > 1, Ctþ1

Etþ1 =
Ct

Et > 1, that is ESBI;J > 0, it indicates the energy-saving green technology 
innovation.

3.2. Network construction and network analysis methods

3.2.1. Network construction
The identification of spatial linkages is crucial for analyzing the spatial linkage network of 
GIBM in China using social network methodologies (Borgatti & Foster, 2003; Cassi et al., 
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2012). Given that spatial linkages often diminish with increasing geographical distance – 
a phenomenon known as “distance decay” highlighted by Basile et al. (2012)—the closer 
the geographical proximity, the stronger the linkages tend to be. Therefore, this study 
proposes the use of a modified gravity model to construct the spatial association network. 
This approach integrates considerations of green manufacturing with economic and 
geographical distances, thereby offering a more nuanced understanding of the spatial 
association characteristics. Additionally, the economic distance between regions is 
a significant factor influencing these linkages. Incorporating population and economic 
scale into the gravity model (Кузнецов et al., 2014), allows for a more accurate depiction 
of the spatial evolution trends. In this research, we adapt the gravity model to determine 
the spatial correlation network of green manufacturing among different regions. The 
specific calculation formula employed is outlined as follows: 

Fij ¼ Kij

ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
PiGiMi

3
p ffiffiffiffiffiffiffiffiffiffiffiffiffiffi

PjGjMj
3
p

D2
ij

;Kij ¼
Mi

Mi þMj
;Dij ¼

dij

gi � gj
(4) 

In Equation (4): Fij denotes the spatial correlation strength (gravitational value) of 
GIBM between provinces i and j; Mi and Mj denote the green manufacturing develop-
ment indexes of provinces i and j, respectively; Kij denotes the contribution rate of 
province i to Fij; dij is the geographic distance between provinces i and j; Gi and Gj 

denote the level of economic development of provinces i and j, as measured by the total 
GDP; gi and gj are the per capita GDP of the two regions, respectively.

Building upon this framework, this study acknowledges the presence of a threshold 
value in the strength of spatial relationships. Consequently, this study proposes using the 
average value of each row in the association strength matrix derived from the gravity 
model as this threshold value. Following this, a 0–1 matrix is constructed, determining 
the presence or absence of association relationships. This process culminates in the 
formation of a directed binary spatial association matrix.

3.2.2. Social network analysis methods
This study delves into the spatial association network of GIBM, employing social network 
analysis as a framework (Fritze et al., 2018). In examining the overall structure of the 
network, we focus on several key characteristics. Network Density (ND) is used to gauge 
the complexity of the relationships within the green manufacturing association network. 
It reflects the intricacy of connections among various nodes. The number of nodes and 
the quantity of relationships within the network indicate the network’s relevance (NR), 
which is a measure of the GIBM network structure’s stability. Network Efficiency (NE) is 
employed to quantify the characteristics of GIBM association channels. Furthermore, 
Network hierarchy (NH) is analysed to understand the degree of asymmetric accessibility 
within the network. This metric is crucial in evaluating the hierarchical structure of 
access to resources and information. The presence of small-world characteristics within 
the network is scrutinized to assess the efficiency and accessibility of resource dissemina-
tion across the network. The calculations for ND, NR, NE and NH is as presented in 
Eq. 5–8: 

ND ¼ N= TN � TN � 1ð Þ½ � (5) 
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NR ¼ 1 � V= TN � TN � 1ð Þ=2½ � (6) 

NE ¼ 1 � RN=maxRN½ � (7) 

NH ¼ 1 � P=maxP½ � (8) 

where N denotes the number of existing connections in the GIBM network, TN denotes 
the total number of nodes, RN denotes the number of redundant connections in the 
network, and P denotes logarithm of symmetric reachable points. This study draws on 
these eigenvalues to characterize the overall GIBM network, which focuses on analysing 
the associations and structure among the members of the network (Doreian & Conti, 
2012).

In quantifying the position and role of nodes, individual characteristics such as metric 
degree-centrality (Dc), betweenness-centrality (Bc), and closeness-centrality (Cc). can be 
measured as Eq. 9–11: 

Dc ¼ n= TN � 1ð Þ (9) 

Bc ¼
Xn

i

Xn

j

gij kð Þ
gij

; i�j�kj< j (10) 

Cc ¼
Xn

i¼1
djk (11) 

Among them, the level of Dc reflects the strength of the network association ability. If 
the value of Dc is high, the node is at the center of the network. Bc mainly reflects the 
degree of control of the node over the relationship between other nodes, and the higher 
value indicates that it is able to control the interactions of other nodes in terms of GIBM. 
Cc reflects the node’s ability to act on its own, i.e., the higher the value is, the lower the 
degree of influence it is subjected to by other nodes. Where n is the number of other 
nodes in the network associated with a particular node, djk denotes the shortcut distance 
between two nodes, and gij kð Þ denotes the number of shortcuts between nodes i and j that 
pass through other nodes k.

In addition to the previously mentioned analyses, this study extends its investigation 
to the internal structure and spillover paths of GIBM spatial networks through block 
mode analysis. This analysis employs the iterative correlation convergence method, 
a prominent technique for deciphering the intricate dynamics within spatial networks. 
Block mode analysis is a principal method used for spatial clustering, essential for 
uncovering the internal structural state of the network. This method facilitates the 
evaluation of each region’s position and role within the overall network. The 

Table 2. Classification basis of the four major sectors.

Intra-sectors relationship

Intre-sectors relationship

≈0 >0

� ðgq � 1Þ=ðg � 1Þ Bidirectional overflow Net overflow
> ðgq � 1Þ=ðg � 1Þ Net gain Irrelevant
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classification of these regions, based on their respective roles and positions, is detailed in 
Table 2. This categorization is instrumental in understanding the varying influences and 
interactions among different areas within the GIBM spatial network.

3.2.3. QAP method
In this study, the spatial correlation network is constructed utilizing relational data. To 
address the issue of multicollinearity among the influencing factors of the correlation 
network, which challenges the assumption of variable independence, Quadratic 
Assignment Procedure (QAP) regression is employed as an alternative to traditional 
econometric modeling. The advantage of QAP regression lies in its foundation on 
relational data, which relaxes the strict requirement of independence between variables 
(Doreian & Conti, 2012). This methodological choice significantly enhances the robust-
ness of the analysis results. The application of QAP regression in this study is centered on 
examining the impact of biased green innovation. Additional control variables, including 
economic factors, industrial attributes, and geographical location, are incorporated. This 
comprehensive approach is aimed at thoroughly investigating the drivers of the GIIM 
spatial correlation network. The ultimate goal is to unravel the formation mechanism of 
the GIIM correlation relationships across different regions, providing a deeper under-
standing of the dynamics shaping GIIM development.

3.2.4. Data sources
The data utilized in this study are sourced from a range of authoritative publications. 
These include the China Statistical Yearbook, China Energy Statistical Yearbook, China 
Environmental Statistical Yearbook, China Science and Technology Statistical Yearbook, 
and China Ecological Environment Statistical Yearbook. Additionally, relevant data from 
various provincial statistical yearbooks have also been incorporated. This comprehensive 
dataset ensures a robust and thorough analysis of the spatial correlation network of 
GIIM.

4. Results

4.1. Characterization of GIBM

By measuring the Malmquist-Luenberger multidimensional decomposition, we obtain 
the GIBM of 30 provinces in China from 2012 to 2021.1 These indices are then decom-
posed based on regional disparities in the level of GIBM across the country, specifically 
focusing on the differences among the East, Central, and West regions (refer to Figure 1).

In Figure 1, the data illustrates a clear trend in green technological innovation in 
China, particularly before 2015. During this period, innovation was primarily driven by 
input side. A notable aspect of this trend is the regional disparity: the central and eastern 
regions of China exhibited significantly higher levels of green technological innovation 
compared to the western regions. This disparity can be attributed to two main factors. 
Firstly, the eastern and central regions possess a stronger foundation and greater capacity 
for innovation. Secondly, these regions have shown a pronounced focus on technological 

1The year 2012 was chosen as the starting point for the study because it was in 2012 that the Chinese government first 
raised the meaning of green manufacturing in a policy document.
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innovation aimed at energy conservation. This strategic orientation is directed towards 
reducing energy consumption and minimizing costs for enterprises.

Over the decade from 2012 to 2021, two major developments are evident in the realm 
of China’s green technology innovation. The first is a noticeable shift towards emphasiz-
ing the input aspect of green technology innovation across the country. The second 
development is the increasing uniformity in the efficiency of green technology 

Figure 1. Overall evolution of GIBM in China.

Figure 2. GIBM trends in China.
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innovation across different regions, suggesting a movement towards a more balanced 
regional development in this sector.

From the trend chart depicting provincial GIBM (Figure 2), both GIIM and GIOM 
exhibit an overall fluctuating upward trajectory, indicating a sustained enhancement in the 
efficiency of green technological innovation in China. Notably, the predominant driver 
was the improvement in the efficiency of input factor substitution across all years, with the 
notable exception of 2016. This anomaly can be primarily attributed to the unveiling of the 
“Made in China 2025” initiative in 2015, which outlined goals centered around innova-
tion-driven growth and environmentally sustainable development (Zenglein & Holzmann, 
2019). Following this, various regions implemented incentive policies with a particular 
emphasis on innovation in emission reduction (Wang et al., 2020).

Despite these dynamics, a comprehensive analysis reveals a predominant trend towards 
input-biased green technology innovation across the majority of Chinese provinces. Our 
comparative analysis of GIIM for the years 2013, 2017, and 2021 (Figure 3) demonstrates 
a similarity in innovation bias among neighbouring provinces, with a noticeable expansion 
in the range. This observation suggests a robust spatial correlation in the bias of green 
innovation development within China’s manufacturing industry, indicative of a complex 
and interconnected network relationship. Consequently, an in-depth examination of this 
spatial network’s structural characteristics becomes imperative to understand its implica-
tions for future green technology policy and industry development.

4.2. Characteristics and evolution trend of spatial association whole network in 
GIIM

Utilizing a modified gravitational model, this study establishes a matrix to analyze 
the spatial correlation of the GIIM across Chinese provinces. Notably, 2016 
emerges as a pivotal year in the transition towards a green technology innovation 
bias. Accordingly, the years 2012, 2016, and 2021 were selected for comparative 
analysis. This selection was based on their representation of different stages in 
China’s green innovation trajectory. To visualize the spatial correlation network of 
GIIM levels, the UCINET tool Netdraw was employed. This tool effectively maps 

Figure 3. Overall evolution of GIIM in China.
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the intricate interconnections among provinces, revealing patterns and trends in 
green technology innovation. The study introduces a novel approach to node 
attributes, employing ESBC;E to categorize nodes. Nodes colored blue represent 
provinces where green innovation input is primarily characterized by energy 
factor substitution, indicative of a strong energy-saving bias in technology 

Figure 4. China GIIM Spatial Association Network in 2012.

Figure 5. China GIIM Spatial Association Network in 2016.
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innovation. Conversely, nodes colored red signify a different characteristic, which 
requires further clarification in the context of green innovation.

By integrating these node attributes with the degree centrality of each node, the study 
uncovers more nuanced insights into the GIIM spatial correlation relationships. Figures 
4–6 illustrate this dynamic interconnection, highlighting the absence of isolated points 
among provinces and underscoring a pronounced network structure. The analysis 
reveals significant variances in the relationships between nodes.

A particularly noteworthy trend is observed in coastal regions such as Beijing, 
Shanghai, Jiangsu, Zhejiang, Tianjin, and Guangdong. These areas consistently exhibit 
high correlation strengths and an increasing bias towards energy-saving innovations. 
This trend not only underscores the regional disparities in China’s green technology 
innovation landscape but also reflects the broader developmental patterns prioritizing 
energy efficiency and sustainable practices.

4.3. Characteristics of the structure of the spatial network

This study further explores the overall structural characteristics of the GIIM spatial 
association network from 2012 to 2021, using various indicators as illustrated in 
Figure 7. Initially, Figure 7 highlights the network’s continuous growth both in terms 
of density and the number of relationships. Network density, a measure of how inter-
connected the nodes are within a network, saw a significant increase from 0.4563 in 2012 
to 0.6793 in 2021, marking an approximate 33% growth. This increase is indicative of the 
strengthening relationships and collaborations among provinces in the realm of GIIM.

Simultaneously, the number of correlations within the network rose from 427 in 2012 
to 621 in 2021. While this number is still short of the maximum potential of 870 
relationships – calculated based on the total possible connections in the network – the 
current high network density suggests that the development of GIIM across various 
provinces is becoming more integrated and cohesive.

Figure 6. China GIIM Spatial Association Network in 2021.
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The indicators in Figure 7 collectively demonstrate not only the quantitative growth of 
the network but also its qualitative development. The expansion in network density and 
relationships signifies a maturing landscape of GIIM in China, reflecting a nationwide 
shift towards more collaborative and interconnected approaches in this field. This trend 
is a positive indicator of the progress in the application and integration of green 
technologies across the provinces, marking a significant step towards achieving sustain-
able development goals.

The paper further calculates key metrics such as the degree of correlation, 
network hierarchy, and network efficiency within the GIIM spatial correlation 
network. As detailed in Table 3, the network correlation degree was consistently 
measured at 1 throughout the study period. This consistency suggests a relatively 
stable network structure, despite minor fluctuations in the number of network 
relationships. Such stability indicates good network accessibility among the pro-
vinces, characterized by strong spatial correlations and spillover effects, implying 
that most provinces have established stable cooperative relationships in the realm 
of GIIM.

Additionally, the network hierarchy degree, measured at 0, reveals that the GIIM 
spatial correlation network operates on a relatively flat hierarchical scale at the inter- 
provincial level. This absence of a strict hierarchical order and connectivity barriers 
underlines a significant synergistic effect among the provinces, facilitating collaborative 
and egalitarian interactions in green innovation.

Figure 7. Network density and association from 2012 to 2021.

Table 3. Connectedness, hierarchy and efficiency.
year 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

Connectedness 1 1 1 1 1 1 1 1 1 1
Hierarchy 0 0 0 0 0 0 0 0 0 0
Efficiency 0.5394 0.4901 0.4557 0.4286 0.4187 0.4212 0.3768 0.3842 0.3227 0.3128
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The overall trend of declining network efficiency, with distinct phase characteristics, 
indicates that the channels for GIIM spatial spillover have expanded during the study 
period. This expansion has ostensibly enhanced the overall stability of the network, 
suggesting a maturing and more interconnected GIIM landscape.

4.4. Networked small-world features

In this study, we constructed a random network that matches the scale and density of 
real-world correlation networks annually. We characterized the connectivity between 
network nodes using metrics such as network clustering coefficient, average distance, and 
network diameter. These analyses are illustrated in Figure 8.

From 2012 to 2021, the network’s clustering coefficient remained relatively stable, 
fluctuating between 0.6 and 0.8. This indicates a strong degree of connectivity among 
nodes and their adjacent nodes. The spatial correlation network of the GIIM maintained 
a balanced state of connectivity, aligning with the trends observed in the GIIM spatial 
correlation networks depicted in Figures 4–6.

The average path length varied between 1.544 and 1.321, showing a yearly decreasing 
trend. This decrease suggests that provinces have been leveraging the network structure 
for more effective collaboration in GIIM, thereby reducing network redundancy and 
enhancing overall efficiency.

Remarkably, the network diameter consistently remained at 2, significantly lower than 
the total number of 30 members in the overall spatial network. This consistency high-
lights the network’s efficient structure, where the distance between any two nodes is 
relatively small.

Overall, the GIIM spatial correlation network exhibits characteristics of a “small- 
world” phenomenon, indicative of excellent network connectivity. This phenomenon 
allows for the rapid dissemination of a province’s level of GIIM to others, thereby 

Figure 8. Evolution of small-world characteristics of spatially linked networks.
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Figure 9. Centrality analysis in 2012.

Figure 10. Centrality analysis in 2016.
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improving the spatial correlation network status of provinces with lower GIIM levels. 
These findings underscore the vital role of cross-provincial and cross-regional collabora-
tion in fostering the development and dissemination of GIIM, highlighting the inter-
connected nature of green innovation efforts across China.

4.5. Ego-network characteristics and dynamic evolution trend

4.5.1. Centrality analysis
To elucidate the positions and functions of each province within the GIIM spatial 
association network, this study quantitatively assesses three pivotal network metrics : 
degree centrality, betweenness centrality, and closeness centrality. The years 2012, 2016, 
and 2021 were specifically chosen for this dynamic analysis, with Figures 9–11 illustrating 
the distribution of individual network characteristics related to spatial associations across 
the provinces.

In terms of degree centrality, regions such as Beijing, Shanghai, Jiangsu, and Zhejiang 
consistently emerged as central players in the GIIM network throughout the research 
period. The stable yet notable increase in both in-degree and out-degree for various 
provinces, particularly in 2021, suggests an intensifying spillover effect. Notably, Gansu’s 
higher in-degree compared to its out-degree each year implies it benefits more from the 
network than it contributes, while Beijing and Tianjin, with high in-degrees, demonstrate 
a strong capacity to absorb resources and promote local GIIM development through 
a “siphoning effect”.

Figure 11. Centrality analysis in 2021.
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The average betweenness centrality value decreased over the years, indicating 
a gradual reduction in bipolarization within the GIIM network among provinces. This 
trend is beneficial for enhancing cooperative efforts and communication in GIIM devel-
opment. Jiangsu, Beijing, and Shanghai, consistently ranking high in betweenness cen-
trality, play crucial roles due to their strategic positions in inland communication 
channels.

Closeness centrality rankings closely align with degree centrality, suggesting that 
provinces with significant positions and close ties to others also influence the GIIM of 
neighboring provinces. The noticeable upward trend in closeness centrality, with more 
provinces exceeding the average value each year, indicates an enhanced ability to connect 
through shorter paths and access innovation resources effectively.

By combining these three centrality indices to examine green innovation in the 
manufacturing sectors of various provinces, an increasingly strong investment bias is 
evident. Regions with advanced manufacturing, such as Shanghai, Beijing, and Jiangsu, 
continue to exert strong control over GIIM-related innovation resources. However, the 
intensification of spatial network connections also brings geographically more remote 
areas into prominence within these networks.

4.5.2. Structural hole analysis
Applying the theory of structural holes to the GIIM network, this study measures the 
positions of structural holes within the network, using two indicators: Effective Size and 
Constraint. “Effective Size” gauges the extent of a province’s influence on the overall 
GIIM network, while “Constraint” assesses the likelihood of a province occupying 
a structural hole position (Y. Chen, 2015).

In a representation (Figure 12), the study examines advantageous and disadvanta-
geous nodes in the context of green innovation in 2021. It reveals that regions like 
Beijing, Zhejiang, and Fujian, with large Effective Sizes and low Constraints, are 

Figure 12. Structural hole indicator of China’s GIIM in 2021.
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positioned advantageously in structural holes. This positioning implies a greater ability to 
access diverse information and exert control within the network.

Conversely, regions such as Xinjiang, Hainan, and Jilin, characterized by small 
Effective Sizes and high Constraints, demonstrate weaker external resource capabilities 
and a high dependency on provinces occupying advantageous structural hole positions. 
These findings indicate a disparity in the capacity to leverage network benefits for green 
innovation.

The study suggests that regions in advantageous node positions should capitalize on 
their network benefits in green manufacturing innovation. By enhancing information 
exchange with regions in disadvantaged node positions, they can facilitate a more 
balanced and inclusive regional development. This strategy is crucial for ensuring that 
all provinces, regardless of their current network position, can contribute to and benefit 
from advancements in green technology innovation.

4.6. Evolution of core-periphery structure

Utilizing core-periphery analysis, it is evident that the spatial correlation network of 
China’s GIIM is characterized by an expanding core and a diminishing periphery, as 
illustrated in Figure 13. From 2012 to 2021, the number of provinces in the core region 
steadily increased, from 17 in 2012 to 19 by 2021. This increase reflects a significant trend 
of gradual extension from the south-eastern coastal provinces to more peripheral areas, 
marking a shift from a single-core agglomeration to a more diverse, multi-core expansion.

The evolving distribution of the core region signifies not only the geographic spread of 
green innovation but also the increasing integration and collaboration among provinces. 
This expansion demonstrates the growing influence and reach of green innovation 
initiatives, particularly from the developed provinces along the eastern coast.

Concurrently, the diminishing periphery illustrates how previously peripheral pro-
vinces are becoming increasingly integrated into the network. This integration is driven 
by enhanced economic development and inter-provincial connections, leading to tighter 
ties within the density matrix. As a result, peripheral provinces are gradually becoming 
active participants in the GIIM network, contributing to and benefiting from green 
innovation initiatives.

Figure 13. Core-edge structure of GIIM spatial associations, 2012, 2016 and 2021.
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The developed provinces along the eastern coast play a pivotal role in this process. 
Their expansion in diffusion and radiation scope significantly promotes the improve-
ment of the GIIM level in surrounding provinces. This trend is indicative of a broader 
shift towards a more inclusive and interconnected approach to GIIM, where provinces 
show increasing initiative and capability in contributing to the network structure.

Overall, while the spatial correlation network of China’s GIIM continues to exhibit 
a core-periphery structure, the dynamics within this structure are rapidly evolving. The 
increasing number of core areas and the integration of peripheral regions underscore 
a national trend towards more integrated and collaborative green innovation efforts.

4.7. Blocks analysis

The analysis of China’s GIIM, considering both overall and individual characteristics, 
reveals significant spatial differentiation. To further depict the inter-regional interactions 
and dynamic changes, this study selects data from 2012, 2016, and 2021. An iterative 
algorithm, which considers segmentation depth and concentration standards, categorizes 

Figure 14. Correlation among the four GIIM blocks in 2021.

Table 4. Classification of GIBM space-related network blocks in 2012.

Segment

Segment 
Matrix provinces in 

each segment

overflow 
relation- 

ships

accepted 
relation- 

ships
Desired internal 

relationship ratio
Actual internal 

relationship ratioI II III IV

I 2 12 24 20 2 56 55 3.45% 3.45%
II 12 21 69 42 6 123 106 17.24% 4.65%
III 23 68 40 17 12 108 109 37.93% 10.00%
IV 20 26 16 15 10 62 79 31.03% 13.89%
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30 regions into four major blocks. The results show R2 values of 0.531 (2012), 0.557 
(2016), and 0.519 (2021), indicating a generally good fit for each year. Figure 14 illustrates 
the interactive relationships between these four major blocks of the GIIM spatial correla-
tion network in 2021.

The block model analysis results, as listed in Tables 4–6, reveal that when spatial 
correlations are considered, inter-block relationships are significantly more prevalent 
than intra-block associations. This indicates notable spatial correlations and spillover 
effects between GIIM blocks. By comprehensively considering the number of receiving 
blocks, spillover relationship counts, internal relationship counts, and the proportion of 
internal relationships, the attributes of the blocks for 2012, 2016, and 2021 were categor-
ized. A closer examination of their dynamic changes reveals:

● Block I: Weak internal spillover effects, significant spillover to others, and reception 
of spillover from other blocks, playing an effective “bridge” role in the spatial 
correlation network. Throughout the study period, it was consistently categorized 
as the “Broker” block.

● Block II: The number of spillover relationships exceeds those received, making it 
a “Net Spillover” block throughout the study period. This block not only meets its 
own development needs but also facilitates the development of other block members 
through element spillover.

● Blocks III and IV: These blocks experienced role reversals during the study period. 
In 2012 and 2016, Block III, with a roughly equal number of received and spillover 
relationships and a relatively high proportion of internal relationships, was categor-
ized as a “Bidirectional Spillover” block, playing a “Bidirectional Guide” role. In 
2021, it became a “Net Inflow” block, whereas Block IV transitioned from a “Net 
Inflow”block in 2012 and 2016 to a “Bidirectional Spillover” block in 2021.

Not only did the attributes of the blocks change, but also the composition of provinces 
within each block shifted notably. For instance, the number of provinces in Block 

Table 5. Classification of GIBM space-related network blocks in 2016.

Segment

Segment 
Matrix provinces in 

each segment

overflow 
relation- 

ships

accepted 
relation- 

ships
Desired internal 

relationship ratio
Actual internal 

relationship ratioI II III IV

I 7 24 39 18 3 81 81 6.90% 3.57%
II 24 33 97 33 8 154 142 24.14% 4.94%
III 39 97 57 5 13 141 139 41.38% 8.44%
IV 18 21 3 12 6 42 56 17.24% 12.50%

Table 6. Classification of GIBM space-related network blocks in 2021.

Segment

Segment 
Matrix provinces in 

each segment

overflow 
relation- 

ships

accepted 
relation- 

ships
Desired internal 

relationship ratio
Actual internal 

relationship ratioI II III IV

I 30 29 54 60 6 143 144 17.24% 4.03%
II 30 12 45 43 5 118 112 13.79% 4.07%
III 54 41 21 37 9 132 140 27.59% 6.38%
IV 60 42 41 22 10 143 140 31.03% 6.54%
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I increased, with Beijing, Tianjin, Jiangsu, Zhejiang, Fujian, and Shanghai being part of the 
“Broker””block by 2021, indicating an increasing number of provinces playing a“bridge”-
and“intermediary”role. The variations in the provincial composition of the other blocks 
across different years highlight the complexity and dynamism of the GIIM spatial correla-
tion network.

4.8. Network structure effect analysis

To reveal the structural characteristics of the GIIM spatial correlation network, this study 
empirically examines the impact of network structure on regional differences and levels 
of GIIM from two aspects: the overall network and individual network structures. From 
the perspective of the overall network structure, the variation coefficient of GIIM levels 
across provinces is used to measure the inter-provincial differences in GIIM levels. OLS 
regression is conducted using network density and network efficiency, with the depen-
dent variables undergoing logarithmic transformation. Additionally, from the perspec-
tive of individual network structure, besides the degree centrality and betweenness 
centrality used in the individual characteristics analysis, eigenvector centrality is also 
introduced as an explanatory variable. Balanced panel data regression analysis is per-
formed with GIIM as the dependent variable. Logarithmic transformation of the expla-
natory variables is carried out to avoid certain multicollinearity issues.

4.8.1. Regression results for the whole network structure
Table 7 reveals that the regression coefficients for network density and network efficiency 
on the regional differences of GIIM are 2.420 and −2.357, respectively, and both are 
significant at the 5% level. This indicates that an increase in network density and 
a decrease in network efficiency significantly affect the regional disparities of GIIM, 
leading to a more balanced spatial distribution of GIIM levels. The potential reasons are 
as follows: Firstly, an increase in network density enhances the cohesion among pro-
vinces in terms of green innovation orientation, thus avoiding spatial differences and 
polarization trends in GIIM. Secondly, a decrease in network efficiency implies an 
increase in critical nodes throughout the network, leading to higher levels of GIIM 
spillover among provinces. This enhances the overall stability of the network, thereby 
reducing the relative differences in GIIM.

4.8.2. Regression results for ego-network structure
Based on the characteristics of the data, estimation was performed using panel 
models, with reference to the results of the Hausman test to select an appropriate 

Table 7. OLS regression results of the whole network structure effect.
Model (1) (2)

Network Density 2.420**(2.66)
Network Efficiency −2.357**(−2.43)
Interception −2.939***(−5.58) −0.569(−1.40)
R2 0.4697 9.4256
Adj.R2 0.435 0.3537

Notes: (1)*, **, *** represent at 1%, 5%, and 10% significance levels, respectively; (2) 
The figures in () indicate the t-values.
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random effects model. The regression results are shown in Table 8. The regression 
coefficients for degree centrality, betweenness centrality, and eigenvector centrality 
are 0.109, 0.266, and 0.130, respectively, and are positive at the 5% and 10% sig-
nificance levels. This indicates that the enhancement of centrality in each province 
has a significant positive impact on the GIIM level. The possible reasons are as 
follows: First, the higher the degree centrality, the more direct relationships 
a province has with other provinces, resulting in a higher degree of local association 
and enabling provinces to acquire relevant resources more efficiently, thereby 
improving the GIIM level. Secondly, provinces with higher betweenness centrality 
can effectively control the associative effects with other provinces, thus guiding the 
rational allocation of resource elements and enhancing the GIIM level in the network 
structure region. Finally, the higher the eigenvector centrality, the closer and more 
influential the core inter-provincial relationships are, promoting inter-provincial 
communication and cooperation, and steadily improving the GIIM level.

5. QAP analysis of drivers

5.1. Variable design

The formation and evolution of the GIIM spatial correlation network are attributed to 
the differential resource endowments of network nodes and their collective actions. 
Research, notably by K. Gao and Yuan (2022), has revealed that the spatial heterogeneity 
and regional variations in China’s green innovation are linked to geographic spatial 
factors. The proximity in geographical distance facilitates easier factor mobility and 
mutual sharing of outcomes. Extensive research has demonstrated the impact of govern-
mental environmental regulation on green innovation in manufacturing. Manufacturing 
enterprises are required to allocate substantial resources to comply with mandatory 
environmental policies, inevitably escalating production costs and imposing 
a significant burden on green innovation (Y. Zhang et al., 2018), thereby influencing 
the direction of green innovation initiatives. However, with the increasing intensity of 
mandatory environmental policies, manufacturing firms are compelled to adopt more 
environmentally sustainable technologies. This shift enhances production efficiency and 
resource utilization through GIIM, consequently reducing production costs (J. Gao et al., 
2023). This complex interplay accentuates the profound influence of the level of digital 
transformation and environmental regulatory intensity on the dynamics between sectors.

Table 8. Regression results of the ego-network structure effect.
Model (1) (2) (3)

Degree centrality 0.109**（2.30）
Betweenness centrality 0.266**（2.19）
Eigenvector centrality 0.130*（1.75）
Interception 0.502***（2.59） −0.196（-0.38） 0.531**（2.24）
Wald 5.28** 4.82** 3.06*
R2 0.0509 0.0448 0.0427
Hausman statistic 0.36 0.09 1.03
FE/RE RE RE RE

Notes: (1）*, **, *** represent at 1%, 5%, and 10% significance levels, respectively;（2）The figures in () indicate 
the t-values.
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Additionally, based on the block model and core-periphery research findings, there 
are distinct regional differentiation characteristics within and between blocks. Recent 
studies, such as those by Deng et al. (2022), have also highlighted the impact of digital 
transformation in manufacturing on green innovation. Therefore, in this study, we aim 
to concurrently consider the effects of these factors on interprovincial interactions. This 
approach enables a more comprehensive understanding of the correlations between 
provinces and the intricate interactions among different blocks. Ultimately, our findings 
will offer valuable insights for the formulation and implementation of relevant policies. 
Thus, the model we have developed for this study adopts a holistic approach, integrating 
the multifaceted effects of spatial-geographic distance (D), environmental regulation 
intensity (E), and the level of digital transformation (T). The model is formulated as 
follows: 

Mi ¼ f D;E;Tð Þ (12) 

Where, Mi denotes the GIIM spatial correlation network in the ith year; Ddenotes the 
spatial geographic distances between provinces based on latitude and longitude; E is the 
matrix representing the differences in environmental regulation intensity, measured by 
the ratio of completed investments in industrial pollution treatment to the industrial 
added value; T stands for the matrix of digital transformation levels. The measurement of 
these variables is as follows: Initially, Python web scraping technology was employed to 
collect annual report data of manufacturing companies listed from 2012 to 2021. This 
study draws from classic literature in constructing a corporate digital terminology 
dictionary, starting with five major “ABCD”technologies, namely Artificial Intelligence, 
Blockchain, Cloud Computing, and Big Data. The construction of the corporate digital 
transformation lexicon originated from the application side of the aforementioned digital 
technologies (Wu et al., 2021). By combining text mining and word frequency counting, 
the level of digital transformation of manufacturing companies listed from 2012 to 2021 
was quantitatively analysed using the following formula: 

TOT wordsi;t ¼
X

keywordsf g (13) 

Digitali;t ¼ ln TOT wordsi;t þ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1þ TOT wordsi;t
� �2

q� �

(14) 

The eq.13 and 14 mentioned above calculates the sum of frequencies of digital key-
words in the annual report of firm i for year t. It acknowledges that the frequency of 
keywords in a firm’s annual report prior to a certain time might be negligible or zero. To 
address this, an inverse hyperbolic sine transformation is applied, effectively smoothing 
out high-frequency fluctuations in speed. This transformation is particularly effective for 
smaller values, offering a proportional change and well-defined numerical properties. As 
a result, it generates a digital transformation index for each enterprise, where a higher 
index value indicates a more advanced level of digitalization.

In line with this data, the study adopts a regional clustering approach defined as stock 
code-company abbreviation-province number-province. This method involves matching 
and clustering the digital transformation indicators of enterprises across 30 local admin-
istrative units in China from 2012 to 2021, thereby calculating the regional level of digital 
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transformation. Subsequently, the gravity model is employed to compute the gravita-
tional value of the regional digital transformation level. This approach mirrors the 
methodology used in the previous section for constructing evidence of the spatial 
correlation strength of the GIIM.

5.2. Correlation analysis

This study takes the release date of “Made in China 2025” as a reference point and selects 
data from three years: 2012, 2016, and 2021. Utilizing Ucinet for analysis and after 
randomly permuting 5,000 data points, we obtain the GIIM spatial correlation matrix 
along with the correlation coefficients of various influencing factors, as shown in Table 9.

The results from the QAP correlation analysis reveal a significant relationship between 
geographical distance, the intensity of environmental regulations, and the level of digital 
transformation concerning the spatial correlation network of the GIIM. For the years 2012, 
2016, and 2021, the spatial distance coefficient exhibits a negative correlation. This suggests 
that reduced geographic distances strengthen the spatial correlation within the GIIM net-
work. Additionally, the correlation coefficients for the differences in environmental regula-
tion intensity across these years are uniformly negative. This finding underscores the 
connection between spatial correlation and regional variations in the development of envir-
onmental regulatory intensity. Regions with minor disparities in environmental regulation 
are more likely to engage in mutual learning, fostering the establishment of spatial connec-
tions among different regional GIIMs. Further analysis of digital transformation levels in 
2012, 2016, and 2021 indicates that regions with advanced digital transformation exhibit 
a more substantial expansion and spillover effect in inter-provincial linkages within the GIIM 
network. This finding extends scholar’s study of the spatial effects of green innovation by 
revealing the drivers of the spatial correlates of input-biased green innovation (J. Gao et al., 
2023; Liang et al., 2022; P. Zhao et al., 2023). Furthermore, by delving into the interplay 
between digital transformation and the intensity of environmental regulation, we can gain 
a deeper understanding of how these factors collectively shape the evolutionary trends of the 
GIIM spatial correlation network. Particularly in the context of rapid digital development, the 
coordination and integration of environmental regulations across different regions may play 
a more significant role in promoting inter-regional linkages and innovative upgrades within 
the GIIM framework.

5.3. Regression analysis

In Table 10, the results of the QAP regression analysis of the model are presented. The 
adjusted R2 values for the three years under consideration are 0.571, 0.484, and 0.485 

Table 9. Correlation analysis.
Independent 2012 Significance 2016 Significance 2021 Significance

D −0.359*** 0.000 −0.376*** 0.000 −0.391*** 0.000
E −0.062*** 0.001 −0.086*** 0.000 −0.037** 0.017
T 0.749*** 0.000 0.679*** 0.000 0.678*** 0.000

Notes: *, **, *** represent at 1%, 5%, and 10% significance levels, respectively.
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respectively, all surpassing the 1% significance test. This indicates that factors such as 
spatial distance, environmental regulation intensity, and digital transformation are 
instrumental in explaining the shifts in spatial association.

Observing the regression coefficients of the spatial geographic distance matrix, we find 
the coefficients to be −0.0089, −0.0129, and −0.0132, all significantly negative at the 1% 
level. This indicates that the closer the inter-provincial geographical distance, the stron-
ger the spatial correlation of the GIIM. The regression coefficients of the environmental 
regulation intensity difference matrix are −0.0002, −3.5553, and −0.0003, passing the 
significance tests at 1%, 5%, and 1% levels, respectively. Interestingly, the coefficient for 
2016 is exceptionally smaller compared to the other two years, suggesting that selecting 
2016 as a midpoint for dynamic analysis in this study holds significant reference value. 
The regression coefficients for the digital transformation level correlation matrix are 
0.7074, 0.6320, and 0.5506, all significant at the 1% level. This implies that the level of 
digital transformation in provinces has a significant positive impact on the GIIM spatial 
correlation network. A possible explanation is that leveraging the advantages of digital 
technology enables manufacturing enterprises to achieve strategic goals of resource 
conservation and environmental protection, fostering a positive green image at 
a higher level of green innovation (Deng et al., 2022), thereby influencing the develop-
ment level of GIIM.

6. Discussion and implication

6.1. Discussion

This research conducts a profound exploration of the spatial correlation characteristics 
and driving factors of Green Innovation Bias in China’s manufacturing sector across 
various provinces. Utilizing the decomposition of the Malmquist-Luenberger index, we 
assess the green innovation and factor substitution biases in 30 Chinese provinces from 
2012 to 2021. Additionally, we employ a refined gravity model to construct a spatial 
correlation network for input-biased green innovation in manufacturing.

Our analysis reveals a consistent enhancement in the overall of GIIM across China 
from 2012 to 2021. The eastern and central regions demonstrate superior green techno-
logical innovation compared to the western region, indicating a distinct input bias. On 
a provincial scale, a progressive equalization in GIIM is observed, driven by robust spatial 
correlations.

Social network analysis highlights the nascent stage of China’s interconnected pro-
vincial GIIM network, marked by significant disparities and fluctuating network hier-
archy and efficiency. This suggests that China’s GIIM is still evolving, with various 
influencing factors requiring management and control. Furthermore, our study identifies 

Table 10. QAP regression analysis.

Variable

2012 2016 2021

Coef Prob 1 Prob 2 Coef Prob 1 Prob 2 Coef Prob 1 Prob 2

D −0.0089*** 0.991 0.009 −0.0129** 1.000 0.000 −0.0132*** 1.000 0.000
E −0.0002*** 1.000 0.000 −3.5553** 0.987 0.014 −0.00003*** 1.000 0.000
T 0.7074*** 0.000 1.000 0.6320*** 0.000 1.000 0.5506*** 0.000 1.000
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core-edge structural characteristics in China’s GIIM spatial network, with 
a concentration in provinces like Beijing, Shanghai, Guangdong, and Jiangsu. 
Conversely, less developed provinces like Xinjiang, Ningxia, Tibet, and Hainan occupy 
peripheral positions in the network.

Our findings indicate that geographical proximity, regional variations in environ-
mental regulation, and the digital transformation of manufacturing significantly influ-
ence the spatial correlation of GIIM. These insights inform potential cross-regional 
industrial collaborative governance policies and offer empirical evidence for environ-
mental governance strategies.

Despite these contributions, our study is limited by the absence of city-level data, 
which could provide more nuanced insights into the green transformation of the 
industry. Additionally, while the study identifies directional factors affecting GIIM’s 
spatial correlation at the provincial level, it does not explore the underlying mechanisms. 
Future research should address these mechanisms in more detail. Lastly, our methodol-
ogy offers a robust approach for studying GIOM, which will be the focus of our 
subsequent research.

6.2. Implication

The progression of green innovation within the manufacturing sector is a multifaceted 
and extended process. In the context of China, the trajectory towards such innovation is 
significantly influenced by government strategic policies. Explicit and well-defined policy 
directives are imperative for the adoption of technological advancements and the trans-
formation of industrial paradigms throughout the sector. Furthermore, it is critical to 
thoroughly evaluate the distinct characteristics and challenges inherent in regional 
manufacturing landscapes.

There exists an immediate imperative to foster environmental regulatory policies that 
incentivize and practically implement digital manufacturing methodologies. Green inno-
vation in manufacturing ought to transcend the narrow focus on the development of 
energy-efficient technologies. It should encompass diverse approaches, including the 
innovation and holistic application of industrial models. Presently, digitally-enhanced 
intelligent green supply chains are pivotal in establishing a comprehensive green innova-
tion framework. Green technological innovation serves as both an essential prerequisite 
and a catalyst for regional green development strategies. Consequently, emergent para-
digms such as “green + high-end manufacturing” and “green + intelligent manufactur-
ing” are gaining traction, potentially expediting the transition towards high-caliber 
development in the manufacturing domain.

Furthermore, based on research findings, it becomes evident that the implementation 
of a GIBM regional collaborative innovation and development strategy is essential. The 
state should ensure that the GIIM index in the central and eastern regions of China 
maintains a positive trajectory. This includes leveraging the relational and spillover 
effects of structural holes to support regions with lower levels of innovation. Such 
support could manifest in forms such as talent recruitment, technical assistance, and 
a range of preferential policies. The crux of this strategy lies in enhancing innovation 
spillovers and diffusion through differentiated regulatory intensity strategies and digital 
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technology transfers, continually augmenting the green innovation synergies across the 
entire industry and supply chains. It is crucial to encourage close cooperation between 
provinces and regions, constantly improving the density of the spatial network.

Promoting the cross-regional flow of green innovation elements and harnessing the 
leading role of regions with higher GIIM levels in driving others is also vital. This can be 
achieved through project demonstrations, leading benchmark enterprises, and the pro-
motion of exemplary cases. The ultimate goal is to narrow the regional disparities, 
enhancing overall innovation capabilities and regional collaborative development 
capacities.
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