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Abstract

Enhancing green innovation performance is crucial for manufacturing enterprises to achieve
sustainable development. This paper employs the strategic tripod framework (organiza-
tion, industry, institution) using the K-means clustering algorithm to identify types of
manufacturing performed by listed companies in China’s Shanghai and Shenzhen markets
and adopts the CART decision tree algorithm to analyze influencing factors of green inno-
vation performance across different enterprise types. The study finds that manufacturing
enterprises can be divided into three types, with significant differences in influencing
factors of green innovation performance. From the perspective of internal drivers, the
improvement in green innovation performance mainly relies on organizational resource
endowments, among which R&D ability is particularly key. From the perspective of the
external institutional environment, the driving logic of mimetic pressure shows differ-
entiated characteristics between different enterprise groups and differentiated response
strategies need to be formulated accordingly. In addition, when the overall impact of
external factors is weak, the level of industrial structure still has a prominent promoting
effect on green innovation performance. Based on the data-driven perspective, this paper
identifies the influencing factors of green innovation performance of different types of
manufacturing enterprises, which is helpful to improve the green innovation performance
of manufacturing enterprises.

Keywords: green innovation performance; manufacturing listed enterprises; strategic
tripod framework; classification and regression tree algorithm; K-means clustering

1. Introduction

Since the Industrial Revolution, global manufacturing has grown significantly amid
technological iteration and globalization. Yet, this scale-driven extensive model has caused
excessive resource consumption, accumulating pollution and ecological degradation, which
has become a common challenge to global sustainability. To address this, economies have
taken varied measures to boost manufacturing green innovation: In Made in China 2025,
China clearly strengthens the supervision of green development in the manufacturing
industry, promotes enterprises to fulfill their environmental responsibilities, and facilitates
green development. The European Union defines green economic activities through the EU
taxonomy, providing unified standards to avoid greenwashing and guide capital toward
genuine green innovation projects [1]. States in the United States, on the other hand,
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leverage tax credits and renewable portfolio standards to drive green innovation and
transformation through local climate policies [2].

Scholars have conducted extensive research on the influencing factors of green in-
novation performance (GIP). At the macro-institutional level, views on how institutions
affect enterprises’ GIP differ: one holds that environmental regulations worsen corporate
pollution [3]; another argues that they effectively boost economic growth and reduce pol-
lution [4]. At the meso-industrial level, academia has not reached a consensus on how
industrial agglomeration impacts enterprises” GIP: some studies suggest that industrial
agglomeration can significantly promote GIP [5], while others emphasize a nonlinear re-
lationship between the two [6]. Additionally, some scholars point out that this influence
exhibits regional heterogeneity [7]. Furthermore, industrial structure upgrading is gener-
ally regarded as an important path to improve GIP [8]. At the micro-organizational level,
empirical studies have generally confirmed that enterprises’ capabilities play a key role
in enhancing GIP [9,10]. These studies reveal mechanisms across micro, meso, and macro
dimensions: the micro-organizational dimension is the internal foundation for corporate
green innovation, the meso-industrial dimension forms the external industrial environment,
and the macro-institutional dimension provides a constraint and incentive framework. For
manufacturing enterprises achieving high GIP involves interactions across multiple levels
of factors. It relies not only on internal organizational capabilities but also on industrial
synergies and institutional guidance. By integrating these three dimensions, the strategic
tripod framework can effectively deal with this complexity by systematically considering
these interrelated factors, thus breaking through the limitations of traditional theories
and becoming an important analytical tool in innovation management research [11], and
is gradually being applied to enterprise green innovation research [12]. However, most
studies are limited to exploring the linear or simply nonlinear impacts of organizational,
industrial, and institutional factors on GIP, with few delving into the synergistic effects
between these factors. Additionally, existing research pays insufficient attention to the
heterogeneous characteristics of enterprises, rarely addressing differences in manufacturing
enterprise types and their differentiated paths to improving GIP. Meanwhile, most studies
adopt linear econometric regression analysis methods, neglecting the complex interaction
effects between variables.

The key research questions that arise from this are as follows: (1) What types of
manufacturing enterprises are there? (2) How do organizations, industries, and institutions
affect the GIP of manufacturing enterprises under the strategic tripod framework? What are
the differences in their impacts on different types of manufacturing enterprises? (3) How to
effectively improve GIP among different types of manufacturing enterprises?

To address the aforementioned issues, this study adopts the strategic tripod theoretical
framework and employs machine learning methods to explore the heterogeneous improve-
ment pathways for GIP in manufacturing enterprises. Ultimately, it provides practical
recommendations for managers of manufacturing enterprises and policymakers.

The remainder of this paper is organized as follows: Section 2 reviews the relevant
literature. Section 3 introduces the research methods. Subsequently, Section 4 elaborates
on research ideas and measures variables. Section 5 classifies the enterprise groups and
conducts a characteristic analysis. Section 6 identifies GIP influencing factors for different
enterprise types. Finally, Section 7 summarizes the work.

2. Related Literature

To explore the influencing factors and improvement paths of the GIP of manufacturing
enterprises, this paper systematically reviews the relevant research achievements.
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2.1. GIP

The concept of green innovation was first proposed by Fussler and James [13], and
its core lies in reducing environmental impact and enhancing the commercial value of
enterprises. Unlike the traditional innovation mode, green innovation is guided by green
development and aimed at reducing the negative impact of products on the environment
in the entire life cycle. It not only meets the green demand of the market but also highlights
the environmental responsibility and business ethics of enterprises [14]. The concept of GIP
emerged precisely from the focus on the green attributes and process orientation of innova-
tion activities. This concept represents a deeper and broader reinterpretation of traditional
innovation performance, emphasizing the comprehensive benefit outcomes that enterprises
or organizations achieve through innovation investments under specific environmental and
resource constraints. GIP comprehensively reflects the coordinated development efficacy
of enterprises across economic, environmental, and social dimensions [14].

As the core driving force for promoting green innovation, enterprises need to actively
implement green development strategies and improve their GIP. However, due to the
large investment, high risk, and slow effectiveness of green innovation, enterprises often
encounter problems such as weak investment willingness and low GIP. For these prob-
lems, scholars have conducted in-depth explorations of GIP’s key influencing factors, with
research perspectives predominantly converging on external environmental factors and
internal driving forces. In the field of external environment research, scholars mainly rely
on institutional theory and market theory. According to the institutional theory, coercive
pressure, normative pressure, and mimetic pressure constitute a legitimacy constraint,
which prompts enterprises to shift from passive response to active layout in green innova-
tion [15]. Specifically, coercive pressure essentially means that the government reconstructs
the rules through legal coercion. Xu et al. [16] expressed the belief that this coercive pres-
sure is a sufficient condition for promoting GIP. Huang and Chen [17] also supported this
view, pointing out that coercive pressure affects GIP by influencing green slack. However,
Sherazi et al. [18] counter this perspective, arguing that this coercive pressure is insufficient
to influence GIP. The normative pressure relying on the constraints of social values on
organizations guides enterprises to actively incorporate environmental responsibility into
strategic decisions, which can positively affect GIP [16]. The mimetic pressure compels en-
terprises to actively imitate leading benchmark enterprises in the industry, thereby reducing
decision-making risks. Compared with coercive pressure, it can more effectively promote
green technology innovation [19]. Market theory further reveals how supply-demand
dynamics shape green innovation. On the demand side, consumer preferences drive en-
terprises to accelerate green product iteration; conversely, the supply side employs policy
instruments such as taxes and subsidies to adjust the cost-benefit structure and reshapes
the green innovation incentive framework for enterprises [20]. Turning to internal factors,
scholars predominantly apply the resource-based view, dynamic capability theory, and
knowledge-based view. According to the resource-based view, Wang et al. [9] and Wang
et al. [21] identified the resources required for green innovation and categorized these into
capital, organization, and technology. Among these, the capital dimension is represented
by financial resources, while the organizational dimension encompasses factors such as
executive capabilities, corporate size, and ownership. Regarding dynamic capabilities the-
ory, Fang and Sheng [10] empirically tested the core mediating role of knowledge dynamic
capability on the impact of policy orientation on GIP. Riaz et al. [22] further revealed the
positive moderating effect of green absorptive capability on green learning orientation
and GIP. Using the knowledge-based view, Li et al. [23] analyzed the promoting effects of
knowledge acquisition and knowledge flow on GIP. Sun [24] further verified the value of
knowledge sharing.
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2.2. The Strategic Tripod Framework

The strategic tripod framework, proposed by Peng [25], innovatively integrates the
strategic resource view [206], the strategic industrial view [27], and the institutional perspec-
tive [28]. The resource-based view holds that the unique resources within an enterprise are
the core of its long-term competitiveness. Acquiring and effectively leveraging valuable,
scarce, hard-to-imitate, and irreplaceable resources stand as the cornerstones of building
competitive advantage. The industry-based view posits that an enterprise’s performance
is shaped by its external industrial environment. To achieve superior performance, an
enterprise must either transition to a more favorable industry or strategically reposition
itself within the existing industry structure [27]. The institutional perspective, in contrast,
emphasizes the important influence of formal and informal institutions on the operation of
enterprises [28]. Based on the aforementioned integrated perspective, the strategic tripod
framework identifies three key dimensions: organization, industry, and institution. These
dimensions are not isolated entities; rather, they are interconnected and exert reciprocal
influences, collectively shaping the GIP of enterprises.

Regarding organizational factors, existing research tends to explore the impact of
organizational characteristics on the GIP of enterprises. Rothwell [29] first showed that
managers’ environmental commitment and risk awareness are crucial for companies to
engage in green innovation. Later, Jiang et al. [30] found that managers with different levels
of environmental awareness adopt different strategies to optimize GIP, which often leads
to positive outcomes. Additionally, Dangelico et al. [31] highlighted the importance of
integrating external resources to improve GIP. Jiang et al. [32] further established a strong
link between managerial skills and GIP, while highlighting that this relationship intensifies
in state-owned enterprises, those with a high proportion of institutional investors, and
those operating under conditions of stricter environmental regulations or less developed
product markets. From the perspective of industry, existing research directions focus on
the impact of industrial characteristics on GIP. Liu and Wu [33] employed dynamic panel
threshold and mediating effect models to examine how the industrial agglomeration of
tourism nonlinearly affects the green innovation efficiency of the tourism sector, with
industrial structure upgrading acting as a key mechanism. Qiu et al. [8] also found that
industrial structure upgrading has a significant positive impact on GIP. At the institutional
level, existing research tends to explore the impact of the three-dimensional pressures of
institutions on GIP. Regarding coercive pressure, some scholars argue that environmental
regulations exacerbate the pollution situation of enterprises [3], while others believe that
environmental regulations are an effective means to promote economic development and
reduce environmental pollution [27]. In the dimension of normative pressure, some studies
have shown that social norms can make up for the deficiencies in formal institutions and
play a supplementary role [34]. Under mimetic pressure, competitors’ green innovation
practices compel enterprises to pursue the same type of green innovation [35]. Latecomer
enterprises can reduce the cost of trial and error by imitating the technical experience of
pioneers [36]. However, overdependence on imitation suppresses R&D investments in
original innovation. The marginal revenue of imitating enterprises will decrease as the
number of participants increases, ultimately leading to a decline in the overall profits of the
industry [34].

The existing literature on the relationship between the strategic tripod framework and
GIP is still insufficient. Although the effectiveness of the strategic tripod framework in
traditional innovation has been partially verified [14,37], due to the unique attributes of
green innovation, its driving mechanism may not be fully explained by traditional theories
directly. Thus, it is necessary to re-examine the synergy of the three elements on GIP. In
addition, current research mostly focuses on the impact of a single dimension, and few
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scholars have attempted to explore the driving mechanism of GIP from the perspective of
the strategic tripod [12].

In summary, existing research predominantly concentrates on single-factor impacts on
GIP. Few studies explore the improvement paths of enterprises” GIP under the comprehen-
sive action of multiple factors, and little research examines the combination of conditions
such as organizations, industries, and institutions. Frequently, research adopts a broad
perspective that does not fully account for the diversity of enterprise types or the differenti-
ated characteristic combinations driving diverse teams toward GIP. In addition, regarding
research methods, most of the existing studies use linear econometric regression analysis
to explore the impact mechanism of GIP. Although this paradigm can verify the linear
relationship between variables, it has several limitations. When analyzing the interaction
effects of multi-dimensional factors, it cannot fully capture the complex interactions and
subtle differences in the data. Moreover, it is difficult for this paradigm to comprehensively
and deeply explain the combination problems among multiple conditions.

Benefiting from the rapid development of big data analysis technology, machine
learning methods can identify the types of data objects in an unsupervised scenario and
provide differentiated solutions for different object types. Therefore, this paper uses
K-means clustering to classify manufacturing enterprises. Based on the strategic tripod
framework, with multi-dimensional characteristics of organization, industry, and institution
as conditional attributes, and GIP as the decision attribute, it mines potential decision rules
for different types of groups through the classification and regression tree (CART) algorithm
to identify heterogeneous pathways for improving GIP.

3. Preliminaries

In this section, we review the relevant theoretical background, including the K-means
clustering algorithm, which is a commonly used clustering algorithm in the field of data
mining, and the CART, a predictive model with a tree-like structure.

3.1. K-Means Algorithm

The K-means clustering algorithm is a machine learning tool used for cluster analy-
sis [38]. Its basic principle is as follows: for each data point, its distance from all clustering
centers is calculated, and it is assigned to the cluster represented by the nearest clustering
center. After one iteration, the center of each cluster is recalculated, and then each data
point is reassigned to the nearest center. This process is repeated until the cluster allocation
results converge, meeting the condition of “maximizing similarity within clusters and mini-
mizing similarity between clusters” [39]. Due to the simple principle, easy implementation,
and good clustering effect of the K-means algorithm regarding algorithm characteristics,
the K-means clustering algorithm is used to group the sample enterprises in the enterprise
classification stage in this paper.

The implementation steps of this algorithm in this study are as follows: Firstly, the
optimal number of clusters is determined by the elbow method combined with the contour
coefficient. Then, k samples are randomly selected from the dataset as the initial clustering
center, the similarity between all samples and each clustering center is calculated by using
the Euclidean distance, and the samples are assigned to the closest cluster. Then, the
average value of the samples in each new cluster is calculated as the new clustering center,
and the clustering center is iteratively updated. When the allocation results of all samples
no longer change, the algorithm terminates [40].
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3.2. CART Algorithm

Decision trees are a machine learning method that can be used for classification and
regression, and common algorithms include ID3, C4.5, and CART, all of which follow
a top-down construction approach [40]. Compared with ID3 and C4.5, the CART algo-
rithm performs better in terms of processing speed, computational workload, and other
aspects [41]. In addition, the binary tree structure generated by this algorithm is hierarchical,
making the results easy to interpret. During the tree construction process, it automatically
conducts feature selection, which enables the identification of key influencing factors and
the clarification of their mechanisms of action. Moreover, it excels at capturing complex
nonlinear interactions, thus compensating for the limitations of traditional linear models
in multivariate analysis [42]. Therefore, the CART algorithm has been widely applied in
recent years [39,40,42]. In fact, the algorithm mainly involves two processes: tree generation
and pruning [40]. The tree is generated using a recursive dichotomy: starting from the root
node, the Gini index of all features is calculated, the feature with the smallest Gini index is
selected to segment, and the left and right subnodes are generated. Then, the above process
is repeated for each subnode until the stop conditions are met. Pruning aims to solve the
problem of overfitting the initial tree and is divided into pre-pruning and post-pruning:
pre-pruning stops splitting by setting parameters such as the minimum number of samples,
information gain threshold, and maximum tree depth. Post-pruning is generally based on
support and confidence, starting from the lowest non-leaf node to remove the branches
that contribute less to the performance of the model.

Regarding the above advantages of the CART algorithm, this paper adopts it in the
impact mechanism analysis stage to explore the potential decision-making rules of different
types of manufacturing enterprise groups.

4. Research Framework and Variable Selection
4.1. Research Framework

Based on the strategic tripod framework, this paper uses machine learning algorithms
to analyze the impacts of three-dimensional characteristic variables of organizations, indus-
tries, and institutions on the GIP of manufacturing enterprises. As shown in Figure 1, the
research framework of this paper mainly includes the following three aspects: (1) feature
selection of manufacturing enterprises (relevant data of listed manufacturing enterprises
are obtained from multiple-source databases, and the three-dimensional characteristic
variables of organizations, industries, and institutions are selected and measured based on
the strategic tripod framework); (2) group division of manufacturing enterprises (following
variable selection and measurement, correlation and collinearity analyses are conducted to
ensure variable quality and independence. Subsequently, the K-means algorithm classifies
enterprises into clusters, providing a basis for differentiated analysis); (3) analysis of the in-
fluencing factors of the manufacturing enterprises” GIP. Based on the clustering results, the
study further focused on the influencing factors of GIP. The organizational, industrial, and
institutional variables were set as conditional attributes, and GIP was taken as the decision
attribute. The CART algorithm was then used to mine the potential decision-making rules,
aiming to deeply analyze the nonlinear relationship between the variables and the GIP in
different enterprise groups.
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Figure 1. Research framework.

4.2. Variable Selection
4.2.1. Dependent Variable—GIP

The measurement of enterprises” GIP is generally carried out from two dimensions:
input and output. However, due to significant challenges in acquiring input data and the
intricate interdependencies between input and output, existing studies have gradually
leaned toward an output-oriented approach to GIP measurement. Among output-oriented
indicators, green patent data is widely recognized in academia for its ability to quantify
both the scale and quality of green innovation [43]. Additionally, studies have noted that
compared with authorized patents, the number of patent applications offers higher stability,
reliability, and timeliness [44]. Building on these research consensuses, this paper, with
reference to existing practices [45,46], uses the proportion of the number of green patent
applications in the current period to the total number of patent applications in the current
period as a measure of GIP.

4.2.2. Independent Variables—Strategic Tripod Framework

To scientifically identify the impacts of organization, industry, and institution on the
GIP of manufacturing enterprises, this paper conducts subsequent analyses based on seven
characteristic variables in organizational factors (R&D ability and financial ability), indus-
trial factors (industrial agglomeration and industrial structure upgrading), and institutional
factors (coercive pressure, normative pressure, and mimetic pressure). The following is a
detailed introduction to these characteristic variables:

(1) The organizational level

The organizational level mainly includes two indicators: R&D ability and financial
ability, which are as follows:

R&D ability is a basic element of technological innovation ability. Drawing on the
research of Zhang and Zuo [47], this paper takes the natural logarithm of the actual R&D
investment amount of manufacturing enterprises in China as the measurement index.

Financial ability can reflect the technological innovation ability of enterprises from
an economic perspective. Referring to the measurement method of He et al. [48], this
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paper selects 11 representative financial indicators as research objects from four dimensions:
debt-paying ability, profitability, operating ability, and development ability. It uses factor
analysis to construct a relatively comprehensive evaluation system for financial ability,
using the comprehensive score of the company as a measurement index of financial ability.
The detailed financial indicators are presented in Table 1.

Table 1. Financial indicators.

Primary-Level Indicator Secondary-Level Indicator Calculation Formula
Current ratio Current assets/current liabilities
Debt-paying ability Quick ratio (Current assets—inventory)/current liabilities
Equity-to-liability ratio Owner’s equity /liabilities

(Gross profit + finance expenses)/[(closing balance

Return on asset: .
¢ on assets of total assets + opening balance of total assets)/2]

Net profit/[(closing balance of total assets + opening

Profitability Net profit margin on total assets balance of total assets), 2]
Net operating margin Net profit/operating income
Earnings per share Net profit/total shares
Total asset turnover Operating income /[(total assets closing balance +
total assets opening balance)/2]
Operating ability
Operating income/[(closing balance of current assets
Turnover of current assets .
+ beginning balance of current assets)/2]
(Total assets at the end of the current period—total
Growth rate of total assets assets at the end of the previous period)/total assets
at the end of the previous period
Development ability

(Operating profit for the current period-operating
Growth rate of operating profit profit for the previous period)/operating profit for
the previous period

(2) The industrial level

The industrial level mainly includes two indicators: industrial agglomeration and
industrial structure upgrading. The details are as follows:

Drawing on the approach of Bergman and Feser [49], the degree of industrial agglom-
eration is measured by the ratio of a region’s manufacturing employment share to its total
employment share in the national context.

Industrial structure upgrading refers to the process or trend in which the industrial
structure continuously transforms from a low-level form to a high-level form. Referring to
the measurement methods of scholars such as Shi and Zhao [50], the ratio of the output
value of high-end technology industries to that of mid-end technology industries in the
manufacturing sector is selected to represent the degree of industrial structure upgrading
in the manufacturing industry.

(3) The institutional level

The institutional level mainly includes three indicators of coercive pressure, normative
pressure, and mimetic pressure [51], which are as follows:

Coercive pressure mainly refers to the government’s administrative instructions, con-
straint requirements, or laws and regulations of the force. The governance cost per thousand
CNY of industrial output can better reflect the intensity of environmental regulation faced
by enterprises.

Normative pressure reflects values and codes of conduct to a greater degree, mainly
restricting the behaviors of enterprises through moral domination [51]. Among the moral
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norms of various social groups, public opinion pressure from the news media has a signifi-
cant impact. Therefore, following the method of Jiang et al. [30], the total number of news
reports on an enterprise in the current year is selected to measure the normative pressure.
Mimetic pressure drives enterprises to imitate other enterprises in the same industry.
Therefore, we measure the mimetic pressure by the industry average of the environmental
information disclosure index [52].
Based on the above content, the variable information shown in Table 2 can be obtained.

Table 2. Information about variables.

Variable Type

Variable

Layers Variable Names Measurement

Abbreviations

Result variable

Number of green innovation patent

Green innovation GIP applications as a percentage of total

performance innovation patent applications
R&D ability RDA Amount of R&D investment
Organization . . . Comprehensive evaluation index system
i Financial ability FA of fin}e)mcial abilit g
y
Industrial IA The ratio of manufacturing population to
. agglomeration employment in each region
Conditional Industry Industrial structure The ratio of output value of high-end
variable uperadin ISU technology industries to that of mid-range
P& & technology industries
Coercive pressure cP Pollution control cost per thousand CNY
o P of industrial output value
Institution Normative pressure NP Total company news coverage for the year
Mimetic pressure MP Industry averages for

environmental disclosures

5. Classification and Characteristic Analysis
5.1. Data Source and Processing

China has many manufacturing enterprises, with green patent applications ranking
first globally for years. Its rich data and diverse innovation activities can fully reflect
the dynamic green innovation changes across enterprise types. Therefore, this study
selects A-share listed manufacturing enterprises on China’s Shanghai and Shenzhen Stock
Exchanges as samples. Considering data availability, variable data from 2013 to 2022 are
used in this paper. Notably, because industrial structure upgrading data have not been
updated and there is a lack of suitable alternatives, this indicator only covers 2010-2019.
However, this does not significantly affect the study, as it uses ten-year averages for all
indicators. This approach smooths short-term fluctuations, focusing more on variables’
long-term trends. To ensure the validity and reliability of the sample, the data are screened
according to the following conditions: Enterprises with zero green patent applications from
2013 to 2022 or those with missing key variables are excluded. In addition, enterprises
marked as ST, *ST, and those with abnormal operations are excluded. Finally, a final sample
of 1408 enterprises is obtained.

The sample data comes from multiple sources: GIP and mimetic pressure data are
from CNRDS, coercive and normative pressure data are from the China Statistical Yearbook,
industrial agglomeration data are from the China Population and Employment Statistics
Yearbook, and the remaining variables are from CSMAR.

5.2. Division of Manufacturing Enterprises

The Pearson correlation analysis results between variables (Figure 2) show that no
significant high correlation exists between the seven initial variables and GIP. This indi-
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cates that GIP is not determined by a single factor but is the result of multiple factors.
Consequently, an in-depth analysis of GIP’s influencing factors is required.

Variable Correlation

-0.074 -0.043 -0.13
-0.11  -0.09 -0.018 oe
RDA ! : ) -0.08 0.015 -0.2

0.072 0.086 -0.17

CP 0.015 0.15 0.042 0.0096
IA- -0.074 -0.11 -0.08 0.072
ISU- -0.043 -0.09 0.015 0.086

GIP- -0.13 -0.018 -0.2 -0.17 0.074 -0.077

NP MP RDA FA cpP 1A ISU

Figure 2. Results of Pearson correlation analysis between variables.

In addition, the collinearity analysis results revealed that the variance inflation factor
(VIF) for normative pressure was 7.4, exceeding the threshold of 5.0. This indicates that there
is a high degree of linear correlation between normative pressure and the other independent
variables, suggesting a high level of collinearity. To ensure the validity and reliability of the
conclusion, this paper will exclude this variable and select six conditional variables, namely,
R&D ability, financial ability, industrial agglomeration, industrial structure upgrading,
coercive pressure, and mimetic pressure, to carry out subsequent research.

Given that the K-means clustering algorithm can quickly and accurately identify target
objects with similar characteristics, this paper employs the K-means clustering algorithm
to classify them. The analysis first employed the elbow method, which identified the
optimal number of clusters as three (as shown in Figure 3) [39]. Subsequently, the K-means
clustering algorithm classified 1408 listed manufacturing enterprises into three distinct
enterprise groups based on their trait similarities.

To test the clustering effect, we further calculated the Silhouette coefficient and
Calinski-Harabasz index. As shown in Figure 4, when there are three clusters, both Sil-
houette coefficient and Calinski-Harabasz index are largest. Although the prior is a little
low (0.223), but the latter is higher (422.900). That is, the clustering results exhibit good
intra-cluster compactness and inter-cluster separability. Overall, the clustering results have
a certain degree of robustness. The subsequent sections delineate the nomenclature and
characteristic analyses for each enterprise group.
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Figure 3. Number of enterprise clusters.
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Figure 4. Plots of Silhouette coefficient and Calinski-Harabasz index. (a) Silhouette coefficient
(b) Calinski-Harabasz index.
5.3. Characteristics Analysis of Manufacturing Enterprises
Through relevant calculations, the characteristic information (Table 3) can ultimately
be obtained.
Table 3. Characteristic information of manufacturing enterprises by type.
Characteristic Variable
GIP (%
Cluster Number MP CP RDA A "™ ISU (%)
. H: 40.8
Industry-driven 449 0.357 0.226 0.483 0.469 0.712 0.862 L:592
e . H: 454
Capability-driven 487 0.771 0.613 0.724 0.795 0.336 0.438 L: 54.6
. H: 44.3
Challenge-oriented 472 0.338 0.645 0.417 0.233 0.237 0.321 L:55.7

(1) According to the feature differences, the first enterprise group is named the
“industry-driven” enterprise group. The main reasons for naming it as such are as follows:
Comparatively, the average levels of coercive pressure, R&D ability, and financial ability
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in this enterprise group are relatively low, while the degrees of industrial agglomeration
and industrial structure upgrading are relatively high. This implies that these enterprises
encounter certain resource or capability limitations, rendering it difficult to effectively
convert and implement green innovation accomplishments. Nevertheless, they are vig-
orously propelling the enhancement of their GIP by virtue of the impacts of industrial
agglomeration and industrial structure upgrading.

Table 3 shows that enterprises with high GIP account for 59.2%. This indicates
that these enterprises have successfully obtained more green innovation resources and
opportunities through the industrial agglomeration effect and the upgrading of the
industrial structure.

(2) In the second enterprise group, the average levels of coercive pressure, industrial
agglomeration, and industrial structure upgrading are not high; thus, these enterprises face
certain challenges regarding external environmental regulation and industrial structure
upgrading. However, their mimetic pressure, R&D ability, and financial ability are relatively
high. That is, in a highly competitive market environment, enterprises of this type can
continuously innovate by relying on their resource endowments, draw inspiration from
the same industry, and moderately imitate and learn to enhance their competitiveness.
Therefore, this enterprise group is named the “capability-driven” enterprise group.

In the situation of scarce external resources, 45.4% of the enterprises have achieved
high GIP by relying on their endogenous growth momentum, which highlights the value of
internal resources. However, this proportion also reveals the bottleneck of relying solely on
internal resources to drive green innovation. To break through this limitation, it is urgent
to strengthen strategic cooperation between enterprises and efficiently integrate and utilize
external resources.

(3) The reasons for naming the third enterprise group as the “challenge-oriented” en-
terprise group are as follows: The average levels of R&D ability, financial ability, industrial
agglomeration, and industrial structure upgrading in this enterprise group are relatively
low, and it faces the dual challenges of insufficient internal capability and lack of external
support. The level of coercive pressure is high, and the relevant regulatory agencies are
strict within the industries to which such enterprises belong.

This kind of enterprise encompasses 472 companies, among which only 4.3% have
achieved high-level GIP. This further indicates that this type of enterprise faces certain
challenges in green innovation.

In addition, Figure 5 shows that from 2013 to 2015, the “industry-driven” group
led in GIP, followed by the “challenge-oriented” and “capability-driven” groups. From
2015 onward, however, “challenge-oriented” group overtook and maintained leadership,
with “industry-driven” group slipping to second and “capability-driven” group generally
remaining third—despite occasional minor ranking shifts, the overall pattern held. The
“industry-driven” group saw fluctuating declines in GIP. Given its weak R&D abilities and
financial abilities, reliance on industrial environment advantages alone, without strong in-
ternal support, hindered long-term green innovation sustainability. In contrast, “capability-
driven” group maintained stable, medium-low GIP with small fluctuations. While sufficient
R&D investment and capital reserves provided a foundation, dual constraints from high co-
ercive pressures and mimetic pressures, plus limited industrial conditions. The “challenge-
oriented” group sustained medium-high GIP. High-intensity regulatory pressure offset
weaknesses in enterprise capabilities and industry support, prompting gradual focus on
key innovations and optimized resource allocation during passive adaptation—ultimately
enabling late-stage overtaking and stable leadership.
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Figure 5. Dynamic evolution of GIP.

6. Analysis of Influencing Factors on GIP

To further explore the influence of characteristics of manufacturing enterprises on GIP,
six characteristic variables were selected as conditional attributes, and GIP is selected as
the decision-making attribute. The CART algorithm is applied to three different types of
manufacturing enterprises to obtain the final decision rules.

From the perspective of the overall decision-making rules shown in Table 4, (1) in the
three different types of enterprise groups, different combinations of R&D ability, financial
ability, industrial agglomeration, industrial structure upgrading, coercive pressure, and
mimetic pressure have significantly different impacts on the GIP of each enterprise group.
To a certain extent, this confirms the necessity of dividing enterprises into different groups
and discussing their decision-making rules separately. (2) R&D ability affects enterprises
in each group and is a key factor influencing GIP. Coercive pressure and industrial ag-
glomeration do not play a role in each rule, indicating that their influencing effects are
weakened by other characteristics. (3) The average confidence level of all decision-making
rules reaches 73.1%, more than half of the rules have a confidence level of over 75%, and the
highest confidence level reaches 100%. This fully demonstrates that the decision-making
rules for the GIP of manufacturing enterprises obtained from the CART algorithm have
high interpretability.

Table 4. Decision rules for GIP of manufacturing enterprises.

Cluster

RDA

Sup Con

(%) @)  CIF

FA IA ISU cp MP

Industry-
driven

<0.767
<0.767
<0.767
>0.767
>(0.767
>(0.767

- - - - <0.856 65.9 57.4
- - - - (0.856, 0.972] 6.7 80.0
- - - - >(0.972 3.8 529
<0.201 - - - - 42 57.9
>(0.201 - - <0.997 19.2 81.4
>(0.201 - - - >(0.997 0.2 100

T I
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Table 4. Cont.
Sup Con
Cluster RDA FA IA ISU CcP MP A . GIP
(%) (%)
<0.146 - - - - <0.423 0.2 100 L
<0.146 - - - - (0.423,0.521] 1.0 80 H
Capability- <0.146 - - - - >0.521 2.7 100 H
driven >0.146 - - <0.395 - - 46.6 50.2 H
>0.146 - - (0.395, 1.0] - - 437 65.7 L
>0.146 - - >1.0 - - 5.7 60.7 H
<0.098 - - - - - 55 80.8 H
Chall (0.098, 0.111] - - - - - 2.8 76.9 L
a er‘%e' (0.111, 0.291] - - - - - 33.7 55.3 H
oriente >0.291 . - <0.718 - - 53.8 67.7 L
>0.291 - - >0.718 - - 42 75.0 H

6.1. “Industry-Driven” Enterprises Cluster

For “industry-driven” enterprises, GIP is collectively influenced by R&D ability, finan-
cial ability, and mimetic pressure, with outcomes varying across their specific configurations.
Figure 6 shows that the left branch of the industry-driven decision tree is structured around
R&D ability and mimetic pressure. Under low R&D ability and mimetic pressure con-
ditions, despite high industrial agglomeration and industrial structure upgrading levels,
“industry-driven” enterprises’ green innovation capacity remains limited due to weak exter-
nal impetus. However, as mimetic pressure increases to a medium level, the characteristics
of “industry-driven” enterprises begin to give play to the advantages of industrial agglom-
eration: Through upstream and downstream collaboration, they can quickly respond to the
demand for green innovation and improve performance in the short term. When mimetic
pressure surpasses enterprise tolerance thresholds, R&D ability deficiencies emerge as
critical barriers. Resource constraints, time pressures, and technological gaps collectively
drive GIP decline. The right branch integrates three nodes: R&D ability, financial ability,
and mimetic pressure. When an enterprise has strong R&D ability but weak financial
resources, its GIP is mediocre. By improving financial ability and mimetic pressure, al-
though the performance is still at a low level, there is already potential for growth. If
the mimetic pressure is further increased to a high level, its advantages of high industrial
agglomeration and industrial structure upgrading can be fully activated, transforming
the pressure into momentum. Strong R&D ability will support the accumulation of core
technologies, reducing passive dependence on external pressure and push GIP increase.
This result is also consistent with the research of Jiang [53].

In the “industry-driven” enterprise cluster, for enterprises with weaker R&D ability,
mimetic pressure can effectively stimulate innovation vitality in an appropriate range.
However, once mimetic pressure exceeds the reasonable range, that is, mimetic pressure
is too large or too small, it will cause excessive anxiety or slack, thereby hindering GIP
improvement. Under high mimetic pressure, enterprises should avoid blind imitation,
maintain independent thinking, strengthen cross-boundary collaboration, deepen internal
and external information exchange, and formulate green innovation strategies aligned with
their positioning. Under low mimetic pressure, enterprises tend to be slow in adapting to
external changes, making them more prone to innovation inertia. Therefore, they should
actively build a sense of crisis and transmit the urgency of innovation through multiple
channels to stimulate employees’ innovation consciousness. For enterprises with strong
R&D ability, the lack of initial financial ability may become an obstacle to improvement
in GIP. The primary strategy they should adopt is to strengthen financial ability and
provide solid support for green innovation activities. However, with improvement in their
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financial ability to an industry-leading level, they should be vigilant against complacency
weakening their innovation power, establish crisis awareness, and continue to promote
green innovation.

RDA < 0.767
Gini = 0.483
Samples = 449
Value = [266, 183]
Class = Low

MP < 0.856 FA <0.201
Gini = 0.497 Gini = 0.36
Samples = 343 Samples = 106
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Class = Low Class = Low

—
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Class = Low Class = High Gheo-law Class = Low
Gini = 0.32 Gini = 0.498 Gini = 0.303
Samples = 30 Samples = 17 Samples = 86
Value = [6, 24] Value = [9, 8] Value = [70, 16]
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Figure 6. Decision tree for “industry-driven” enterprise cluster.

6.2. “Capability-Driven” Enterprises Cluster

“Capability-driven” manufacturing enterprises” GIP is primarily shaped by R&D
ability, industrial structure upgrading, and mimetic pressure. Figure 7 shows that the left
branch of the decision tree shows that low R&D ability and mimetic pressure correlate
with low GIP. Once the mimetic pressure crosses the critical threshold, existing capacity
reserves and knowledge integration efficiency convert pressure into momentum, leading to
a stepped rise in high-GIP enterprises [53]. The right branch centers on R&D ability and
interactions that upgrade industrial structure upgrading. During early-stage industrial
structure upgrading, despite strong R&D ability and financial ability, “capability-driven”
enterprises exhibit a bimodal GIP distribution: Some enterprises, relying on their strong
independent R&D ability and financial resources, break through the development limita-
tions in the early stage of industrial structure upgrading and successfully promote GIP,
while others struggle with over-reliance on internal R&D, hampering commercialization
and overall performance. As industrial structure upgrading progresses to the intermediate
stage, enterprises generally push forward with transformation and upgrading. In this pro-
cess, “capability-driven” enterprises must keep up with the pace of industrial upgrading.
If they fail to use new means, such as digital technology, in a timely manner to keep up
with the rhythm of industrial upgrading, their products may become out of touch with the
needs of the times. However, when industrial structure upgrading reaches a higher level,
the focus of competition between enterprises has shifted to a comprehensive competition
of high quality, high efficiency, and high environmental protection standards. The techno-
logical pattern and market environment of the industry have undergone changes. Through
the previous technological accumulation and R&D investment, a sound green innovation
system and market mechanism have been established, which can lay a solid foundation for
the continuous growth of green patent output and help enterprises achieve high GIP.
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Figure 7. Decision tree for “capability-driven” enterprise cluster.

In the “capability-driven” enterprise cluster, for enterprises with weaker R&D ability,
enhancing mimetic pressure perception is critical. Establishing mechanisms to capture
such signals can drive recognition of external competition, shifting from passive response
to proactive exploration and stimulating endogenous green innovation motivation. For
enterprises with strong R&D ability and high GIP but in early industrial upgrading stages,
vigilance and alignment with upgrading pace are essential. As upgrading progresses, most
enterprises will experience mid-term performance decline. Enterprises need to have a
clear understanding of this trend and pay close attention to the changes in market demand
and the trends in the technological frontier. Additionally, enterprises should adjust their
R&D direction and resource allocation according to the upgrading of their industrial
structure. This alignment ensures consistency between green innovation outcomes and
market demand.

6.3. “Challenge-Oriented” Enterprises Cluster

Enterprises in the “challenge-oriented” cluster are mainly influenced by R&D ability
and industrial structure upgrading. Figure 8 shows that the left side of the decision tree
of this group of enterprises contains only one leaf node, which is R&D ability. When
R&D ability is low, enterprises tend to focus their limited resources on short-term effective
green improvements rather than long-term technological breakthroughs, aiming to meet
baseline performance standards. When enterprises begin to increase R&D investment,
resource dispersion toward technological accumulation and capacity building increases
short-term operational costs, while untransformed technical achievements lead to tempo-
rary performance declines. When R&D ability accumulates to a certain level, technological
advantages can promote GIP to rise steadily, which also confirms Liu et al.’s [54] research
on the U-shaped relationship between R&D ability and GIP. The right branch of the decision
tree incorporates both R&D ability and industrial structure upgrading. For enterprises
with strong R&D ability, the level of industrial structure upgrading becomes a key factor
restricting GIP. Although the weak financial ability and the lack of mimetic pressure place
enterprises in a dilemma of a vague innovation direction, industrial structure upgrading
provides enterprises with a clear path for technological breakthroughs through “hard
constraints” such as carbon emission caps and “incentive signals” such as subsidy policies.
With their own strong R&D ability, these enterprises can achieve “precise innovation” and
directly meet the core technological requirements for upgrading.
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Figure 8. Decision tree for “challenge-oriented” enterprise cluster.

For “challenge-oriented” enterprises that currently have weak R&D ability but show
high GIP, they should not be complacent about the current situation and need to realize
that continuous improvement in R&D ability is the key to maintaining their competitive
advantage. Enterprises should lock in the subdivisions with high demand potential and
prioritize R&D-driven technological innovation as their strategic thrust in order to promote
their odds of achieving a high level of GIP. For “challenge-oriented” enterprises with strong
R&D ability, considering their shortcomings in financial ability, industrial agglomeration
level, and mimetic pressure, only by capturing signals such as the government’s hard con-
straints and subsidy incentives, then clarifying the direction of technological breakthroughs,
and closely following the changes in market demand brought about by industrial structure
upgrading can they effectively improve GIP.

7. Conclusions and Discussion
7.1. Research Conclusions

Based on the strategic tripod framework, this paper employs K-means clustering and
CART algorithms to identify paths for different types of manufacturing enterprises to
improve GIP. The specific research conclusions are as follows:

(1) Among the A-share manufacturing listed enterprises in the Shanghai and Shenzhen
Stock Exchanges, there exist three distinct types: “industry-driven”, “capability-driven”,
and “challenge-oriented”. The characteristics of different types of enterprises show sig-
nificant heterogeneity. “Industry-driven” enterprises are characterized by high industrial
agglomeration and industrial structure upgrading, with GIP constrained by the dynamic
interplay between R&D ability and mimetic pressure. “Capability-driven” enterprises
demonstrate elevated organizational competencies under high-pressure environments.
The improvement in their GIP is driven by the heterogeneity in R&D ability, presenting a
dual-path pattern. In contrast, “challenge-oriented” enterprises face structural constraints:
deficient R&D ability, financial ability, and industrial agglomeration. Their GIP exhibits a
U-shaped relationship with R&D investment, where high coercive pressure interacts with
incremental industrial upgrading to compound innovation challenges.

(2) Internal organizational abilities serve as the core driving force behind enterprises’
GIP. Among them, R&D ability has become a key factor for various enterprise groups to
enhance GIP due to its universality, a finding which is also consistent with the research
of Alkaraan et al. [55]. Through sustained technological accumulation and R&D invest-
ments, R&D ability can promote green innovation, which is applicable to different types
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of manufacturing enterprises. In contrast, the driving logic of mimetic pressure on GIP is
differentiated: For enterprises with certain resources, the impact of mimetic pressure on
GIP demonstrates an inverted U-shape, while for enterprises lacking resources, such as
“challenge-oriented” enterprises, mimetic pressure exerts a positive influence on GIP. While
external environmental factors exhibit limited direct influence, industrial structure maturity
exerts disproportionate effects: underdeveloped industrial structures impose severe GIP
constraints, whereas advanced structures enable innovation synergies.

7.2. Theoretical Contributions

The main contributions of this paper are as follows:

(1) Existing studies have explored the impact of organizational [9], industrial [33],
and institutional [27] dimensions variables on GIP, but have not addressed what the key
influencing factors of GIP are under the synergy of multiple dimensions. This study
integrates the three dimensions to identify such factors, echoing Zhang et al. [56] that
“enhancing GIP requires anchoring key factors” and supplementing research on “multi-
dimensional collaborative identification”, thus providing theoretical support for enterprises
and governments in precise regulation.

(2) Traditional econometric regression has limitations in handling the interaction mech-
anisms between variables [10,16]. Although existing studies have recognized this defect
and attempted to make breakthroughs, relevant explorations remain relatively scattered.
This study identifies multi-factor interaction effects through machine learning algorithms,
offering a new attempt to alleviate the aforementioned methodological limitations. This
approach is highly consistent with the view proposed by Wan et al. [42] that “machine
learning can break through traditional analytical frameworks and accurately sort out com-
plex interactive relationships among multiple factors”, thus expanding the application
scenarios of this method in the research field of GIP.

(3) Previous studies often neglected firm heterogeneity [14,18], failing to reflect dif-
ferences in GIP drivers across firms. This study uses the K-means algorithm to categorize
manufacturing enterprises, addressing the flaw of previous “one-size-fits-all” research.
It aligns with the view of Li et al. [46] that “the influence mechanism of corporate green
innovation performance should be analyzed from a firm classification perspective” and
enriches the methods and content of classification research.

7.3. Managerial Implications

The relevant research conclusions bring valuable management implications for how
to promote manufacturing enterprises to achieve high-level GIP.

7.3.1. Enterprise Side

(1) When adapting to the green innovation market, enterprises should combine R&D
investment with financial security. In the early R&D stage, green core technology directions
should be clarified, special R&D funds linked to annual operating budgets should be delin-
eated to secure stable sources, a dedicated R&D team should be set up to formulate phased
technical attack points, and the financial department should allocate funds in installments,
according to progress, to avoid idleness or shortage. In the middle stage of R&D, long-term
technology reserves should be distinguished from short-term commercialization projects,
and resource allocation ratios should be flexibly adjusted via regular potential value evalu-
ations to balance long-term investment and short-term benefits. In the mature stage, special
promotion funds should be planned from operating profits for market research, expansion
should be channeled, and the production process of green products should be adapted to
turn technological achievements into actual benefits, realizing synergistic improvement in
environmental and economic value.
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(2) In the early commercialization of green innovation achievements, enterprises
should view mimetic pressure dialectically. If green products receive poor market feed-
back while peer products sell well, mimetic pressure may lead to abandoning original
result optimization to imitate best-sellers, wasting early investment and missing niche
growth opportunities. Countermeasures include transforming pressure into innovation
drivers: pressure signals should be conveyed through meetings, and a pressure perception
mechanism should be set up where designated departments collect information and form
weekly briefings to shift from passive response to active exploration. In addition, a special
innovation reward fund with clear standards should be established, providing proportional
bonuses to teams that propose original green innovation ideas and successfully transform
them based on achievement market value.

(3) When expanding into new fields, enterprises must measure if the target industry is
in a critical stage of high-level industrial structure upgrading. If not, they should proceed
cautiously, as medium-level structures rarely support high GIP, increasing investment
return uncertainty. For enterprises that have entered industries at the medium development
stage, on one hand, they should terminate incremental investment in this field, shrink
existing resources in an orderly manner, and avoid continuous waste of resources; on
the other hand, they can shift to high-value industries with green innovation potential.
This involves selecting fields in line with the trend of industrial structure upgrading,
formulating entry strategies based on their existing resources, or promoting the integration
of accumulated green innovation achievements with scenario needs in other industries.

7.3.2. Government Side

(1) The government should establish a hierarchical mechanism for green innovation
R&D subsidies: For enterprises with clear core technology directions included in key
support catalogs, they must provide subsidies based on a certain proportion of actual
R&D investment. They should appropriately increase the subsidy ratio in the initial R&D
stage to ease start-up pressure and collaborate with financial institutions to set up special
credit channels for green innovation; for enterprises advancing R&D as scheduled with
remarkable results, they must coordinate preferential interest rates and extended repayment
periods to ensure capital chain stability.

(2) The government should build an industry-wide information sharing platform
for green technology achievement transformation, integrating market feedback, peer in-
novation trends, and policy interpretations. It must regularly release industry analysis
reports to help enterprises accurately identify competitive patterns and reduce blind im-
itation caused by information asymmetry. Meanwhile, the government should establish
demonstration projects for green innovation achievements, including providing special
promotion funds for highly original, market-potential achievements to enhance market
recognition through government endorsement, setting up rapid protection channels for
green technology infringement, and strengthening crackdowns on malicious infringements
to protect enterprises’ enthusiasm for independent R&D.

(3) Relevant departments and professional institutions are advised to conduct regular
evaluations to identify industries lagging in upgrading and clarify policy targets. Prefer-
ential land prices and infrastructure subsidies may be used to attract industry peers and
upstream supporting enterprises with a view to reducing costs via resource sharing, solving
common problems through technical exchanges, and building collaborative platforms for
industrial upgrading. Access and quality standards should be dynamically updated to force
and guide transformation toward standardization, efficiency, and greenization, thereby
boosting overall industrial levels.
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7.4. Innovations and Limitations

The innovation of this paper lies in the following aspects: (1) Based on the strategic
tripod framework, this study systematically integrates multi-dimensional factors such
as R&D ability, financial ability, and industrial agglomeration. It not only reveals the
synergistic interactions among framework factors to avoid countermeasure deviations
due to ignoring inter-variable effects but also innovatively expands the framework from
traditional strategic formulation to GIP influencing mechanisms, offering an exploratory
approach to multi-factor synergies. (2) Breaking through the traditional “dichotomy”
research paradigm, this study introduces big data analysis technologies such as clustering
and classification into the research on GIP of manufacturing enterprises, systematically
revealing the complex nonlinear relationships between organizational, industrial, and
institutional factors and GIP. This provides a data-driven research paradigm innovation for
breaking the “one-size-fits-all” analysis model.

However, this paper still has two shortcomings: First, despite reasonable and inno-
vative use of machine learning methods here, such approaches focus on data description
and correlation exploration and are unable to fully validate authentic causal associations
between variables. Future studies will incorporate structural models to enhance causal
analysis. Second, GIP is currently gauged by the proportion of green patent applications.
While this indicator reflects basic input-output dynamics, it insufficiently portrays qual-
ity of green innovation. Subsequent work will study indicators, such as patent citation
frequencies, to achieve systematic evaluation.
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